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Abstract

The aim of this research was to investigate what factors affect senior secondary school
students’ attitudes towards mathematics, intentions to continue studying mathematics
and mathematical literacy. In particular, this research was primarily interested in what
happens “inside the classroom” and what effects this can have on students. The research
was focused on the behaviours and practices of mathematics teachers and students in the
classroom - how they teach, learn and interact.

The research involved Year 10 and Year 11 students in mathematics classes from a range
of schools across Adelaide, South Australia. This group was the focus of the research
because they are nearing the end of their compulsory mathematics education, making
substantive decisions about their future education and considering pathways to further
study and careers. This is can be crucial turning point for many students, so we must
understand what influences them.

In Australia and internationally, there are persistent and wide-spread concerns about
students’ engagement in mathematics at all levels of education. These concerns are
often prompted by declining rates of enrolment in mathematics, particularly at the senior
secondary school level where advanced mathematics subjects are part of an important
pathway into further education. This research is a response to those concerns and an
attempt to find out in which areas we can improve mathematics education to engage and
retain more students.

However, the study of mathematics is not just for those with plans to become mathe-
maticians or engineers. There is a growing need for mathematical literacy throughout
society, so that we are prepared to engage in critical thought and debates and interact
with an increasingly technological world. This research has been borne out of a personal
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appreciation of mathematics and a desire to spread this appreciation more widely.

The primary data collection tools for this research were participant observation of math-
ematics classes, a survey questionnaire and a mathematics test. The participant obser-
vation was used to investigate classroom behaviours and practices to inform the devel-
opment of the survey. The survey and the test were used together to measure students’
attitude towards mathematics, their intentions to continue studying mathematics, how
often they and their teachers did certain things in their classes and their mathematical
literacy.

A combination of analysis of variance, logistic regression and hierarchical linear mod-
elling techniques were used to investigate what factors significantly affected attitudes
towards mathematics, future intentions and mathematical literacy. In particular, logistic
regressions and hierarchical linear models were used to develop models that sought to
explain the variance in students’ attitude, intentions and literacy.

For mathematical literacy, the analysis indicates that some of the most important factors
were country of birth, educational expectations, parental education, attitudes towards
mathematics, the use of technology in the classroom and being assigned mathematics
projects. This indicates that factors both “inside” (e.g. teachers’ use of technology) and
“outside” the class (e.g. students’ background) are important to students’ mathematical
literacy.

For attitudes towards mathematics, the analysis indicates that some of the most im-
portant factors were sex, language spoken at home, educational expectations, teach-
ers, roaming the class, doing work from the textbook with and without other students.
This again points to the importance of what happens inside and outside of the class-
room.

For intentions to study mathematics, the analysis indicates that some of the most impor-
tant factors were the perceived value of mathematics, attitudes towards mathematics,
university entrance and prerequisites, interest in mathematics and the advice of teach-
ers. These results highlight the importance of student attitudes towards mathematics
and its general perception as a useful and necessary subject.

One of the most significant conclusions from this research is the importance of what
happens inside and outside the classroom.
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Students bring with them to their mathematics classes a lot more than a pencil case,
textbook and exercise book. Students bring with them certain values, beliefs and per-
ceptions about mathematics that they have learned and digested outside the classroom
(and in previous classrooms) that affect their engagement with mathematics.

At the same time, what happens inside the classroom can and does make a difference
to students and their engagement with mathematics. Above all, this research points to
the fact that any interventions or initiatives should not ignore what happens inside the
classroom nor what happens outside the classroom. Both aspects, and their complex
and changing interactions, must be considered.

The results and process of this research suggests many avenues for future investigation
and study. Future analyses should consider the multi-level and hierarchical nature of
school education, the change in students’ engagement with mathematics over time and
how best to capture the frequency of teacher and student practices in useful scales.
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Chapter 1

Introduction

“ What I think of maths:

I think only a very small part of what we do in maths classes at school will
be useful in the future (unless you want to be a mathematician, etc).

I find maths really boring and confusing and not really interesting. Basi-
cally, I’m doing maths for schools grades. [smiley face]

The only time I enjoy maths is when I understand the topic. ”

[Student B5]

“ I believe that maths is one of the most important subjects in our education.
Even though it is very important, it is useless in our lifetime unless we want
to do further study with it Many students find maths very hard.

Schools should let students drop maths earlier or make maths easier

Students who want successful career, will have to do maths in their senior
school. This is unfair, Schools need some change!!! ”

[Student B19]

These are the responses from two students when they were asked to write something
about mathematics that they felt was important and that people needed to know. This
research has been driven from the beginning by a desire to understand students’ expe-
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2 CHAPTER 1. INTRODUCTION

riences of mathematics and how they affect their further engagement with mathemat-
ics.

The aim of this research was to better understand what happens in mathematics classes
and how students respond. This research was designed to let students have their say,
so quotes from students have been placed throughout this thesis (where applicable) to
remind the reader of the student voice.

This thesis is the culmination of a study focused on mathematics education and student
outcomes regarding mathematics. This research was primarily concerned with the math-
ematical literacy of students, the affective disposition of students towards mathematics,
the intentions of students to continue studying mathematics and the factors and forces
that drive and change those three outcomes and how they are inter-related.

This research is motivated primarily by personal interest in mathematics and a desire
to promote a wider appreciation of mathematics in society. The research is a response
to many of the current concerns about mathematics education including the decline of
enrolment rates in certain mathematics subjects in schools, the mathematical literacy of
the wider population and the preparedness of students to apply mathematical knowledge
and skills in an increasingly complex and technological workforce and society.

Australia’s Chief Scientist, Professor Ian Chubb, has been a strong advocate for the role
of science, technology, engineering and mathematics (STEM) in our society. Professor
Chubb has outlined a national strategy for STEM which includes formal and informal
education, building and disseminating knowledge, leveraging our knowledge to produce
innovation and high value goods and services and growing Australia’s influence in the
world (Office of the Chief Scientist, 2013). The strategy (Office of the Chief Scientist,
2013, p. 5) highlights that Australia faces significant challenges including:

1. Living in a changing environment;

2. Promoting population health and wellbeing;

3. Managing our food and water assets;

4. Securing Australia’s place in a changing world; and

5. Lifting productivity and economic growth.

Professor Chubb is concerned about the time spent teaching science and mathematics in
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primary school, declining enrolments in science and mathematics in secondary school,
lack of growth in STEM fields at the tertiary level and skills shortages in the work-
force. Education is seen as a vital component in addressing these issues and preparing
Australia to face the challenges ahead. School education, in particular, has the role of
providing the foundation for students who will go on to careers in STEM fields, but
also in shaping a literate and numerate society (Office of the Chief Scientist, 2013, p.
14).

Professor Chubb has identified a number of objectives for education and training in
Australia (Office of the Chief Scientist, 2014, p. 20). These objectives include public
recognition of the benefits of education in STEM fields, strengthened teaching at all
levels, learning and teaching that engages students, high levels of scientific and mathe-
matical literacy across all levels and accessible opportunities for everyone to engage in
STEM.

This research represents a collaborative project which brings together expertise in edu-
cation and education research from the School of Education at the University of Ade-
laide and expertise in mathematics and its nature and importance from the School of
Mathematical Sciences at the University of Adelaide. The complementary and con-
trasting perspectives of mathematicians and educational specialists have influenced and
shaped this research. This is in line with the arguments presented by (Alagumalai,
2013, p. xiii) that “education is a collective endeavour, and a transdisciplinary approach
provides better understandings of the education compared to what individual discipline
offers.” That means that this research is predicated on the fundamental importance of
mathematics and thus mathematics education.

The complex and multi-faceted challenges that face mathematics education require mu-
tual investment of a wide range of stakeholders and interest groups. This research aimed
to incorporate mathematicians’ views into current education research and encourage
mathematicians to become more involved and more engaged with future research and
solutions. Mathematicians owe it to the field of mathematics to help inculcate the next
generation of mathematicians. Grumbling in university corridors will not suffice - math-
ematicians must be more involved and make themselves heard!

However, mathematicians are not necessarily experts in education and education re-
search. That is why the expertise and research methods of the field of education have
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been incorporated and adopted in this research. This research aimed to produce findings
and conclusions that mathematicians felt represented their field, that met the standards
and requirements of educational specialists and was accessible and relevant to a wide
ranging audience.

This research involved Year 10 and Year 11 secondary school students in mathematics
classes in schools across South Australia. This group of students was chosen because
they are in a period of transition in their schooling life. The students were approaching
the end of compulsory mathematics education in school and increasingly personally
responsible for the educational and career pathways that they will undertake. These
students are choosing the subjects they will study for remainder of secondary school
- subjects which often form (in some cases strict) pathways to further education and
employment.

Concerns about engagement and participation in mathematics have driven the focus on
students’ future intentions, i.e. the intention of students to continue studying mathemat-
ics once it is no longer a formal requirement of their certificate of education. This is a
culmination of all the mathematics education the students have had since they started
learning and is a reflection of how well that education and the environment around them
have prepared them to continue studying mathematics.

The research is also concerned with two other important student outcomes: their math-
ematical literacy and their attitude towards mathematics. Mathematical literacy is the
ability of students to comprehend and understand problems, apply and test solutions
and reason in a mathematical way with problems in familiar settings (OECD, 2013c,
p. 37). This is a measure of how well students have been prepared to apply mathematics
knowledge and skills in their post-school future.

Attitudes towards mathematics include, for example, how students relate personally to
mathematics and the disposition they have towards mathematics, its applications and
future learning. Attitudes are an indication of how well the environment around the
students (at school, at home and in society) has shaped the way students think and
feel about mathematics. In particular, attitude in this study has been conceived as the
product of three sub-domains: instrumental motivation, self-concept and intrinsic moti-
vation. These three sub-domains cover how students value mathematics as a useful tool
or instrument, the way students conceive of mathematics in relation to themselves and
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the intrinsic interest that mathematics holds for students.

These three outcomes, literacy, attitude and intention, are inter-related and they are also
shaped by the environment around the students. They can be shaped by the experiences
students have of mathematics in classes at school, at home and in society generally. This
study was particularly interested in how students’ experience of the classroom shapes
their literacy, attitude and future intentions. This study recorded and analysed the effect
of students’ and teachers’ behaviours and practices on those three outcomes.

This study is guided by three research questions that are targeted at each of the three
primary student outcomes in this study.

1. What effect do students’ and teachers’ behaviours and practices in mathematics
classes have on students’ mathematical literacy?

2. What effect do students’ and teachers’ behaviours and practices in mathematics
classes have on students’ attitudes towards mathematics?

3. What effect do students’ and teachers’ behaviours and practices in mathematics
classes have on students’ future intentions to study mathematics?

The research was structured into four separate components which progressed linearly
in succession so each component informed the development and implementation of the
next component. The first component was a review of relevant literature regarding this
research which informed the focus of this study and the statistical techniques used to
analysis the data. The results of this component were reported in Chapter 2.

The second component was conducting participant observation in mathematics classes.
The purpose of this observation was to take notes regarding teacher and student prac-
tices, the classroom environment and the educational resources available in actual work-
ing classrooms. Notes of this component were detailed in Appendix H. The participant
observation informed the choice of variables and the design and selection of items in
the subsequent student survey and mathematics test.

The third component was the primary data collection - administering the student survey
and mathematical literacy test. The survey provided data about the student outcomes
of attitude and future intentions as well as data regarding the practices of teachers and
students in mathematics classes. The mathematics test provided data about the student
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outcome of mathematical literacy. The data collection was vital to conducting the later
statistical analyses. This component was detailed in Chapter 3.

The fourth component was the statistical data analysis. Rasch modelling was used to
analyse the survey and test data in preparation for further analysis and this was reported
in Appendix I.

Analysis of variance techniques were used to address the first and second research ques-
tions by investigating the relationship between variables collected in the survey and
students’ attitude and mathematical literacy. The intention of these analyses was to de-
termine which factors had a significant effect on literacy and attitude when considered
individually. The results concerning mathematical literacy are reported in Chapter 4 and
the results concerning attitude are reported in Chapter 5.

Logistic regression techniques were used to address the third research question by in-
vestigating the relationship between variables collected in the survey and students’ in-
tentions to study any mathematics and advanced mathematics in the next year. The
intention of these analyses was to construct a model which explains which factors were
the most significant influences on students’ intentions to study mathematics. The results
concerning intentions to study any mathematics are reported in Chapter 6 and the results
concerning intentions to study advanced mathematics are reported in Chapter 7.

Hierarchical linear modelling techniques were used to build on the analyses of vari-
ance in Chapters 4 and 5. The aim of these analyses was to construct models which
explained which factors had the most significant effect on students’ literacy and atti-
tude. Hierarchical linear modelling is important in education research because it takes
into account the nested and hiearchical nature of education systems (i.e. the nesting of
students within classes within schools). These analyses addressed some limitations in-
herent in the analyses using analysis of variance techniques and allowed all factors to be
considered in one model (rather than being analysed separately). The results concerning
literacy and attitude are both reported in Chapter 8.



Chapter 2

Literature Review

This literature review is a survey of some of the literature relating to this study. The
review is organised into three sections: motivations for the research, focus of the study,
and research methods.

The ‘motivations’ section concerns the literature and findings which prompted this
study, i.e. the motivating factors behind the focusing on mathematics education and
student outcomes. The ‘focus’ section concerns literature which supports the particular
focus of this study, i.e. why the focus on attitude, literacy, future intentions and class-
room behaviours and practices is important to address the motivations of the research.
The ‘methods’ section concerns literature which supports the use of research methods
and techniques that were employed in this study, i.e. why these methods are relevant
and applicable to the factors in this study.

This review has focused on literature which was concerned with secondary school math-
ematics. However literature from other fields and subject areas has been included in
cases in which it is relevant, appropriate or useful to this research.

2.1 Motivations for the Research

This section is organised into two sections: local and national enrolment trends and
student outcomes in mathematics education.

7
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The first section covers literature which was concerned with students’ participation in
mathematics subjects and their further engagement in mathematics. The studies cited
establish why it is important to improve student retention and engagement and demon-
strate that this is an area of concern locally, nationally and internationally.

The second section covers literature which was concerned with student outcomes, i.e.
the results of students’ mathematical education. These studies demonstrate common
concerns such as students’ mathematical literacy, attitudes towards mathematics and
future study and career paths.

These studies support the focus of this study on the teaching and learning of mathemat-
ics in secondary school and validate the analysis of student outcomes.

2.1.1 Local and national enrolment trends

Rates of enrolment in mathematics subjects is one of the more visible measures of stu-
dents outcomes. As students approach senior high school they are expected to make
decisions about possible career and further education paths and these paths influence
what subjects they will choose to study. It is important to investigate whether students
study mathematics and which types of mathematics they are studying.

In South Australia, once students have studied a semester of mathematics at Stage 1
of SACE (which most students undertake in Year 11) they do not require any further
mathematics to complete their high school certificate (SACE Board of South Australia,
2015b). Beginning at Stage 1, mathematics is also divided into different subjects which
represent different curriculum goals and career pathways (SACE Board of South Aus-
tralia, 2015a). ‘Mathematics’ and ‘Mathematical Applications’ are designed to provide
the necessary background for Stage 2 subjects that are important in degrees such as en-
gineering and science. Whereas ‘Mathematics Pathways’ and ‘Numeracy for Work and
Community Life’ are more focused on the use of mathematics in everyday life and in
workplaces where university level mathematics is not required. The decisions that Year
10 and Year 11 students have to make about Year 12 are important because they affect
their future options and the outcomes available to those students.

A report on the Longitudinal Surveys of Australia Youth (LSAY) which analysed the
patterns of participation in Year 12, determined there was an association between en-
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rolment and achievement in mathematics (Fullarton et al., 2003). In the study, student
achievement in literacy and numeracy was measured by standardised tests and the co-
horts were split into four quartiles based on their performance in those tests. The study
found there was little difference in the participation rates across the four quartiles in
English and society and environment and a decline in technology (Fullarton et al., 2003,
p. 35). However, in mathematics the enrolment rates were consistently higher in each
achievement quartile and the results were even more marked for the sub-category of ad-
vanced mathematics (Fullarton et al., 2003, p. 35). Further multivariate analysis in the
same study using logistic regressions suggests that prior achievement and aspirations for
higher education are the greatest influences on participation in advanced mathematics
in Year 12 (Fullarton et al., 2003, p. 40). These results could be indicating a reluctance
for low achieving students to continue studying mathematics into Year 12, which is sup-
ported by the reported influence of prior achievement. There are a range of possible
explanations for the disparity between achievement bands, but they warrant further and
focused study to ensure that all students are given a reasonable opportunity and support
to study mathematics.

A Department of Education, Employment and Workplace Relations funded report on
participation in science, mathematics and technology in Australian education revealed
long-term declines for enrolment in some types of mathematics (Ainley et al., 2008).
In order to incorporate data from different educational jurisdictions, the report divides
mathematics subjects into three categories: ‘advanced’ and ‘intermediate’ subjects con-
tain necessary or assumed knowledge for university and ‘other subjects’ covers all other
subjects including those that focus of applications and mathematics in everyday life.
Data presented in the report suggests that enrolment in advanced level mathematics in
Year 12 has fallen in almost all states and territories between 1991 and 2007 (Ainley
et al., 2008, p. 27). Furthermore, enrolment in advanced and intermediate level math-
ematics has fallen nationally between 2001 and 2007 while enrolment in other types
of mathematics has risen in the same period (Ainley et al., 2008, p. 33). This study
indicates that it is important to understand how the decline in advanced and interme-
diate mathematics is related to the rise in other types of mathematics. Are the types
of students that were studying advanced and intermediate mathematics choosing other
types of mathematics or not studying mathematics at all? Are these decisions related
to university entrance requirements or other factors like the students’ attitudes? Further
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research is needed to understand these enrolment trends and the factors and influences
that are driving them.

Another study commissioned by the Department of Education, Employment and Work-
place Relations (DEEWR) attempted to discover why students capable of studying high
level mathematics such the advanced and intermediate subjects discussed above were
not choosing to study those subjects in senior secondary school (McPhan et al., 2008).
The study surveyed teachers and career advisers and determined that the most impor-
tant influences on students’ decisions were previous mathematics experience, perception
of difficulty and workload, advice of mathematics teachers, self-perception of ability,
parental expectations and understanding of career paths (McPhan et al., 2008, p. 69).
Analysis of extended response data also suggested that neglecting the consolidation of
knowledge, teaching and pedagogy failing to provide adequate support, maximisation
of tertiary entrance scores and unclear career and further education advice were also
important (McPhan et al., 2008, p. v). The study recommended that there be further
research into influences on students’ decisions.

There have also been studies conducted within South Australia examining influences
on students’ decisions for studying or not studying mathematics. One such study was
conducted by Peter Brinkworth from Flinders University and John Truran from the Uni-
versity of Adelaide (Brinkworth and Truran, 1998). The study surveyed the choices of
Year 12 students from a range of high schools, including their opinions about mathe-
matics, mathematicians and the nature of mathematics classes, and their awareness of
mathematical techniques. The results of the study suggest that considerations about
whether mathematics is needed for further study are influential for all students while
past performance was important for those who studied mathematics and lack of appeal
was important for those who did not. Results about student beliefs suggested students
perceived mathematics was considered uncreative, useful for further study, did not re-
quire memorising and was practiced by those with little contact with the wider commu-
nity.

The issue of enrolment rates in senior secondary school mathematics has been identified
in several national reports as a current and important issue facing mathematics education
in Australia. Secondary school mathematics is an important gateway and tool in an array
of university courses and careers, so it is important to maintain levels of enrolment so
that society can continue to be supplied with capable users of mathematics. However,
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while these reports have identified enrolment trends and some influences on students’
subject choices, there needs to be further research to fully understand these trends and
the contextual factors concerning them.

2.1.2 Student outcomes in mathematics education

The study of student outcomes is an important facet of educational research. Studies fo-
cused on or including attitude and literacy have included a range of educational settings,
subjects and participants. Student attitudes and literacy levels have been considered in
important large scales studies such as the Longitudinal Surveys of Australian Youth
(LSAY) funded by the Commonwealth of Australia and conducted by the Australian
Council for Educational Research (ACER) and the numerous cycles of the Trends in
International Mathematics and Science Study (TIMSS) developed by International As-
sociation for the Evaluation of Educational Achievement (IEA).

The framework used in TIMSS divides the curriculum into three tiers which correspond
to the three tiers of educational systems (Thomson and Fleming, 2004, p. 3). The in-
tended curriculum aligns with the government tier: it is at this level that the curriculum is
designed and disseminated by the governing body of the education system. The imple-
mented curriculum aligns with the classroom level: it is at this level that the curriculum
is implemented in schools and in the classroom. The attained curriculum aligns with the
student tier: it is at this level that the curriculum is learned by the students. This frame-
work is interesting because it emphasises that the curriculum as originally expressed and
conceived is not perfectly reproduced in the knowledge and skills attained by the stu-
dents studying it. The tiered nature of the education is relevant in the study of attitudes
and achievement because it differentiates between factors at the school and classroom
level and factors at the student level.

The TIMSS 2007 cycle assessed student attitudes towards mathematics and found a
correlation between positive attitudes and achievement, but also concerning results for
Australia (Thomson et al., 2007). Students were grouped into three categories ‘High,’
‘Medium’ and ‘Low’ according to whether students answered positively, neutrally or
negatively on average (Thomson et al., 2007, p. 161). Australia had significantly lower
percentage of ‘High’ students than the international average (34 compared to 54 per-
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cent) and a significantly higher percentage of ‘Medium’ and ‘Low’ students. There was
also a significant decrease of 10 percentage points in the ‘High’ group and a significant
increase of 11 percentage points of students in the ‘Low’ group between the 1995 and
2007 cycles of TIMSS (Thomson et al., 2007, p. 162). These results are a cause for
concern, especially as average student achievement is significantly higher in each suc-
cessive category. Australia also had a significantly lower percentage of students in the
‘High’ band of the index assessing whether students valued mathematics (75 compared
to 78 percent for the international average) (Thomson et al., 2007, p. 164). However,
Australia had a significantly higher percentage of students in the ‘High’ band of the
index assessing students’ self-confidence in learning mathematics (64 compared to 57
percent for the international average) (Thomson et al., 2007, p. 166). Achievement
in mathematics was also significantly higher for successive categories in the index of
value and self-confidence and between certain categories of students’ expected educa-
tion (roughly between those expecting to finish high school, those expecting to complete
a TAFE diploma and those expecting to complete a Bachelor’s degree or better) (Thom-
son et al., 2007, p. 172). These results are significant because they connect positive atti-
tudes towards mathematics with mathematics achievement and outcomes. Furthermore,
they indicate that Australia may not be performing as well as its international counter-
parts at ensuring students have a positive experience of studying mathematics.

According to an ACER briefing report on the LSAY, positive experiences at school drive
children to be more successful academically and promote positive attitudes to life long
learning (which in turn influence students’ intentions to continue their education) (Un-
derwood and Rothman, 2008). The 2003 LSAY cohort reported high levels of school
satisfaction and thought that school was important and worthwhile (Underwood and
Rothman, 2008, p. 2). Students also reported that they have a good relationship with
their teachers, would receive extra help if they needed it and felt their teachers knew
the subject matter (Underwood and Rothman, 2008, p. 3). A high proportion believed
they were making good academic process and one third rated themselves better than
average at English, however for mathematics this dropped to 31 and 25 percent for girls
and boys respectively (Underwood and Rothman, 2008, p. 3). The general results show
that generally students are positive about their school experience on a number of levels
including student, teacher and school level factors. However, the results also indicate
that up to 75 percent of students believe that their ability is worse than or equal to aver-
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age at mathematics. While definitive conclusions cannot be inferred from these results,
it does suggest that further investigation of students attitudes towards mathematics is
warranted.

An ACER research report on the LSAY has suggested that students’ attitudes to school
and learning has the potential to influence their educational intentions and education
through school and beyond and that it is important to understand these connections
(Khoo and Ainley, 2005). In the analysis of the intentions and outcomes of the 1995
LSAY cohort, achievement in mathematics was not strongly correlated with attitudes
(r = 0.12) however it did have a reasonably strong correlation with participation in
university and Year 12 (r = 0.46 and r = 0.40, respectively) (Khoo and Ainley, 2005,
p. 10). Attitudes were only weakly correlated with student background characteristics,
but were reasonably correlated with university and Year 12 participation (r = 0.24 and
r = 0.28, respectively) (Khoo and Ainley, 2005, p. 10). Attitudes had a higher corre-
lation with intention to participate in university and Year 12 (r = 0.33 and r = 0.37,
respectively) than any other background characteristics (such as parental education and
socio-economic status) (Khoo and Ainley, 2005, p. 10). After using a combination of
regression and path analysis, they came to the conclusion that attitudes significantly
predict intention to participate in Year 12, but do not have a direct effect on Year 12 par-
ticipation. Nevertheless, the mediated effect of attitudes accounts for over 95 per cent
of the total effect meaning attitudes have an important effect on participation (Khoo and
Ainley, 2005, p. 14).

Another ACER report on the LSAY noted that several Australian studies have con-
cluded that differences between schools only account for a relatively small proportion
of the variance in ‘Quality of School Life’ scales (Marks, 1998, p. v). This suggests
that students’ attitudes are primarily affected by differences between students; therefore
student level factors should be the primary focus when studying student attitudes. The
report noted mixed results about the effect of attitude on achievement, with one study
by Ainley (1995) suggesting no association and another by Mok and Flynn (1997) sug-
gesting there was an association in Catholic high schools (Marks, 1998, p. 2). Marks
also notes studies that have examined the connection between attitude and student re-
tention including one by Ainley and Sheret (1992) that concluded that among students
with equal achievement those with more positive attitudes were more likely to continue
in school (Marks, 1998, p. 3). The report itself investigated the impact of a range of
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factors such as socio-economic status, parental background, gender and ethnic back-
ground. Importantly, the study noted that student attitudes towards the teacher and
actual test scores had a significant impact on students’ self-perceived achievement in
mathematics (Marks, 1998, p. 9). All the studies noted have investigated the link be-
tween attitudes and student level factors which shows that attitudes are of interest in
contemporary education research in Australia.

A longitudinal study that considered the attitudes of two cohorts of students (beginning
in Year 7 and 9 respectively) over a three year period has revealed particular patterns
of decline across and within years (Chouinard and Roy, 2008). An attitude question-
naire was administered to the participants at the middle and end of each year. The items
measured students’ beliefs about their competence and the usefulness of mathematics
and students’ mathematics goals (mastery of the content, performance and work avoid-
ance) (Chouinard and Roy, 2008, p. 35). Chouinard and Roy noted in their results that
there was a general decline in the measures over time, but there appears to be a possible
pattern of decrease from the beginning to the end of one school year followed by an
increased level at the beginning of the next year (Chouinard and Roy, 2008, p. 47). For
example, they identified that the competence beliefs of males declined from Years 9 to
11 and the competence beliefs of males and females significantly declined during Years
7, 8 and 10 (Chouinard and Roy, 2008, p. 40). One possible explanation is that students
with negative attitudes are discontinuing mathematics, while those with relatively posi-
tive attitudes remain in the subject. However, the decline across high school and within
each year is a cause for concern, especially when students are likely to be making de-
cisions about further education in the latter half of each year and in the senior years of
high school.

In a research report on the LSAY, Rothman and McMillan note that previous reports
have shown that achievement in literacy and numeracy has associations with engage-
ment in school, participation in Year 12 and post-school education (Rothman and McMil-
lan, 2003). They cited a number of studies that report an association between self-
efficacy and aspirations for further education with numeracy levels (Rothman and McMil-
lan, 2003, p. 1). One of the significant findings of Rothman and McMillan was that
around 85 percent of the variation in scores in literacy and numeracy could be at-
tributed to differences between students, rather than between differences between schools
(Rothman and McMillan, 2003, p. 18). However, in the study, much of the within school
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variance could not be explained by the student level variables included (gender, indige-
nous background, socio-economic status, parental education, language spoken, plans
for further education and attitude as measured by the ‘Quality of School Life’ question-
naire) (Rothman and McMillan, 2003, p. 28). Students with intentions to study Year
12 or beyond and those with higher scores on the ‘Quality of School Life’ achievement
subscale scored higher on the mathematics test administered (Rothman and McMillan,
2003, p.27-28). So there appears to be some evidence that mathematical literacy (i.e.
numeracy) is related to attitude and intentions, but much of the variance in tests scores
remains unexplained by these factors - further research is required to determine the other
factors that influence attitude and intentions.

The investigation of student outcomes - particularly attitude and literacy - is an im-
portant and current issue in educational research in Australia and internationally. The
importance and currency of attitudes and literacy is highlighted by their inclusion as a
focus of study in major local and international studies such as the LSAY and TIMSS.
The results of these studies are also a catalyst for further investigation into student atti-
tudes and literacy levels and how they are connected with other student outcomes, es-
pecially in subject area of mathematics. The strong focus of both research, government,
industry and public opinion on mathematics education and the importance of mathemat-
ics to society is a motivation to ensure the mathematics education provided to students
is as effective as possible.

2.2 Focus of the Study

The section above on motivations for the research established current concerns about
students’ participation in and engagement with mathematics and demonstrated a wide-
spread focus on the outcomes that students achieve through school.

Many of the studies were concerned with students’ mathematical literacy or ability, at-
titude towards mathematics and study intentions. Some of the studies cited also pointed
to the importance of students’ school experience and what happens inside the classroom
(Underwood and Rothman, 2008; Marks, 1998).

This section aims to further explore how these concepts have been defined and utilised
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in current research and thus establish why it is that this study has focused on them.
This section is organised into four sections: attitudes and literacy, inside the classroom,
outside the classroom and future intentions.

The attitudes and literacy section covers literature which was concerned with students’
attitudes towards mathematics and mathematical literacy. This section demonstrates the
importance of these factors and how they have been defined and conceived in numerous
ways.

The inside the classroom section covers literature which was concerned with classroom-
based research or the environment of the classroom. This section supports the focus
of this study on the behaviours and practices of teachers and students in mathemat-
ics classes and the important role they play in shaping student outcomes and experi-
ences.

The outside the classroom section covers literature which was concerned with any fac-
tors considered “outside” or independent of the classroom. It includes research con-
cerned with gender, family background and educational expectations and aspirations.
This section supports the inclusion of these factors alongside the classroom factors in
this study.

The future intentions section covers literature which was concerned with students’ fu-
ture plans to study mathematics or incorporate mathematics into their studies. This
demonstrates the importance of students’ school, post-school and career pathways and
investigating what factors affect students’ choices and pathways.

2.2.1 Attitudes and literacy

Two of the key outcomes of mathematics education that this study considers is stu-
dents’ attitudes towards mathematics and their mathematical literacy. These outcomes
have been investigated by a variety of studies, utilising a variety of methodologies and
considering a variety of explanatory variables.

Attard examined what motivated primary schools students to engage in mathematics. In
this study, attitude was conceived of as engagement in and appreciation of mathemat-
ics. Through interviews with the participants, Attard identified factors such as parents,



2.2. FOCUS OF THE STUDY 17

gender, the relationship between the students and the teacher and the practices of the
teacher (Attard, 2011, p. 374).

Attitude can also be conceived of in terms of anxiety towards mathematics, self-confidence
regarding mathematics and enjoyment of mathematics. A study by Cann examined the
effects of these factors on girls’ participation in mathematics and found significant dif-
ferences between girls’ and boys’ attitudes towards mathematics, what factors affect
their participation and how those factors affect their participation (Cann, 2009).

Chouinard and Roy used separate scales to investigate students’ self-concept, the value
they placed on mathematics and their goals for achievement in mathematics to investi-
gate students’ attitudes towards mathematics. Using a longitudinal design they investi-
gated the attitudes of girls and boys as they progressed through secondary school and
concluded that there was a regular decline in attitude towards mathematics over time
(Chouinard and Roy, 2008).

Watt considered self-perceptions (talent compared to other students and expectations of
success) and valuing mathematics (intrinsic and utility value) and mathematical achieve-
ment in a longitudinal study considering students career trajectories (Watt, 2006, p. 312).
Self-perception and valuing mathematics were both identified as important factors on
students’ intentions to study mathematics (Watt, 2006, p. 319).

The influence of the school environment on students’ attitudes towards mathematics
and their mathematics achievement were also considered by Webster and Fisher. Their
study found that instructional practices had a significant effect on students’ attitudes and
that there was a recursive effect between attitude and achievement (Webster and Fisher,
2003, p. 322).

The complex relationship between literacy and attitude has been acknowledged and
investigated by various studies. Hemmings et al. used structural equation modelling to
investigate the influence of prior ability and attitude towards mathematics on students’
current ability in mathematics (Hemmings et al., 2011, p. 699) and determined that, in
their study, these factors explained a significant proportion of the variance in current
ability (Hemmings et al., 2011, p. 701).

Köller and Baumert also considered the relationship between gender, interest in mathe-
matics, achievement and subject selection over time. In their study students were tested
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at three points (during Grades 7, 10 and 12) and they used structural equation modelling
to investigate the effects of prior achievement and attitude (Köller and Baumert, 2001).
They determined that interest in Grade 7 did not have a significant effect on achievement
in Grade 10, but interest in Grade 10 did have a significant effect on subject selection
and achievement in Grade 12 (Köller and Baumert, 2001, p. 461). However, achieve-
ment in Grade 10 did not have a significant effect on subject selection or interest in
Grade 12.

The relationship between attitude, literacy, student, classroom and school factors, stu-
dents’ future intentions and disengagement was considered in a study by Martin et al.
(2012). Self-efficacy regarding mathematics, valuing mathematics, enjoyment of math-
ematics and anxiety towards mathematics all had significant effects on students’ fu-
ture intentions to study mathematics and their level of disengagement with mathematics
(Martin et al., 2012, p. 12).

Ma and Xu used data from the Longitudinal Study of American Youth to investigate
the causal ordering between attitude and achievement. They determined that prior at-
titude significantly effected later attitude and prior achievement significantly effected
later achievement (Ma and Xu, 2004, p. 273). They also found that prior achievement
was a significant predictor of later attitude, but prior attitude was not a significant pre-
dictor of later achievement - so they concluded that achievement “demonstrated causal
predominance” over attitude (Ma and Xu, 2004, p. 273).

The ‘Maths? Why Not?’ report prepared for the Australian government Department of
Education, Employment and Workplace Relations investigated influences on students’
intentions to study mathematics (McPhan et al., 2008). Among other factors, the re-
port found that students’ self-perception of their ability, interest in mathematics, prior
achievement and perception of the usefulness of mathematics were significant influences
on students’ intentions (McPhan et al., 2008, p. iv).

2.2.2 Inside the classroom

This study is primarily focused on the objects and actions “inside the classroom” and
how they affect students’ literacy, attitude towards mathematics and their intentions to
study mathematics. This study seeks to investigate the behaviours and practices of math-
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ematics teachers and students, the objects and resources with which they interact and
the environment fostered in the classroom.

The particular factors that were included in this study were developed through partici-
pant observation of mathematics classes. The researcher observed mathematics classes
and took notes of the interactions he observed between teachers and students and be-
tween students, the instructional practices used by the teachers, how the students worked
in the classes and the other relevant features of the classroom environment. These notes
were analysed and this analysis informed the choice and design of the items included
in the student survey. However, this study builds on a strong precedent of studying
what “happens inside the classroom” which is demonstrated in the literature cited in
this section.

Aldridge et al. used a multi-method approach to compare science classrooms in Aus-
tralia and Taiwan. They investigated factors such as student cohesiveness (the extent
to which students support each other), teacher support (the extent to which the teachers
support students), involvement (the extent to which students participate in the class),
investigation (emphasis on inquiry and problem solving), task orientation (extent to
which the class stays on track) and equity (extent to which students are treated equally)
(Aldridge et al., 1999, p. 50).

Anderson et al. analysed items in a student survey assessing instructional practices and
disciplinary climate. The items were part of a larger study, the School Achievement
Indicators Program, run by the Council of Ministers of Education Canada (Anderson
et al., 2006, p. 709). The items assessed teachers’ practices such as how often they
showed students how to do problems, set projects, taught different ways to solve one
problem and assigned homework and items that assessed students’ practices such as
how often they worked alone on their work, worked on exercises from the textbook and
asked their teachers questions (Anderson et al., 2006, pp. 712-713).

Attard also used a multi-method approach which included interviewing primary school
students about their experiences of the mathematics lessons. Interviews with the stu-
dents were based around several questions and statements including: “let’s talk about
maths;” “tell me about a fun maths lesson that you remember well;” and “when it was
fun, what was the teacher doing?” (Attard, 2011, p. 368).

Berry and Sahlberg used structured interviews with primary and secondary school teach-
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ers in England and Finland to investigate the consequences of dividing students into
small cooperative groups in mathematics lessons. The teachers were asked to rank a
number of tasks of different types (e.g. closed, procedural tasks and open-ended, inves-
tigative tasks) in order from most suitable for group tasks to most suitable for individual
tasks (Berry and Sahlberg, 2006, p. 10). These responses were used as basis on which to
interview teachers about why they had made their choices and what were the positives
and negatives about those tasks in regards to individual and group situations.

Bradley et al. used a student survey to investigate secondary school students’ ideas
about quality mathematics instruction. In that study, they revised an existing survey
after conducting a review of current literature and tools already in use within the school
system and included Likert-type scale items and open-ended questions (Bradley et al.,
2006, p. 15). The items asked students to consider if certain qualities (such as content
knowledge, fostering a safe environment, ability to communicate effectively, the use of
resources other than the textbook and the use of technology) were associated with the
“best” mathematics teachers (Bradley et al., 2006, p. 18).

The relationship between the students, teachers and technology was considered by Goos
et al. (2000). In that study, they postulated a framework through which to view teachers’
(Goos et al., 2000, p. 307) and students’ (Goos et al., 2000, p. 312) relationship to
technology which they used to interpret how teachers and students used those classroom
resources and how those resources modified their practices.

Haggarty and Pepin undertook a cross-cultural comparison of English, French and Ger-
man classrooms and investigated how the prescribed textbooks shaped classroom prac-
tices (Haggarty and Pepin, 2002; Pepin and Haggarty, 2001). They identified differ-
ent conceptualisations of mathematics in each country that were also reflected in their
respective textbooks - French classes tended to encourage guided discovery, German
classes emphasised that mathematics was a fixed body of knowledge composed of
“facts, rules and skills” and English classes emphasised procedural skills and solving
exercises (Haggarty and Pepin, 2002, p. 586).

Other studies examined the effect of the classroom environment and structure on teach-
ers’ and students’ practices. Ingram (2008) investigated how classroom seating arrange-
ments and the relationships between students and other students’ behaviours influenced
students’ attitude and learning (Ingram, 2008).
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These studies provide support to the idea that what “happens inside the classroom” is
diverse and can change students’ experiences of the mathematics classroom and mathe-
matics more broadly. Mathematics and students’ complex relationships to it as a subject
in school, as a field of knowledge and as a tool that is useful in their lives can depend
on their experiences of mathematics in the classroom.

2.2.3 Outside the classroom

While this study is primarily focused on “inside the classroom” it also recognises that
there are influences on students’ engagement with mathematics that exist “outside the
classroom.” Students bring with them to the mathematics classes economic, social and
cultural backgrounds that affect how they relate to mathematics, their teachers and what
they do in their classes.

Data on student background have been collected by major international studies like
PISA and TIMSS and the effects of these background variables have been analysed in
secondary studies such as the one by Chiu (2010). This analysis considered the effect of
background factors (such as family and school socio-economic status, language spoken
at home, family type and size, availability of cultural works at home, school resources
and school environment) on students’ literacy.

Clarkson considered the relationship between the language(s) that students speak and
their mathematical ability. In one study, Clarkson noted that bilingual students ne-
gotiated mathematics problems in often quite complex ways, consciously and uncon-
sciously switching between their two languages while solving problems (Clarkson,
2006, p. 212).

The importance of students’ background and the “tradition” that they inherit from their
parents was considered by Webb et al.. In their study, they found that students’ edu-
cational aspirations were linked with the geographic area in which they lived and the
educational and career pathways of their parents and that these relationships varied be-
tween women and men (Webb et al., 2015, p. 3). For example, through interviews they
identified that there were pressures and expectations on young men to stay in their local
area and adopt the same trade as male family members (Webb et al., 2015, p. 39).

Rampino and Taylor used data from the longitudinal British Household Panel Survey to
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investigate the education aspirations, attitudes and expectations of children aged eleven
to fifteen years old (Rampino and Taylor, 2013). They found significant differences
between girls and boys and that these differences depending on factors such as their
parents’ education and attitudes to education and the economic climate (Rampino and
Taylor, 2013, p. 34).

The OECD has also examined gender differences and factors affecting students’ liter-
acy, attitude and educational expectations through the PISA study (OECD, 2015). It
was identified that boys are underachieving and possible factors including time spent on
homework and choice of leisure activities were cited as possible causes (OECD, 2015,
p. 13). The report also found that girls generally had higher career expectations, but they
were less likely to consider careers in the field of engineering and information technol-
ogy (OECD, 2015, p. 14). The results suggest that many parents still have gendered
expectations of what careers their children will have and that this is a possible cause of
the higher levels of anxiety amongst girls (OECD, 2015, p. 141).

2.2.4 Future intentions

As discussed in Section 2.1, this study is motivated by the changing participation rates in
mathematics in senior secondary school. This is one of the core themes of this research
alongside students’ mathematical literacy and attitudes towards mathematics. There is a
wide body of research which seeks to map and explain students’ pathways through edu-
cation, particularly at important junctures such as the transition from secondary school
to tertiary education.

Using longitudinal data, Curtis et al. have investigated the occurrence of students tak-
ing a “gap year” between secondary school and university and what factors influence
students to take that pathway. Their study found that academic performance, university
entrance rank, attitudes towards school, language background and geographic region
were influential factors on students taking gap years (Curtis et al., 2012, p. 3).

Future intentions to complete Year 12 and attend university were considered by Gemici
et al. using the Longitudinal Surveys of Australian Youth. Important influences on
intentions to complete Year 12 included academic performance, parental expectations,
gender and teacher-student relations (Gemici et al., 2014, p. 15). Important influences
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on intentions to attend university included parental expectations, the study plans of
peers, academic performance, gender, attitudes towards school and teacher-student re-
lations (Gemici et al., 2014, p. 18).

The ‘Maths? Why Not?’ report prepared for the Australian government Department of
Education, Employment and Workplace Relations used a survey of mathematics teach-
ers and career guidance professionals to investigate what factors had the greatest influ-
ence on future intentions (McPhan et al., 2008). The report identified a range of im-
portant influences including students’ attitudes towards mathematics, prior achievement
and the perceived difficulty of mathematics (McPhan et al., 2008, p. 69).

2.3 Research Methods

This section is organised into five sections: participant observation, Rasch modelling,
analysis of variance, logistic regression and multi-level modelling. Each section covers
literature which demonstrates the use of that research method and supports the appli-
cation of that method in this study. See Chapter 3 for a detailed explanation of each
technique and how it was used in this research.

2.3.1 Participant observation

Research into education is a multi-disciplinary field by nature and has adapted an array
of quantitative and qualitative techniques from a range of disciplines. One of these
techniques is participant observation which has been adapted from disciplines such as
anthropology.

The use of participant observation in this study was motivated in the first instance by
the video study run in 1999 for the Trends in Mathematics and Science Study (TIMSS).
In particular, the international report by Hiebert et al. (2003) and the Australian report
by Hollingsworth et al. (2003) were particularly important in defining and shaping the
focus and methodology of this study.

The broad purpose of the study was to “investigate and describe teaching practices in
eighth-grade mathematics and science” (Hiebert et al., 2003, p. 1). The philosophy
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adopted was that “to better understand, and ultimately improve, students’ learning, one
must examine what happens in the classroom” (Hiebert et al., 2003, p. 2). The exact
form and methodology of the video study was not adopted for this study, but the purpose
to investigate and understand what happens inside the classroom was integral to this
study.

The use of video was adopted by the study for several reasons including the ability to
easily review footage multiple times, increase the reliability of coding between different
researchers, analyse and reanalyse the same footage from multiple perspectives, inte-
grate qualitative and quantitative data and easily communicate results (Hiebert et al.,
2003, p. 4-6). These are responses to the challenges (e.g. controlling the quality of the
data with large research teams) and additional possibilities (e.g. the scope to explore
multiple perspectives) that are present in large-scale international studies.

Small studies with one researcher in the field face different challenges. So, instead
of filming lessons this study utilised participant observation. Participant observation
involves a researcher placing themselves in the environment and context which they
mean to study in order to observe the behaviours and patterns of the participants and
document their experiences. This technique has been used in other studies interested in
what happens in (mathematics) classrooms around the world.

Aldridge et al. observed classes in Australia and Taiwan to examine and compare the
learning environments in science classrooms to produce “narrative stories” which were
used to represent a “way of knowing and thinking” in addition to other research methods
(Aldridge et al., 1999).

Boaler observed mathematics classes in two schools as part of ethnographic case stud-
ies to examine the differences in the structural organisation and instructional practices
across the two schools (Boaler, 1997). This was also supported by interviews and quan-
titative analyses.

Observations and video footage was used by Goos et al. to examine how teachers
utilised technology (such as graphics calculators and overhead projectors) and how
teachers and students related to the technology (Goos et al., 2000). This was supported
by examples of the exercises the students were set and students’ work and quotes tran-
scribed from informal discussions between the students.
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Observations were used by Mapolelo to support a survey questionnaire and interviews
(Mapolelo, 2009). The observations were used to investigate the instructional prac-
tices of the teachers and how this shaped students’ views and experiences of mathemat-
ics.

Observations and video footage have also been used by Martino and Maher to inves-
tigate how primary school teachers can support students’ learning and understanding
of mathematics (Martino and Maher, 1999). Their analysis was supported by exam-
ples of the students’ work and the tasks they were set and excerpts of transcripts of the
lessons.

Williams advocates for including the “student voice” in research and interpretation of
classroom activity (Williams, 2007). In that study, video footage was shown to students
after the lesson to examine their interpretation and understanding of what had occurred.
Williams recommended that “complementary interpretations” need to be considered
when including “student voice” (Williams, 2007, p. 894). That is, the analysis should
be supported by multiple sources and include the interpretations of the students.

These studies have used participant observation to investigate relationships within the
classroom (e.g. teacher-student, student-student, student-technology) and the kinds of
practices that occur in these classrooms (e.g. how the teacher supports students and
how the students respond). These studies support the intention of this research to inves-
tigate what happens in the classroom (classroom practices and behaviours) and how this
effects students’ literacy, attitude towards mathematics and their intentions for future
study.

These studies utilised participant observation as part of a wider methodological frame-
work that included techniques such as interviews, surveys and quantitative analysis. It
suggests that participant observation is most effective in this context when it is used to
inform and cross-validate other analyses.

2.3.2 Rasch modelling

Rasch modelling is a method for analysing categorical data by generating a scale es-
timate of an underlying trait. It is particularly useful for purposes such as estimating
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student literacy from their answers to a mathematical literacy test or students’ interest
in mathematics from their answers to Likert-style items in a survey.

Studies such as the one conducted by Curtis et al. (2012, p. 50) have used Rasch mod-
elling to convert ordinal responses on attitude items into a continuous scale score. It
allowed them to use attitude towards school as a predictor variable in their explana-
tory model of students taking gap years after secondary school (Curtis et al., 2012,
p. 26).

Bradley et al. (2006) used Rasch modelling to investigate students’ conceptions of qual-
ity mathematics teaching. After administering a survey to the students, data was col-
lected and Rasch modelling was used to analyse the responses and generate a scale of
representing the quality of mathematics teaching against which various practices were
compared (Bradley et al., 2006, p. 16). Rasch modelling also allowed the researchers
to examine the individual items to determine which ones did not fit the model (Bradley
et al., 2006, p. 17).

Curtis and Denton (2003, p. 72) also used Rasch modelling to construct a scale that
assessed vocational education students’ problem solving ability. This enabled them to
investigate the relationships between students’ attitude, their problem solving ability
and their prior achievement. In particular, self-efficacy and interest in the topic were
important sub-domains of attitude - which are similar to the concepts of self-concept
and intrinsic motivation used in this study.

Rasch modelling was one of the ways of estimating student satisfaction which was con-
sidered by Fieger. In a technical paper, Fieger compared the applicability and efficacy
of Rasch modelling to simple and weighted averages for generating a scale score from
Likert-type items (Fieger, 2012, p. 12). The report concluded that all three techniques
produced similar results (Fieger, 2012, p. 16).

Latent traits such as literacy and attitude are difficult to measure or observe directly. The
studies cited above demonstrate that Rasch modelling is an effective and well-practised
method of generating a scale estimate of these latent traits. This scale estimate allows
more flexibility in the choice and application of other statistical methods than the origi-
nal categorical responses would allow.
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2.3.3 Analysis of variance

Analysis of variance can be used as a technique for determining the significance of the
difference between two or more groups based on their mean scores on a continuous
variable. In this study, they have been used to investigate which factors affect students’
attitudes towards mathematics and mathematical literacy.

Clarkson used analysis of covariance (which are a type of analysis of variance) to inves-
tigate the mathematical ability of bilingual and monolingual students (Clarkson, 1992).
The dependent variables in these cases were based on students’ performance on a gen-
eral mathematics test and a mathematics word problem test (Clarkson, 1992, p. 424)
Clarkson used the analyses to determine the effect of students’ cognitive development,
their father’s occupation, the quality of their housing and their language competence on
their ability as demonstrated in the two tests.

Hemmings et al. used another form of analysis of variance (in this case multivariate
analysis of variance) to investigate students’ numeracy and literacy test results, their
achievement on a sector-wide exam and their attitude towards mathematics (Hemmings
et al., 2011). In this case, Hemmings et al. was investigating the differences between
different cohorts of students to determine whether there were significant differences
between them (Hemmings et al., 2011, p. 697).

In a study which was concerned with similar topics to this study - mathematics achieve-
ment, self-perceptions, the perceived intrinsic and utility value of mathematics and fu-
ture intentions - Watt used multivariate analysis of variance to support regression anal-
ysis (Watt, 2006, p. 313).

Analysis of variance is a well-established technique that, in its most basic form, is ap-
plicable to analysing the effects of categorical variables (e.g. gender) on continuous
variables (e.g. scale estimates of literacy and attitude). The studies cited above show
that analysis of variance can be a useful tool in educational research (especially when
using student surveys) and that those techniques can support and inform further analyses
of the data using other techniques.
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2.3.4 Logistic regression

Logistic regression can be used as a technique for developing models to explain cate-
gorical outcomes. Logistic regressions have been used in this study to investigate which
factors are most influential on students’ intentions to study mathematics and advanced
mathematics.

The study by Curtis et al. mentioned in Section 2.2.4 made use of logistic regressions
to develop an explanatory model of students taking gap years. They noted that it par-
ticularly useful because explanatory variables within the model could be continuous,
ordered categorical or unordered categorical (Curtis et al., 2012, p. 49) - which is rel-
evant to explanatory variables in this study. Similar to this study, they used a range of
variables including parental education, attitude and language background (Curtis et al.,
2012, p. 24).

Logistic regressions were also used by John to investigate the factors on the likelihood
of vocational education students passing a subject. Several key factors were identified
including ones that related to students’ background (e.g. language, Indigenous back-
ground) and education (e.g. achievement) and a logistic regression was used to investi-
gate the influence of these key factors (John, 2004, p. 5).

Gemici et al. used logistic regression techniques to investigate the important influ-
ences on students’ intentions to complete Year 12 and attend university and occupa-
tional aspirations. These techniques allowed them to include a wide variety of predictor
variables in the models including socio-demographic background, parental and peer
influences, academic performance and attitudes towards school (Gemici et al., 2014,
p. 10-12).

Ismail used logistic regression techniques to analyse the Malaysian cohort in TIMSS
2003. The analysis used whether or not the student’s mathematics achievement was
above the international average as the outcome variable (Ismail, 2009, p. 391). The
predictors were student-level characteristics including gender, age, parents’ education,
educational aspirations, language spoken, availability of resources at home and attitudes
towards mathematics (Ismail, 2009, p. 392).

Similar to this study, Watt used logistic regressions to develop a model to predict mathematics-
related educational and occupational choices. Watt used logistic regressions to inves-
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tigate the impact of gender, prior achievement, the perceived difficulty of mathematics
and attitudes towards mathematics on senior secondary school mathematics subject en-
rolment and mathematics-related career plans (Watt, 2006, p. 317).

The studies cited above demonstrate that logistic regression techniques are recognised
as an effective method of investigating the impact of student-level variables on students’
educational future intentions. The studies have constructed models to determine which
factors are the most influential on students’ study-related decisions and these factors
have included a range of background and school-related factors - which reflects how
logistic regressions will be implemented in this study.

2.3.5 Multi-level modelling

Multi-level modelling can take into the account the stratified or multi-level nature of
data. In the educational context, students are often considered as nested within their
class or school which can in turn be nested under sector, region and country.

Multi-level modelling was used by Gemici et al. to analyse data from the Longitudinal
Surveys of Australian Youth because the sample was stratified by schools at the first
stage. This allowed them to account for the fact that students in the same school tend
to be more similar than students from different schools (Gemici et al., 2013, p. 16).
Using multi-level modelling the study was able to investigate the impact of a range of
student-level factors (e.g. socio-demographic factors, aspirations, attitude) and school-
level factors (e.g. sector, resources) on students’ university entrance rank and university
enrolment (Gemici et al., 2013, p. 13).

In a Canadian study, Anderson et al. used hierarchical linear modelling to investigate the
predictors for students’ mathematical achievement. The study used student level predic-
tors such as gender, beliefs about mathematics and classroom practices and school level
predictors such as school climate, parental engagement and mean student achievement
(Anderson et al., 2006, p. 719). In particular, Anderson et al. notes that “there is a
relationship between perceptions or attitudes and mathematics achievement at both the
student and school levels” (Anderson et al., 2006, p. 724).

Chouinard and Roy noted the advantages of hierarchical linear modelling over other
analytical techniques. The use of hierarchical linear modelling allowed them to include
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students with some missing data (which was a concern for a longitudinal study) and
model the initial condition and change over time for each student (again an advantage
for a longitudinal study) (Chouinard and Roy, 2008, p. 36). While this study is not lon-
gitudinal in nature, these advantages demonstrate the flexibility and power of this type
of modelling and these advantages may be useful if this study is extended or repeated
later.

Shelley and Su used hierarchical linear modelling to analyse data from the 2003 PISA
cycle. Their study was concerned with the quality and equity of education in the United
States and included a number of student- and school-level variables to investigate their
impact on mathematical literacy (Shelley and Su, 2011, p. 148).

Another study to use hierarchical linear modelling was one conducted by Lamb and
Fullarton (2002) on TIMSS data from Australia and the United States. In this case, hi-
erarchical linear modelling was used to investigate the effects of classrooms, teachers
and schools on mathematical achievement by controlling for various student level fac-
tors (Lamb and Fullarton, 2002, p. 160). The study was able to analyse student variables
(such as attitudes towards mathematics, gender and family background), class variables
(such as ability streaming and teacher attributes) and school level variables (such as
class sizes and admission policies) (Lamb and Fullarton, 2002, p. 166).

Hierarchical linear modelling was used by Turner et al. to investigate students self-
handicapping, avoidance of help and avoidance of novelty in mathematics classes (Turner
et al., 2002). The study was investigating what student- and class-level factors were sig-
nificant predictors of students using avoidance strategies in class (Turner et al., 2002,
p. 94). This use of modelling is particularly relevant to this study because the predictors
include student background variables and variables that describe the class practices and
learning environment.

Martin et al. utilised multi-level modelling as part of a study investigating what causes
students to “switch on” and “switch off” mathematics (Martin et al., 2012). Multi-level
modelling was used to examine the predictors of future intentions and disengagement at
three levels - the student, class and school levels (Martin et al., 2012, p. 9). Significant
predictors of future intentions included enjoyment of mathematics, father’s interest, self-
efficacy and valuing mathematics and were mostly student-level variables (Martin et al.,
2012, p. 11).
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The studies cited above have demonstrated the versatility of hierarchical linear mod-
elling and its efficacy in partitioning the overall variance into discrete levels. The use
of hierachical linear modelling is an effective way to incorporate the stratified or nested
nature of the data into the analysis.

2.4 Summary

This literature review has covered a range of literature relevant to this study. This review
has demonstrated:

1. that there is wide-spread national and international attention being focused on
mathematics education and students’ participation and engagement;

2. that many studies have focused on students’ attitude towards mathematics and
mathematical literacy and their future intentions regarding mathematics as key
measurable outcomes of education;

3. that studies are considering what happens “inside” and “outside” the classroom
and how this affects student outcomes; and

4. a range of research methods that have been used to investigate the above factors.

The studies cited have supported the motivations that engendered this research, the fo-
cus of this research on the student outcomes of literacy, attitude and future intentions,
the concern of this research with classroom behaviours and practices and the chosen
research methods of this research.

In many cases, one piece of research literature covered many of these topics - moti-
vation for the research, focus of the research and methodology. This demonstrates the
strength of the links between these elements. It demonstrates the power and efficacy of
investigating the outcomes of attitude, literacy and future intentions through the lens of
the classroom using research methods like participant observation, logistic regressions
and multi-level modelling.



32 CHAPTER 2. LITERATURE REVIEW



Chapter 3

Methodology

The chapter details the methodology used in this study. The first section provides details
about the variables that have been used in the analysis, the second section explains the
conception of attitude adopted by this study, the third section explains the conception of
mathematical literacy adopted by this study and the fourth section explains the research
methods and analytical techniques utilised in this study.

See Appendices J and K for the survey and test materials from which the variables were
created.

Throughout the survey, Likert-style scales have been used with four possible responses
(e.g. ‘Strongly disagree,’ ‘Disagree,’ ‘Agree’ and ‘Strongly agree’). This matches type
and format of scales used in the PISA and TIMSS studies. In some cases, the scales in
use in this study are derived from PISA so it makes sense to retain them as four point
scales for comparability. It is also important for there to be internal consistency within
surveys, so other scales have been similarly formatted.

It has been noted that such scales (i.e. those without a middle or neutral point) are
desired because respondents are required to make a definite choice and it can improve
reliability for scales with relatively few items (Royal et al., 2010, p. 610). It has also
been suggested that a middle or neutral option may not be used as intended (i.e. as a true
middle option), but instead may be used because respondents are not taking adequate
care with their responses, do not wish to share their true opinion, feel the question
is irrelevant or lack the information required to answer properly (Scott et al., 2008,

33
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p. 5).

3.1 Variables

Each of the following subsections explains variables that have been used in the analysis
of this study. For each variable, there is a brief explanation of each variable, details about
how the variable was coded and the short-form name of the variable (used throughout
this report). Where possible, this study follows naming conventions used in OECD’s
PISA studies and the IEA’s TIMSS studies.

3.1.1 Sex

Students were asked to select their sex from either ‘Female’ or ‘Male’ [S ex].

3.1.2 Date of birth

Students were asked to nominate their date of birth (month and year) for the purposes
of verifying that they met the target sample and were not an outlier in some regard (e.g.
an accelerated student from a lower year).

3.1.3 Country of birth

Students were asked to nominate their country of birth and year of arrival in Australia
if they were born outside of Australia.

For the purposes of analysis, a recategorised version of Country of Birth was created.
All students born outside of Australia were recategorised into ‘Other’ regardless of the
country or the length of time since arrival [CoB].

This formulation of the question has a limited discriminative power. In order to provide
better discrimination, the survey could have asked students or their parents about their
migrant background (e.g. skilled migrant, refugee, first generation), ethnic background
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(e.g. students of European or non-European descendant from South Africa) or Indige-
nous background (e.g. Aboriginal or Torres Trait Islander students). However, for the
sake of brevity and to reduce the burden on students, these additional variables were not
considered to be vital enough for inclusion in the survey.

3.1.4 Primary language

Students were asked to nominate the languages they speak at home (in order of most
commonly used).

For the purposes of this analysis, all students nominating a language other than English
as their most commonly used language have been recategorised into ‘Other’ regardless
of other languages nominated [Lang].

3.1.5 Expected education

Students were asked to select the highest level of education they expected to achieve:

(i) Year 11 (SACE Stage 1);

(ii) Year 12 (SACE Stage 2);

(iii) TAFE diploma or equivalent;

(iv) Bachelor degree at a university; or

(v) Higher than a Bachelor degree.

Only the last selection that the students made was recorded in the data. For example,
some students ticked both the ‘Bachelor degree at a university’ and ‘Higher than a Bach-
elor degree’ boxes and this was coded as if they had only ticked the latter option.

For the purposes of analysis, a recategorised version of Expected Education was created
[ExEd]. All students not expecting to study at university (i.e. the first three categories)
were recategorised into ‘Non-university’ and the two remaining categories were not
modified.
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3.1.6 Parents’ education

Students were asked to select the highest level of education their parents had achieved:

(i) Lower than Year 12 or equivalent;

(ii) Year 12 or equivalent;

(iii) TAFE diploma or equivalent;

(iv) Bachelor degree at a university; or

(v) Higher than a Bachelor degree.

Similar to Expected Education, only the last selected option was recorded.

For the purposes of analysis, a recategorised version of Parents’ Education was created
[ParEd]. All students whose parents did not study at university were recategorised
into ‘Non-university’ and the two remaining categories merged and recategorised as
‘University.’

3.1.7 Subject intentions

Students were asked what subjects or subject areas their intended studying in Year 12.
They were instructed to only record as many subjects as they felt they could and put
them in order from most important to least important to them. Students were also given
the option of selecting ‘I do not know.’

For the purposes of analysis, three new variables were created using the data recorded
in this item.

For Preference for Any Mathematics, students were divided into two categories: ‘Yes’
for those that indicated they were intending to study at least one mathematics subject
and ‘No’ for those not intending to study mathematics [Pre fAny].

For Preference for Mathematics (Ordered), students were divided into five categories
depending on the order in which they placed mathematics subjects: ‘First’ for those
who had a mathematics subject as their first preference through to ‘Fourth’ for their
fourth preference and ‘None’ for students not intending to study mathematics [Pre fOrd].
The highest preference was recorded for cases in which students nominated multiple
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mathematics subjects in their preferences, e.g. a student who nominated a mathematics
subject as their second and third preferences would be in the ‘Second’ category.

For Preference for Advanced Mathematics, students were divided into two categories:
‘Yes’ for those who indicated that were intending to study advanced mathematics and
‘No’ for all other students [Pre fAdv]. Advanced mathematics is defined as the com-
bination of ‘Specialist Mathematics’ and ‘Mathematical Studies,’ i.e. the mathematics
pathway in the South Australian Certificate of Education (SACE) that provides the most
direct entry into further mathematics at a tertiary level.

3.1.8 Decision influencing factors

Students were asked to rank how influential each of the following factors were on their
decision whether to study mathematics in Years 11 and 12:

(i) My enjoyment of maths; [FEn joyment]

(ii) Maximising my university entrance score; [FAT AR]

(iii) It is recommended or required for my chosen university
degree;

[FPrereq]

(iv) My friends’ subject choices; [FFriends]

(v) My ability at maths; [FAbility]

(vi) The use of maths textbooks; [FTextbook]

(vii) The suggestions or advice of my teachers; [FTeachers]

(viii) The suggestions or advice of my parents or guardians; [FParents]

(ix) The difficulty of maths; [FDi f f ]

(x) My interest in maths; and [FInterest]

(xi) My future career and employment prospects; [FCareer]

by selecting either ‘No influence,’ ‘Weak influence,’ ‘Moderate influence,’ or ‘Strong
influence.’ Students were also given the option of nominating other influencing factors
and ranking them.
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3.1.9 Teacher’s practices

Students were asked to rank how often their teacher used the following practices in their
mathematics class last year:

(i) Work through problems from the textbook on the board; [TBoard]

(ii) Use the textbook to teach or introduce new topics; [TTopics]

(iii) Refer students to information in the textbook; [TRe f er]

(iv) Set investigations or collaborative projects from the text-
book;

[TInvest]

(v) Walk around the class helping students with problems; [TRoam]

(vi) Use technology like the software that comes with the
textbook or YouTube; and

[TTech]

(vii) Discuss problem solving strategies with the class; [TS trat]

by selecting either ‘Never or hardly ever,’ ‘Sometimes,’ ‘Most lessons,’ or ‘Every les-
son.’

3.1.10 Required practices

Students were asked to rank how often they were required to undertake the following
practices in their mathematics class last year:

(i) Complete problems or exercises from the textbook; [RExer]

(ii) Read through the examples of problems or exercises in
the textbook;

[RExamp]

(iii) Read about mathematical theory or concepts from the
textbook;

[RTheory]

(iv) Provide mathematical reasoning or arguments; [RReason]

(v) Memorise formulas and procedures; and [RMem]

(vi) Complete a set of problems or exercises begun during
class for homework;

[RHome]
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by selecting either ‘Never or hardly ever,’ ‘Sometimes,’ ‘Most lessons,’ or ‘Every les-
son.’

3.1.11 Student’s practices

Students were asked to rank how often they undertook the following practices in their
mathematics class last year:

(i) Do quiet individual work on textbook problems; [S Indiv]

(ii) Work with other students on textbook problems; [S Other]

(iii) Work on collaborative projects with other students; [S Invest]

(iv) Help other students with their maths work; [S Helping]

(v) Have other students help me with my maths work; and [S Helped]

(vi) Primarily use the method written in the textbook to solve
the problems set;

[S Method]

by selecting either ‘Never or hardly ever,’ ‘Sometimes,’ ‘Most lessons,’ or ‘Every les-
son.’

3.1.12 Effective teaching

Students were asked to rank how effective the following types of work were at helping
them learn:

(i) Quietly answering questions from the textbook; [EExer]

(ii) Reading examples and explanations in the textbook; [EExamp]

(iii) Your teacher explaining things on the board; [EExplain]

(iv) Your teacher solving problems on the board; [ES olve]

(v) Doing work with other students; and [EOthers]

(vi) Using technology such as desktop computers, laptops
and tablets;

[ETech]
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by marking them ‘1’ for most effective through to ‘6’ for least effective. In cases in
which students have marked more than one work type with the same rank, it has been
coded as the same rank and the corresponding number of subsequent ranks has been
skipped. For example, if two types were marked as ‘2’ (second most effective) then the
type marked as ‘3’ was coded as ‘4’ so that the coding maintains the ranking from ‘1’
to ‘6.’

3.1.13 Sources

Students were asked which of the following sources they had used outside of class to
help them in mathematics:

(i) Websites (including Wikipedia); [S oWeb]

(ii) My class textbook; [S oText]

(iii) Other textbooks or maths books; [S oBooks]

(iv) Other student or my siblings; [S oPeers]

(v) My parents or guardians; and [S oParent]

(vi) My maths teacher, other teachers or tutors; [S oTeacher]

by marking ‘No’ or ‘Yes’ for each source. There was also space allocated for students
to fill in other sources and list any websites they commonly used to help them in math-
ematics.

3.2 Attitudes Towards Mathematics

The following three domains and the respective items have been taken from the PISA
studies and student surveys. The domains were mixed together in one question, so it
was not explicit to students which domains were being investigated.

For further details about attitudes towards mathematics in the PISA studies, see Ap-
pendix G.
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3.2.1 Instrumental motivation

Instrumental motivation is the value that students place on mathematics as a tool that
will be useful in their further studies or careers, i.e. motivation that derives from the
usefulness of mathematics as an ‘instrument.’

The students were asked to respond to four statements:

(i) Making an effort in maths is worth it because it will help
me in the work that I want to do later on;

[InstWork]

(ii) Learning maths is worthwhile for me because it will im-
prove my career prospects;

[InstCareer]

(iii) Maths is an important subject for me because I need it
for what I want to study later on; and

[InstS tudy]

(iv) I will learn many things in maths that will help me get a
job;

[InstJob]

by selecting either ‘Strongly disagree,’ ‘Disagree,’ ‘Agree,’ or ‘Strongly agree.’ These
items form the domain Inst.

3.2.2 Intrinsic motivation

Intrinsic motivation is the interest and enjoyment that students have in studying mathe-
matics, i.e. motivation that derives from the ‘intrinsic’ benefits of studying mathemat-
ics.

The students were asked to respond to four statements:

(i) I enjoy reading about maths; [IntrRead]

(ii) I look forward to my maths lessons; [IntrLook]

(iii) I do maths because I enjoy it; and [IntrEn joy]

(iv) I am interested in the things I learn in maths; [IntrInterest]

by selecting either ‘Strongly disagree,’ ‘Disagree,’ ‘Agree,’ or ‘Strongly agree.’ These
items form the domain Intr.
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3.2.3 Self-concept

Self-concept is a reflection of students’ self-belief and self-confidence in their math-
ematical ability, i.e. their perception of themselves in relation to studying mathemat-
ics.

The students were asked to respond to four statements:

(i) I am just not good at maths; [S el fGood]

(ii) I get good marks in maths; [S el fMarks]

(iii) I learn maths quickly; [S el fQuick]

(iv) I have always believed that maths is one of my best sub-
jects; and

[S el fBest]

(v) In my maths class, I understand even the most difficult
work;

[S el fUnder]

by selecting either ‘Strongly disagree,’ ‘Disagree,’ ‘Agree,’ or ‘Strongly agree.’ For the
purposes of analysis, a reverse coded version of S el fGood has been used to ensure that
the agree responses always correspond with a more positive attitude towards mathemat-
ics - this has been denoted as S el fGood−R.

These items form the domain S el f .

3.3 Mathematical Literacy

In this study mathematical literacy is defined as the capacity to use one’s mathematical
ability to formulate, solve and understand mathematics in a variety of contexts. It fol-
lows the definition used in the PISA studies which states that mathematical literacy “in-
cludes reasoning mathematically and using mathematical concepts, procedures, facts,
and tools to describe, explain and predict phenomena. It assists individuals in recognis-
ing the role that mathematics plays in the world and to make the well-founded judge-
ments and decisions needed by constructive, engaged and reflective citizens” (OECD,
2013c, p. 37).

Students’ mathematical literacy has been estimated by administering a mathematics test
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to the students. The items in this test were selected from mathematics items from the
PISA studies that the OECD had released (OECD, 2006). These items were chosen
because they had been designed for students of a similar age to the students in this
study.

In order to keep the items in the test relevant to the students, they were chosen to cover
the broad concept areas defined in the South Australian curriculum (Department of Ed-
ucation and Children’s Services, 2004). These areas are ‘exploring, analysing and mod-
elling data,’ ‘measurement,’ ‘number,’ ‘pattern and algebraic reasoning,’ ‘spatial sense
and geometric reasoning’ and ‘analysing and modelling change.’ It was intended that
this would ground the test in the kinds of mathematical thinking and reasoning with
which the students should be familiar. However, all the items have been chosen to be
as self-contained as possible to reduce students’ need to rely on specific procedural
knowledge to provide the correct answer.

In addition, the items also cover the three mathematical processes in the conceptual
framework under which the PISA items are developed. Students were required to solve
problems which involved formulating situations mathematically (i.e. understanding a
real world problem in a mathematical way), employing mathematical concepts, facts,
procedures and reasoning, and interpreting, applying and evaluating mathematical out-
comes.

All the items are in some way related or situated in a real-world context and the answers
are evaluated in this context. That means that students were expected to understand the
problem in its context, apply their mathematical skills to solve the problem and express
the solution to the problem in the original context.

Items were chosen to encompass a range of a difficulties and a range of response types
(including multiple choice, numerical and short-form written answer). The range of
difficulties was intended so that there was a reasonable expectation that students of all
literacy levels would be able to answer a sufficient number of items and so that the Rasch
modelling of the test would produce workable results. The range of response types was
intended to allow for students with strengths in different areas.

For further details about mathematical literacy in the PISA studies and mathematics
achievement in the TIMSS studies, see Appendix G.
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3.4 Research Methods

In this section the research methods and analytical techniques used in this study are
explained.

The ethics approval section lists which bodies granted approval for this research. The
sampling section describes the process used to select schools to participate in the re-
search. The participant observation section explains how the researcher observed math-
ematics classes and how notes were recorded and analysed. The Rasch modelling sec-
tion describes the purposes and uses of that analytical technique.

The analysis of variance, logistic regression and hierarchical linear modelling sections
provide a brief and basic description of each statistical technique and how it has been
used and a basic explanation of how to interpret the results.

This section is not intended to be a full discussion and analysis of the techniques and the
mathematical theory behind them. It is intended to allow a reader not already familiar
with these techniques to understand the application of these techniques in this study and
follow their use in subsequent chapters. There are suggestions for further reading, if the
reader wishes to learn more about these techniques.

Throughout this study, α = 0.050 has been used as significance level in statistical tests.
That is, if there is a less than 5% probability of a Type I error occurring, then it is said
that the result is statistically significant.

3.4.1 Ethics approval

Ethics approval for this research was sought from and granted by the University of
Adelaide Human Research Ethics Committee, the Department of Education and Chil-
dren’s Services and Catholic Education South Australia. The Association of Indepen-
dent Schools of South Australia does not grant approval for research in independent
schools because approval of the research is the responsibility of the individual schools
involved. See approvals in Appendix L.
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3.4.2 Sampling

The target population for this study was initially Year 10 students from schools in the
public, independent and Catholic sectors across metropolitan Adelaide and regional
South Australia.

For the participant observation component of the research, a list of candidate schools
was randomly selected and letters were sent to the mathematics coordinator at those
schools. The research required the participation and consent of the mathematics coor-
dinator, a Year 10 mathematics teacher and the students in the class. The participating
class was chosen by the mathematics coordinator and the mathematics teacher.

After the completion of the participant observation component of the research, it was
decided to restrict the list of potential schools to those in and around metropolitan Ade-
laide. This decision was taken due to the relative difficulty in collecting data from re-
gional schools and the (generally) smaller number of students in each school providing
relatively less returns than metropolitan schools.

Additionally, due to the need for timely completion of the data collection component of
the research and the cycle of the school year, the target participants had to be changed.
Instead of the original intention of surveying and testing Year 10 students towards the
end of the academic year (ideally sometime in Term 4, 2011), the research involved
Year 11 students at the beginning of the academic year (ideally sometime in Term 1,
2012).

The idea was for students to reflect upon their experiences of mathematics in the past
year of their school life. If Year 10 students were surveyed at the beginning of the year
they would be reflecting upon their experiences of Year 9 mathematics. It was decided
that to better investigate students’ future intentions and experiences of mathematics to-
wards the end of their compulsory mathematics education, it was best to involve students
who had experienced a whole year of Year 10 mathematics and the related career and
subject guidance.

Only schools that offered Year 11 were candidates for inclusion in the study. Schools
from the Department of Education and Children’s Services’ Eastern Adelaide, Northern
Adelaide, Southern Adelaide, Western Adelaide and Adelaide Hills regions were can-
didates for selection along with schools in the Association of Independent Schools of
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South Australia and under the auspices of Catholic Education South Australia.

All candidate schools in each sector were placed in a list with their corresponding In-
dex of Community Socio-Educational Advantage (ICSEA) value as supplied by the
Australian Curriculum, Assessment and Reporting Authority (ACARA). The three lists
were sorted by ICSEA value, from comparatively low advantage to high advantage.

In line with the proportion of students in each school sector, eight schools were selected
from the public sector and four schools were each selected from the independent and
Catholic sectors, respectively.

For example, the process for selecting schools from the public sector was as follows.
There were 46 schools in the list and eight schools needed to be selected. So, the
first school was assigned the range one to eight and so on, until the the last school
was assigned the range 361 to 368 (8 × 46 = 368). A random number generator
was used to generate a number between 1 and 46 (in this case 8). This was the
starting point, so the school with range that contained eight was selected. From that
starting point, every school on the list at an interval of 46 was selected (e.g. 8 + 46 =

54, . . . , 284 + 46 = 330).

Schools were selected from a list ordered by ICSEA value to ensure that there were
schools and students from a broad range of backgrounds. A simple random sampling
process may have selected predominantly high or low ICSEA schools, whereas this
process ensured that schools were selected evenly across the spectrum.

This was particularly important as high rates of school non-participation were expected
and a systematic method of replacing non-participating schools was necessary. Without
a systematic method of replacing schools, additional bias could have been introduced
into the sample.

For example, if high ICSEA schools were more likely to choose and many replacements
were required, the sample would be biased towards low ICSEA schools. In the sample
design chosen, non-participating schools were able to be replaced with schools with a
similar ICSEA profile thus limiting the bias in the sample.

The design of the systematic replacement of schools was important as there was a rel-
atively high rate of non-participation. In order to select a sample of 16 schools, it was
necessary to contact 47 schools which meant that 31 of the schools contacted did not
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participate. That is, there was a participation rate of approximately 34 percent.

A potential issue with systematic sampling can occur when there is some periodicity
in the list and the selection of units closely aligns with the periodicity. For example,
if houses were being selected on a street and every tenth house was selected the sam-
ple could be biased if every tenth house also happened to be a corner block. It was
considered unlikely that this type of periodicity would be present in a list ordered by
ICSEA.

The sampling process chosen is a compromise between convenience, bias and the abil-
ity to replace schools. Simple random sampling of all students in the sector may re-
duce bias, but it would be logistically unfeasible and may suffer from high attrition
rates.

Ideally, the list in systematic sampling should by random and not ordered to minimise
selection bias, but this complicates the replacement of schools and potentially introduces
non-participation bias. The sampling error caused by the sampling process chosen is
acknowledge, but it was chosen as an effective and practical compromise.

Selected schools were contacted by sending a letter to the mathematics coordinator and
doing follow up phone calls. If a school declined to participate or did not respond,
the school immediately above it on the list was contacted. If the second school did not
participate or respond, the school immediately below the first school was contacted. The
procedure continued until a school agreed to participate.

In the process of recruiting the schools that eventually participated in the main phase of
the research, 31 schools either declined to participate or did not respond. Replacement
schools were contacted as outlined in the sampling process.

Schools were asked to select a Year 11 mathematics class to participate in the study.
There was unfortunately no easily applicable way of ensuring a consistent collection of
classes across all schools.

The sampling scheme described above is a multi-stage sampling method which is effec-
tively a combination a different sampling techniques.

The initial division of schools into sectors (public, independent and Catholic) is an ex-
ample of stratified sampling (Lohr, 1999, pp. 95-99; Scheaffer, 1996, p. 125). Stratified
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sampling was chosen because of the ease of administration and to ensure that each sector
was adequately represented in the sample. The stratified sample is also an example of
proportional allocation (Lohr, 1999, p. 104) - the number of schools chosen from each
sector was approximately proportional to the number of students in each sector.

At the next stage, a form of systematic sampling was used to select the schools from
each sector (Lohr, 1999, pp. 42-43; Scheaffer, 1996, p. 251). Lohr (1999, p. 43) and
Scheaffer (1996, p. 273) note that systematic sampling with an ordered list (such as
used in this study) will generally produce a sample with lower variance than a sample
from a randomised list.

It is arguable that there was another stage in the sampling scheme - the selection of
students within schools. As implemented in this study, this could be an example of
cluster sampling (Lohr, 1999, p. 131; Scheaffer, 1996, p. 289) in which every unit (in
this case students) within a cluster (in this case a class) is selected. However, while the
schools were sampled in a probabilistic way the choice of classes within these schools
was at the discretion of the school staff and not random. Cluster sampling is often
combined within stratified sampling (Scheaffer, 1996, p. 312) - in which case clusters
are selected within stratifications.

There were a number of caveats and compromises that had to be made in the sampling
scheme. Many of these compromises relate to the structure of the school system, the
resources available for this study and the cooperation of schools.

The sampling scheme was designed to encourage the involvement of schools and so that
were was a systematic way of replacing schools that chose not to participate (which was
anticipated as a particular concern). Designing the scheme this way meant that other
compromises in the sampling scheme had to be accepted, including the non-random
selection of a class within each school.

Classes are regularly “streamed by ability” by schools, meaning that students with
higher perceived mathematical abilities are grouped together and students with lower
perceived mathematical abilities are grouped together. It is up to each school to imple-
ment this in its own way, so there is no consistent methodology to stream classes and
there are no available metrics to compare classes from different schools.

From experience selecting and recruiting schools in the participant observation compo-
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nent of the research, the researcher was also mindful of not placing requirements on the
schools or teachers that may have appeared too stringent or difficult. It was left up to
schools to choose the participating class so they were more likely to participate in the
research.

The sample was also affected by students’ attendance at school. If students were absent
on the day on which the mathematics test was administered by the researcher, there was
no way to re-administer the test to those students. So, there are cases in which this study
has survey data from the student, but not test data. In other cases, students completed
the test, but failed to provide the survey, so there are cases in which this study has test
data but not survey data.

Schools could only be contacted to participate once the school year had begun. In the
researcher’s previous experience, mathematics coordinators were hesitant to commit to
participating in the research in the next year because the composition of the classes and
the teachers involved had not yet been confirmed. So, schools were contacted as soon
as practicable at the beginning of the school year in 2012 with the intention that they
would participate as soon as possible.

The intention was that classes would be involved sometime in Term 1 so that students’
experiences of the previous year would be fresher and they would be less affected by
the current year. However, due to factors such as selected schools not responding to the
researcher’s communications, schools declining to participate, delays in communication
and timing the research around other commitments (such as tests, holidays, report card
writing and schools events like sports days) the data collection was not complete in this
time frame. Data collection was not complete until Term 3 of 2012.

3.4.3 Participant observation

For the participant observation, the researcher attended all lessons for each class for a
period of at least two weeks and at most three weeks. The researcher sat at a desk at the
back of the classroom; amongst the students, but not sitting directly next to them. The
researcher had a copy of the textbook the class was using, read through the parts of the
textbook that the class was currently studying and occasionally solved exercises from
the textbook.
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The researcher took notes about what the teacher and students were doing, the kinds
of work they were doing, what they said and how it was said, and features and fixtures
of the classroom environment. Teachers often initiated discussions with the researcher
about their lesson, the class, the school or teaching in general. The researcher partic-
ipated in these discussions by listening and discussing studies that had motivated or
informed the research, but refrained from revealing to the teacher any particular obser-
vations he had made.

As the participant observation progressed, themes and common elements began to emerge.
When the researcher recognised these themes and elements, he coded the notes in a rudi-
mentary manner. After the participant observation was completed, these rudimentary
codes informed the coding scheme that was developed to categorise the notes.

In addition to the participant observation, at the end of the researcher’s stint with each
class he asked the students to provide some direct feedback about mathematics. Students
were handed a piece of paper and asked to write anything that they felt they wanted to
express about mathematics and their mathematics classes. Students were provided with
a box to deposit the notes to ensure anonymity.

3.4.4 Rasch modelling

The principle underlying the Rasch model is that the probability of a response is mod-
elled as a function of person and item parameters. That is, the probability of a certain
response depends on the person responding to the item and the item itself. In the context
of educational research Rasch modelling is often applied to the probability of a student
answering correctly to a cognitive item and the probability of a student answering posi-
tively to an affective item (i.e. an item about their attitude towards some concept). This
study uses Rasch modelling in both these common ways.

Rasch modelling has been used to model the mathematical literacy of students using
items on a mathematics test. In this case, the probability of students answering correctly
(or partially correctly) to an item on the test is a function of the difficulty of the item
and the latent mathematical literacy of the student.

Rasch modelling has also been used to model the students’ attitudes towards mathemat-
ics using Likert-style items from the survey. In this case, the probability of students
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answering strongly disagree, disagree, agree or strongly agree to an item in the survey
is a function of the difficulty of the item (i.e. how hard it so for the students to respond
positively to them item) and the latent attitude of the student.

In the Rasch model, items and people are measured on the same scale. If the student
has a higher ability or more positive attitude relative to the item, then they are likely to
respond correctly or positively, respectively. If the student has a lower ability or less
positive attitude relative to the item, then they are not likely to respond correctly or
positively, respectively.

For the purposes of this study, Rasch modelling has important advantages over using
raw scores (i.e. summing up all the marks for each item in the test or summing up all
the codes for each item in the survey).

Suppose the students were given a mathematics test with a maximum possible score
of 10 marks. There is likely to be a greater difference in cognitive ability between
students who score 5 and 6 marks than between students who score 9 and 10 marks.
The raw score does not differentiate between the two situations (one mark is worth one
mark), but the Rasch model takes this into account. The Rasch model assigns a greater
difference in latent ability between the students who scored 5 and 6 marks, respectively,
than between the students who scored 9 and 10 marks, respectively.

The Rasch modelling procedure also allows for more effective analysis of items which
are not performing correctly. Items which are too easy (e.g. which all of the students
could answer correctly), too hard (e.g. which none of the students could answer cor-
rectly) or which do not have a strong correlation with the latent trait being measured
(e.g. students with low abilities were similarly likely as students with high abilities to
give the correct answer) are identified and removed.

These items are not performing correctly because they are not effectively providing
more information about the students. If all students could answer a cognitive item cor-
rectly, then it is not useful in discriminating between students - no new information is
being provided so the item can be removed.

In this study, Rasch modelling has been used to generate estimate scale scores of stu-
dents’ mathematical literacy and their attitudes towards mathematics. Mathematical
literacy was based on the items that students answered in the mathematics test they
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were administered in their class by the researcher. Attitudes towards mathematics are
based on three sub-domains of mathematics: instrumental motivation, intrinsic motiva-
tion and self-concept. Scale scores were estimated for each of the three sub-domains
separately as well as estimating an overall scale score by using items from all three
sub-domains.

The software used to conduct the Rasch modelling was ACER ConQuest R© 2.0 by Mar-
garet Wu, Raymond Adams, Mark Wilson and Samuel Haldane and published by the
Australian Council for Education Research.

3.4.5 Analysis of variance

In this study, analysis of variance techniques were used to investigate the relationship
between each variable and Literacy or Attitude. This technique has been used in
Chapters 4 and 5.

An analysis of variance compares two or more groups based on some outcome variable.
The F test is a comparison of the variance between the groups and the variance within
the groups. If the ratio of the variance between and within the groups is sufficiently
large, it indicates that there is a significant difference between the groups with respect
to the outcome variable.

In this study, the results of the analyses of variance are stated as the value of the F test
statistic and the p value. The F test statistic is compared to a χ2 distribution and
the p value is the probability of an F test statistic greater than or equal to the stated
value.

If the p value is above the significance level (α = 0.050 in this study) then it is said
that the groups are not significantly different. In other words, if there is a greater than
five percent chance of a F test statistic greater than or equal to the stated value then it
is concluded that there is insufficient evidence to reject the assumption that the variation
is due to chance.

In this research, analyses of variance have been used to determine which factors make a
difference to students’ mathematical literacy and attitude to mathematics.

Variables derived from the student survey (such as Country of Birth and InstWork) have
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been used as the grouping variables. For example, the analysis of variance with Country
of Birth has been used to determine whether there is a difference between students born
in Australia and students born overseas (with respect to the outcome variable).

In cases in which the analysis indicates there is a significant difference between the
groups, post hoc analyses can be performed. The post hoc analyses used in this research
are Tukey’s test and the Games-Howell test. These tests analyse the pair-wise differ-
ences between all the separate groups to determine if there is a significant difference
between them.

In this research, analysis of variance techniques have been used to consider each variable
(and its impact on literacy and attitude) separately. An analysis of variance allows for
the overall difference and the difference between particular groups to be analysed in a
simple and straightforward manner, so in this research it has been used as a “first pass”
to investigate the effect of all the variables before applying more complex techniques
later in the analysis.

There are limitations to analysis of variance techniques. In particular, an analysis of
variance assumes a simple random sample, i.e. that the population was a single group
and every member had an equal chance of being sampled. However, in this research the
students are clustered within classes, but this limitation is addressed in later analyses
using hierarchical linear modelling techniques.

Further details about analysis of variance techniques with one grouping variable can be
found in texts by Cox and Solomon (2003, pp. 21-39) and Weiss (2006, pp. 8-15). The
software used to conduct the analyses of variance was IBM R© SPSS R© Statistics (version
21) published by IBM R©.

3.4.6 Logistic regression

In this study, logistic regression models were used to determine which factors have the
most significant effect on students’ intentions to study mathematics. This technique has
been used in Chapters 6 and 7.

A logistic regression model is used to predict the likelihood of some (categorical) out-
come based on a number of categorical and continuous predictor variables. In this study,
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this outcome is either students intention to study a mathematics subject [Pre fAny] or
advanced mathematics [Pre fAdv] in their next year of school.

The basic form of a binary logistic regression is:

ln
(

p
1 − p

)
= β0 + βX

where p is the probability of the outcome (e.g. intending to study mathematics), the left
hand side of the equation is the logarithmic odds (log odds) of the outcome occurring,
β0 is a constant term (representing variance unexplained by any predictors) and β is a
constant associated with the predictor X.

For example, X could be S ex with X = 0 representing female students and X = 1
representing male students. In this case, β is the difference in the log odds of the
outcome occurring for male and female students. If X is a continuous predictor like
Attitude then there is a difference of β in the log odds of the outcome occurring for
every one unit difference in Attitude. In the model in which there are no predictor
variables, β0 is the log odds of the outcome occurring.

In this study, there are two statistical tests that are important to logistic regression mod-
els. The first test determines whether there is less variance in the model after the addition
of a predictor variable - this indicates whether the variable significantly improved the
predictive power of the model. The second test, the Wald chi-square test, determines
whether the variable significantly improves the model by testing whether β is suffi-
ciently large compared to its standard error.

The Wald chi-square test is particularly useful in the case of variables such as InstWork

which have to be dummy coded as three separate binary variables (each representing
a response and the fourth response being represented by a zero score on all three vari-
ables). The test can be used to investigate the overall significance of the variable and
the significance of the three dummy variables separately.

In a logistic regression, there is a reference group against which all the other groups
are statistically compared. For single dichotomous variables (e.g. S ex) it is simply
a comparison between the two groups (e.g. female and male students). For single
polytomous variables (e.g. the attitude variables) the statistical tests compare each group
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to the reference group (e.g. the ‘Strongly disagree’ group). For models with more
than one predictor variable, the reference group is the combined reference group of all
variables (e.g. male students who responded ‘Strongly disagree’).

An advantage of a logistic regression model is that multiple predictor variables can
be added to the model progressively to construct a parsimonious model that accounts
for much of the variance associated with the outcome variable. In this study, separate
logistic regressions have been used to analyse the effect of each variable separately as a
“first pass” to determine whether it is worth including in the model. Using the results
of the these analyses, multiple variable models have been systematically constructed in
order to determine which factors are the best predictors for students’ intentions to study
mathematics.

Further details about logistic regression techniques can be found in texts such as the
ones by Hosmer and Lemeshow (2000, pp. 1-17) and Cohen et al. (2003, pp. 482-
508). The software used to compute the logistic regression models was IBM R© SPSS R©

Statistics (version 21) published by IBM R©.

3.4.7 Hierarchical linear modelling

In this study, hierarchical linear models are used to determine which variables have a
significant effect on students’ mathematical literacy and attitude towards mathematics.
This technique has been used in Chapter 8.

A hierarchical linear model is used to predict some (continuous) outcome based on a
number of categorical and continuous predictor variables.

The following is a basic form of the hierarchical linear model in which there is one
predictor variable Y for the outcome variable X :

X = β0 + βY + r

where β0 is a constant term which represents the mean score for the group (i.e. class)
to which a person (i.e. student) belongs, β is a constant associated with the predictor
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Y and r represents the difference between the person and the mean of their group
(after taking into account Y). If there are no predictors then β0 + r is the score on that
outcome variable for that person.

For example, Y could be S ex with Y = 0 representing female students and Y = 1
representing male students. In this case, β is the difference in the average value of the
outcome for male and female students. If X is a continuous predictor like Literacy
then there is a difference of β in the the outcome for every one unit difference in
Literacy.

One advantage of hierarchical linear models is that they can take into account the strat-
ified nature of a sample. In this study, the students are grouped within classes and the
model reflects nesting. The β0 term varies depending on the class to which the student
belongs because it is the sum of two components: γ0 which is the mean across all
schools and u0 which is the difference between the mean of the class and the mean
across all schools. This shows how the model takes into account differences between
different groups.

The model can also be extended further. The model as described so far assumes that
the variable Y has a uniform effect on students across all the classes (this is called the
fixed model). However β can be extended to a sum of two components (similarly to
β0) : γ which is the average effect of that variable across all schools and u which is
the difference between the effect of that class and the average effect across all schools.
This is called the random model because the β term is allowed to vary randomly across
schools.

When a hierarchical linear model is computed, all of the γ and u terms are estimated
for each class and the β0 and r terms are estimated for each student. There are a
number of statistical tests that can be applied to these estimated parameters.

A t-test is used to determine whether the effect of the variable (i.e. γ) was statistically
significantly different from zero (compared with its standard error).

A chi-square test is used to determine whether the variance is statistically significantly
different to zero (compared with its standard error). In every model this test is applied
to the u0 term (i.e. the variance between schools) to determine whether there were
significant differences between schools, after taking into account the variables included
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in the model.

When a variable is assumed to be random across schools, then the chi-square test is
applied to u (i.e. the variance in the effect of the predictor for each school) to determine
whether the effect of the variable differed between schools.

A chi-square test is also used to compare one model to another model based on their
deviance statistics (i.e. the total amount of variance left in the model). Models with
only a single predictor variable are routinely compared to the unconditional model (i.e.
the model with no predictors). Random models are also routinely compared to their
corresponding fixed models (i.e. comparing models in which the variable is assumed to
vary across schools or not).

In a hierarchical linear model, for every variable there is a reference group against which
all the other groups are statistically compared. For dichotomous variables (e.g. S ex)
it is simply a comparison between the two groups (e.g. female and male students).
For polytomous variables (e.g. the attitude variables) the statistical tests compare each
group to the reference group (e.g. the ‘Strongly disagree’ group). For single polytomous
variables (e.g. the attitude variables) the statistical tests compare each group to the
reference group (e.g. the ‘Strongly disagree’ group). For models with more than one
predictor variable, the reference group is the combined reference group of all variables
(e.g. male students who responded ‘Strongly disagree’).

An advantage of a hierarchical linear model is that multiple predictor variables can be
added to the model progressively to construct a parsimonious model that accounts for
much of the variance associated with the outcome variable. In this study, analysis of
variance techniques and single variable hierarchical linear models have been used to
analyse the effect of each variable separately as a “first pass” to determine whether it
is worth including in the model (and whether should be included as random or fixed).
Using the results of the these analyses, multiple variable models have been systemati-
cally constructed in order to determine which factors are the best predictors for students’
mathematical literacy and attitude towards mathematics.

Further details about analysis of variance techniques with one grouping variable can
be found in texts such as the one by Cohen et al. (2003, pp. 544-567). The software
used to conduct the hierarchical linear modelling was HLM for Windows (version 7.01)
published by HLM Software.
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Chapter 4

Effects on Mathematical Literacy

4.1 Introduction

The aim of this chapter is to address the research question: what effect do students’ and
teachers’ behaviours and practices in mathematics classes have on students’ mathe-
matical literacy? The analyses were conducted using variables derived from the student
survey as the independent (or grouping) variable and mathematical literacy as the depen-
dent (or outcome) variable. The analyses aim to determine whether there is a significant
difference in the levels of mathematical literacy between different groups defined by
each variable.

Many of the variables under consideration are the same or similar to variables used in
major international studies that have considered students’ performance in mathematics.
Where applicable, results from the 2012 and 2003 cycles of the Programme for Interna-
tional Student Assessment (PISA) and the 2011 cycle of the Trends in Mathematics and
Science Study (TIMSS) - the most recent studies available at the time of this analysis -
are compared to results from this study.

In addition to variables based on students’ activities within and outside of the classroom
(tasks set by the teacher, student’s practices, effective teaching methods and external re-
sources) and their teachers’ activities (teacher’s practices), the analysis was conducted
using variables based on students’ attitude towards mathematics (in the domains of in-
strumental motivation, self-concept and intrinsic motivation) and background.

59
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The analyses are grouped into nine sections each focusing on a group of variables that
have a similar focus: students’ background and education, instrumental motivation, self-
concept, intrinsic motivation, teacher’s practices, required tasks, student’s practices, ef-
fective teaching practices and external sources. There is a summary at the end of each
section which aims to compare and analyse the results of that section and identify any
issues and problems with the analyses.

This chapter is focused on the discussion of the results and only states abbreviated re-
sults for each analysis. Further information about the definition and coding of each
variable can be found in Chapter 3. Full results including descriptive statistics and the
analyses of variance (including post hoc tests) can be found in Appendix A. Full results
of the hierarchical linear modelling can be found in Appendix B.

4.2 Background and Education

In this section, the analyses examine the relationship between students’ background
characteristics, their educational expectations and their parents’ educational background
and their mathematical literacy.

The purpose of this section is to provide a better understanding of the cohort of students
in this study, examine the influence of potentially significant background characteristics
and provide a comparison and contrast to the later analyses of attitude and classroom
practices. Considering these variables helps to build a profile of the various influences
on students’ mathematical literacy and to identify variables that may have significant
interactions with other variables.

4.2.1 Sex

An analysis of variance was conducted with S ex as the grouping variable. The analysis
of variance was not statistically significant (F = 0.175, p = 0.677), indicating that the
means of the two groups were not significantly different.

The analysis indicates that the sex of the students in this study did not have a significant
effect on their mathematical literacy. However, there was cause for concern regarding
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the ratio of female to male students in the sample (38% to 62%) which did not accu-
rately reflect the ratio in the student population. This limits the ability to draw general
inferences from this result.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A.

The report prepared by ACER on the 2012 PISA cycle notes that there was a statistically
significant difference between the sexes in mathematical literacy in Australia overall and
in South Australia in particular (Thomson et al., 2013, p. 27, 32). There was a difference
of 12 points (S E = 4.7) between the mean score for male students (X = 495, S E =

4.3) and female students (X = 483, S E = 3.9) in South Australia (ACER, 2012,
Figure 2.11). This differed to the results in this study.

The report prepared by ACER on the 2003 PISA cycle noted that there was not a sta-
tistically significant difference between the sexes in mathematical literacy in Australia
overall or South Australia in particular (Thomson et al., 2004, p. 78, 83). Despite this
study being closer (in a temporal sense) to the 2012 PISA cycle, the results reflected the
results of the 2003 PISA cycle more closely.

As a point of comparison, the report prepared by ACER on the 2011 TIMSS cycle on
Year 8 students noted that there was not a statistically significant difference between
the sexes in mathematics achievement in Australia or South Australia (Thomson et al.,
2012, p. 20). There was a difference of 9 points (S E = 6.9) between the mean score
for male students (X = 509, S E = 7.3) and female students (X = 500, S E = 4.7) in
Australia (Thomson et al., 2012, p. 21). In South Australia, the mean score for female
students was 12 points greater than for male students (Thomson et al., 2012, p. 23).
This was similar to the results in this study.

4.2.2 Country of birth

An analysis of variance was conducted with Country of Birth as the grouping vari-
able. The analysis of variance was statistically significant (F = 6.178, p = 0.014),
indicating that the means of the two groups were significantly different.

The analysis indicates that, in this study, students born in Australia demonstrated a
higher level of mathematical literacy than students born in other countries (who have
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subsequently migrated to Australia). However, these results must be considered with
caution due to the following factors.

Firstly, it is reasonable to assume that students born in Australia are more likely than
those born elsewhere to have English as a first language (see Section 4.2.3 in this chap-
ter). Students in the ‘Other’ category include students from predominantly English
speaking countries such as the United Kingdom and South Africa, as well as countries
in which English is not the first language.

Secondly, the length of time since arrival in Australia could have had an influence on the
students’ performance in the test. Students who have only recently settled in Australia
may still be developing their competency in English or adjusting to a new school and
social environment.

Thirdly, the demographics of the ‘Other’ category must be considered. Students would
have had a variety of backgrounds prior to settling in Australia and this may have an
impact on their performance. For example, students may have been refugees (and some
of those born in Australia may be the children of refugees), their families may have
arrived as part of skilled migration program (usually meaning their parents required a
certain level of education) or they may be studying in Australia as part of an exchange
program.

Additionally, there may have been a case of differential item functioning in the test itself.
Some items on the test may have been biased against migrant students or those who
primarily spoke another language (or have a non-English language background). As the
test items have been drawn from the PISA studies, it is more likely that language would
be a more significant factor in any differential item functioning than country of birth as
the items were designed for use across all OECD and participating countries.

All of these factors could feasibly have had a positive or negative impact on the students’
performance in the mathematics test or be the underlying cause of the difference in their
mathematical literacy. Therefore, these factors must be considered before any valid
conclusions can be drawn. For more information, see Sections 3.1.3 and 3.4.2 in Chapter
3.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A.

The report prepared by ACER on the 2012 PISA cycle noted that there was a statis-
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tically significant difference between the students of different background in mathe-
matical literacy in Australia (Thomson et al., 2013, p. 39). Students born in Australia
(X = 500, S E = 1.6) scored statistically significantly lower than students born else-
where (X = 508, S E = 3.4) and first generation students (X = 518, S E = 3.0).
There was a statistically significant difference between immigrant and non-immigrant
students before and after accounting for their socio-economic status: 26 (S E = 3.6)
and 29 (S E = 3.4), respectively (OECD, 2013a, Table II.3.4a).

This differed to the results from this study in which Australian born students scored
significantly higher on average. There may have issues with the sampling, such as a
higher proportion of students from a refugee background rather the students whose par-
ents were skilled migrants, or with the construction and design of the test (see Sections
3.4.2 and 3.3 in Chapter 3).

The report prepared by ACER on the 2003 PISA cycle noted that there were not statis-
tically significant differences between students of different background in mathemati-
cal literacy in Australia overall (Thomson et al., 2004, p. 87). Australian born students
(X = 527, S E = 2.1) scored similarly to students born elsewhere (X = 525, S E = 4.9)
and first generation students (X = 522, S E = 4.7) . This differed to the results from
the 2012 PISA cycle and this study.

It may be that Primary Language was more effective at discriminating between students
than Country of Birth, considering the potential issues that have been identified. There
were likely to be commonalities between the groups defined by each variable and that
the same underlying force may have acted upon on their mathematical literacy.

4.2.3 Primary language

An analysis of variance was conducted with Primary Language as the grouping vari-
able. The analysis of variance was statistically significant (F = 4.222, p = 0.041),
indicating that the means of the two groups were significantly different.

The analysis indicates that, in this study, students with English as their primary language
demonstrated a higher level of mathematical literacy than students who had another lan-
guage as their primary language. However, similar to the Country of Birth analysis,
these results must be considered with caution. The students have been categorised ac-
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cording to the language they use most commonly at home, but this did not necessarily
accurately reflect their competency in that or other languages.

For example, some students may have primarily used a language other than English at
home because their parents were more comfortable in that language or lacked fluency
in English, but the students may have spent their entire school life in schools with En-
glish as the instructional language or have had a similar competency in English to their
classmates. It was also feasible that some students would have been similarly fluent in
both their primary and secondary language while other students may have had a larger
disparity in fluency between their respective languages.

These factors could feasibly have had a positive or negative impact on the students’ per-
formance in the test or be the underlying cause of the difference in their mathematical
literacy. Increased discrimination could have been achieved if the survey asked students
or their parents about their absolute (rather than relative or hierarchical) language com-
petencies. However, for the sake of brevity and simplicity and to reduce the burden
on students, these additional variables were not considered to be significant enough for
inclusion in the survey.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A.

The report prepared by ACER on the 2012 PISA cycle noted that there was not a sta-
tistically significant difference between students of different language background in
mathematical literacy in Australia (Thomson et al., 2013, p. 40). Students who spoke
English at home (X = 506, S E = 1.5) scored similarly to students who spoke another
language at home (X = 509, S E = 5.2). This differed to the results from this study –
again there may have issues with the sampling in this study, such as a skewed proportion
of students from a refugee background compared to students whose parents were skilled
migrants.

Before accounting for ESCS (Economic, Social and Cultural Status), there were statisti-
cally significant differences within non-immigrant (δ = 39, S E = 8.8) and immigrant
students (δ = −13, S E = 5.5) according to their home language (OECD, 2013a, Table
II.3.5). Specifically, non-immigrant students who spoke English at home scored signifi-
cantly higher than non-immigrant students who did not and immigrant students who did
not speak English at home scored significantly higher than immigrant students who did.
After accounting for ESCS, the differences were still statistically significant and were
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δ = 30 (S E = 7.7) and δ = −26 (S E = 5.1), respectively.

The report prepared by ACER on the 2003 PISA cycle noted that there was a statistically
significant difference between students who spoke English at home and students who did
not in mathematical literacy in Australia overall (Thomson et al., 2004, p. 88). Primarily
English speaking students (X = 529, S E = 2.0) scored significantly higher than
students who primarily spoke another language (X = 505, S E = 6.1). This differed to
the results from the 2012 PISA cycle, but was similar to the results in this study.

As a point of comparison, the report also prepared by ACER on the 2011 TIMSS cycle
on Year 8 students noted that there was not a statistically significant difference between
students with English or non-English language background in mathematics achievement
in Australia (Thomson et al., 2012, p. 30). Students who spoke English ‘always’ or ‘al-
most always’ (93% of students) had a mean score of X = 504 (S E = 5.0) compared
to other students (7% of students) who had a mean score of X = 521 (S E = 10.3).
This differed to the results of this study, but it is feasible that there could be a shift
as students transitioned from early to late secondary school. For example, a change in
emphasis in teaching mathematics from procedural tasks and rote learning to more con-
ceptual thinking and written reasoning (which relies more heavily on the understanding
and application of language) could be responsible for such a shift.

4.2.4 Expected education

“ Maths is relevant to me because I want to do engineering when Im older
so it has a lot to do with it. ”

[Student B14]

An analysis of variance was conducted with Expected Education as the grouping vari-
able. The analysis of variance was statistically significant (F = 14.275, p = 0.000),
indicating that the means of the groups are significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant differ-
ences between the ‘Postgraduate’ group and the ‘Undergraduate’ and ‘Non-university’
groups. The effect sizes for those two comparisons were d = 0.522 and 0.742, re-
spectively, which indicates that the difference between the groups explains a medium
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proportion of the variance in Literacy. There was also a statistically significant dif-
ference between the ‘University’ and ‘Non-university’ groups. This comparison had an
effect size of d = 0.340, which indicates that this difference was also associated with
a medium proportion of the variance in Literacy.

The relatively high proportion of students indicating that they would continue their ed-
ucation beyond undergraduate university was unusual. Two possibilities are that stu-
dents tended to be ambitious when predicting their highest level of education or mis-
understood or misinterpreted the meaning of the statement “Higher than a Bachelor
degree.”

It should be noted that when students ticked multiple boxes in the expected education
question, their highest response was the only one recorded in the data (see Section 3.1.5
in Chapter 3). Nevertheless, it seemed reasonable to interpret their response to this
question as a proxy for students’ educational ambitions and aspirations - even if it did
not reflect a reasonable or accurate outcome.

The analysis indicated that, in this study, students with high educational expectations
or intentions demonstrated a higher level of mathematical literacy than students who
expected to complete less study.

Relevant results from the 2003 PISA cycle are in Appendix A.

The report prepared by ACER noted that the association between expected education
and mathematical literacy was one of the strongest student factors (Thomson et al., 2004,
p. 171). The correlation coefficient was r = 0.46, however the report did emphasise
that the direction of causality was not clear. That is, high educational expectations
could result in increased performance or high performance could result in increased
educational expectations. The same concern about causality applies to the results of this
study.

As a point of comparison, the report prepared by ACER on the 2011 TIMSS cycle
on Year 8 students noted that there appeared to be a relationship between educational
expectations and mathematics achievement (Thomson et al., 2012, p. 78).

The greatest difference between the TIMSS data and the data from PISA and this study
was the ‘Do not know’ category. This was to be expected due to the difference in the age
of students when the research was conducted. However, there was a similar progression
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in which mathematics achievement increases with intended years of study.

4.2.5 Parents’ education

An analysis of variance was conducted with Parents’ Education as the grouping vari-
able. The analysis of variance was statistically significant (F = 27.930, p = 0.000),
indicating that the means of the two groups were significantly different.

The analysis indicated that, in this study, students who had parents or guardians with
a higher level of education demonstrated a higher level of mathematical literacy than
students whose parents or guardians had a lower level of education.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A.

The report prepared by ACER on the 2003 PISA cycle noted that there was a “moder-
ately strong” positive relationship between parents’ education and students’ mathemat-
ical literacy in Australia and across all participating countries (Thomson et al., 2004,
p. 160). There was a 0.23 correlation coefficient between education and literacy. This
was similar to the results presented in this study.

The difference between students whose mothers had a non-university and university ed-
ucation was significant in PISA 2012 (δ = 52.1, S E = 2.39, t = 21.8) and PISA 2003
(δ = 44.692, S E = 3.82, t = 11.7) according to the one-tailed t-tests. This indicates
that students whose mother had a higher level of education demonstrated significantly
higher levels of mathematical literacy than other students. This reflected the result from
this study and the difference between the two groups of students in this study (δ = 67)
was similar in magnitude to the differences in the PISA studies.

The difference between students whose fathers had a non-university and university ed-
ucation was significant in PISA 2012 (δ = 59.6, S E = 2.40, t = 24.8) and PISA 2003
(δ = 50.9, S E = 3.38, t = 15.1) according to the one-tailed t-tests. This indicates that
students whose father had a higher level of education demonstrated significantly higher
levels of mathematical literacy than other students. Again, this reflected the result from
this study and the difference between the two groups of students in this study (δ = 67)
was similar in magnitude to the differences in the PISA studies.

These results were similar to results from this study, except that the PISA results re-
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ported a smaller proportion of students with parents that have studied at university. It is
likely that this difference can be attributed to issues with sampling in this study.

As a point of comparison, the report also prepared by ACER on the 2011 TIMSS cy-
cle on Year 8 students noted that there were statistically significant differences between
students across all categories of parental education in mathematics achievement in Aus-
tralia (Thomson et al., 2012, p. 28).

4.2.6 Summary

The following is a summary of all background and education variables, indicating whether
or not it had a significant effect on literacy. An unfilled dot indicates there was not a
statistically significant difference, a filled dot indicates a statistically significant differ-
ence and a dash indicates that this variable was not applicable for the corresponding
study.

Table 4.1: Effect of Background and Education Variables on Literacy

This study PISA 2012 PISA 2003 TIMSS 2011

Sex ◦ • ◦ ◦

Country of Birth • • ◦ -

Primary Language • ◦ • ◦

Expected Education • - • -

Parents’ Education • • • •

Note that in PISA 2012, Country of Birth was significant, but Australian students
scored lower than other students which was the converse direction to this study. In the
report of the TIMSS 2011 study it was noted that there appeared to be a relationship
between expected education and mathematical literacy, but no significance test was re-
ported.

The results of this study suggest that students born in Australia, students who speak pri-
marily English at home, students who have high educational expectations and students
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whose parents have a high level of education demonstrate significantly higher levels of
mathematical literacy than other students.

The two PISA studies suggest different conclusions. The 2012 PISA study indicates that
male students, migrant students and first-generation Australian-born students demon-
strated significantly higher levels of mathematical literacy than other students, but there
was not a significant difference between students who primarily spoke English and those
who spoke another language at home. However, the 2003 PISA study indicates the op-
posite conclusions: students who spoke English at home demonstrated significantly
higher levels of mathematical literacy than students who spoke another language at
home, but there were no significant differences based on students’ sex or migrant status.
However, both studies indicate that students whose parents had higher levels of educa-
tion (i.e. university degrees) demonstrated higher levels of mathematical literacy.

The TIMSS studies have a different focus to the PISA studies and target a different group
of students, but comparisons are still useful. The 2011 TIMSS study indicates that the
students whose parents had higher levels of education demonstrated higher levels of
mathematical achievement, but did not indicate any significant differences based on
students’ sex or primary language.

The two factors that were consistent across all four studies were students’ expected
education and their parents’ education (though expected education was only recorded
in this study and PISA 2003). These factors had a significant effect on mathematical
literacy even though they were not necessarily related to mathematics or related fields
such as science and engineering. Presumably the effect would be stronger for students
intending to study a university degree that involved mathematics, such as a Bachelor of
Engineering or a Bachelor of Science (with a major in physics). However, the relation-
ship between a student having a parent with a mathematics background and improved
mathematical literacy is not likely to be as straightforward. This raises the question:
is mathematical literacy and achievement at secondary school relevant for students not
intending to study at university and, if so, how can their outcomes be improved?

One issue to consider when analysing the educational variables Expected Education and
Parents’ Education is association. As Table A.6 in Appendix A demonstrates, students
whose parents studied at university are more likely to expect a university education
themselves and students whose parents did not are more likely to expect a non-university
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education. So, these two variables are intrinsically associated and there is going to be
some overlap in their effect on students’ mathematical literacy. This issue can be ad-
dressed by adding both variables into the same model, which will be considered using
hierarchical linear modelling techniques in Chapter 8.

Another issue that applies to Expected Education is the one of causality. As identi-
fied by the ACER report on PISA 2003 (Thomson et al., 2004, p. 171), it is not clear
whether higher levels of mathematical literacy encourage higher educational expecta-
tions or vice versa. Indeed, there may be a feedback loop in which higher levels of
one variable influences higher levels in the other which in turn affects the first vari-
able. Previous mathematics performance may influence a student to consider a career or
university degree involving mathematics which, in turn, drives the student to improve
their performance to meet certain prerequisite or university entrance score goals. Un-
fortunately, it is beyond the scope of this study to break down this potentially complex
relationship.

This study also identified that the two cultural background variables Country of Birth and
Primary Language were significant, each of which was also supported by the results of
a separate PISA study.

Similarly to the education variables, Table A.7 in Appendix A demonstrates that there is
a strong association between these variables: students born in Australia are more likely
to speak English at home and migrant students are more likely to speak a language
other than English at home. Considering the relationship between these variables and
their significance in this study, it is surprising that Country of Birth was significant
in PISA 2012 (but not Primary Language) and Primary Language was significant in
PISA 2003 (but not Country of Birth).

Indeed, in a report on PISA 2012 it was noted that students born in Australia had sig-
nificantly higher literacy if they spoke English at home, but migrant students had sig-
nificantly higher literacy if they did not speak English at home (OECD, 2013a, Table
II.3.5). It appears that there is a complex relationship between these two variables. Per-
haps there is a cultural element that spans migrant background and language background
and influences student engagement with mathematics (or academic pursuits generally).
For example, there may be an “aspirational” effect (which could also be related to par-
ents’ education) that drives some students from relatively disadvantaged backgrounds
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to excel at school.

In this study, the results may have been complicated by sampling issues. Due to the
relatively small sample size and the number of participating schools, the inclusion of a
school that had a specific program or focus on a specific group of children (e.g. children
with a refugee background or children participating in exchange programs) may have
skewed the overall results. There may also been issues with the construction of the lit-
eracy test administered to students that caused it to be adversely biased against students
with certain language backgrounds.

Another issue caused by the construction of the survey questionnaire and the require-
ments of coding and analysis is how well students are represented by the categories that
have been created. For example, Student A may be coded as being born in Australia and
primarily speaking a language other than English at home and Student B as a migrant
and also primarily speaking a language other than English at home. However, Student A
may have had relatively little experience of their country of birth, have spent their entire
school life in Australia and define themselves as an Australian. How different is the
background of the two students and does the system of coding and analysis adequately
represent their experiences and the forces affecting their mathematical literacy?

The relationship between the cultural background variables, like the educational vari-
ables, will be considered by adding both variables into the same model using hierarchi-
cal linear modelling techniques in Chapter 8.

4.3 Attitude (Instrumental Motivation)

This section analyses the relationship between students’ instrumental motivation and
their mathematical literacy. The students were asked to respond to four statements about
the importance and utility of mathematics to their future careers and studies. See Sec-
tion 3.2.1 in Chapter 3 for more detailed information about these variables.



72 CHAPTER 4. LITERACY

4.3.1 Making an effort is worth it

An analysis of variance was conducted with InstWork as the grouping variable. The
analysis of variance was not statistically significant (F = 0.095, p = 0.963), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students have a similar level of mathemati-
cal literacy regardless of how much the value making an effort in mathematics. How-
ever, the overwhelming proportion of students answered positively suggesting a general
recognition of the value of mathematics across the breadth of the cohort.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
are similar to this study, except the proportions were skewed more towards the negative
responses. In all three studies, at least 82% of students agreed that making an effort
now in mathematics will help them in their work later on.

4.3.2 Learning maths is worthwhile for my career

“ Maths is one of the subjects I would definately do in year 12, but it’s not
that important unless you want to do “Rocket Science.” Though, a little
knowledge about it is still needed. ”

[Student B1]

An analysis of variance was conducted with InstCareer as the grouping variable. The
analysis of variance was not statistically significant (F = 2.146, p = 0.096), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students had a similar level of mathemati-
cal literacy regardless of how much the value they perceive mathematics contributes to
their career. However, the overwhelming proportion of students answered positively
suggesting a general recognition of the value of mathematics across the breadth of the
cohort.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
are again similar to this study. In all three studies, at least 73% of students agreed that
mathematics was important for their future study.
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4.3.3 Maths is an important subject for my study

“ I believe that maths is a very important part in my education. Up to this
point, I can not see how maths can be useful in one way or another but as I
continue further into my career I think this will become quite clear. ”

[Student B19]

An analysis of variance was conducted with InstS tudy as the grouping variable. The
analysis of variance was not statistically significant (F = 1.302, p = 0.275), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students’ feelings about the value of mathe-
matics to their studies did not have an effect on their level of mathematical literacy. In
fact, the ‘Agree’ and ‘Strongly agree’ groups had the same mean score. It could have
been supposed that students who identified that mathematics is important to them would
be motivated to improve their performance in mathematics, but this was not reflected in
this analysis. However, 81% of students agreed that mathematics was important for
their future studies, which indicates an appreciation of the importance of mathematics
across the cohort.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
are again similar to this study. In all three studies, at least 73% of students agreed that
mathematics was important for their future study.

4.3.4 Maths will help me a get a job

“ I know that maths is really important for future jobs ”

[Student A3]

An analysis of variance was conducted with InstJob as the grouping variable. The
analysis of variance was not statistically significant (F = 0.266, p = 0.850), indicating
that the means of the groups are not significantly different.

The analysis indicates that, in this study, students had a similar level of mathematical
literacy regardless of whether though mathematics was valuable in helping them find
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employment. However, the overwhelming proportion of students answered positively
suggesting a general recognition of the value of mathematics across the breadth of the
cohort. In fact, the ‘Disagree’ group had the highest mean score of all the groups. It
could have been supposed that students who identified that mathematics was important
to their employment opportunities would be motivated to improve their performance in
mathematics, but that was not reflected in this analysis.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results are
again similar to this study. There appears to be a similar pattern of relatively high mean
scores for the ‘Disagree’ group - in this case that group had a higher mean score than the
‘Agree’ group. In all three studies, at least 78% of students agreed that mathematics
will improve their career prospects.

4.3.5 Summary

The results of the four analyses indicate that there were no significant differences in
levels of mathematical literacy between students who responded differently to the four
statements regarding their instrumental motivation towards mathematics. That is, stu-
dents had similar levels of literacy regardless of the importance they placed on mathe-
matics considering their future study and career paths.

However, it must be noted that in all four analyses a majority of students responded
positively to the statements. That is, a majority of students recognised the importance of
mathematics to their future studies, their careers and their ability to obtain employment.
This indicates that their responses to these statements did not sufficiently discriminate
between students. There are two methods to address this issue and further investigate
the impact of students’ instrumental motivation towards mathematics on mathematical
literacy.

Firstly, the four instruments can be combined into a single scale representing students’
instrumental motivation using Rasch analysis techniques. This may be helpful in dis-
criminating between students because it provides a more granular method to examine
students’ responses. They can also be combined into a unified attitude scale (along
with responses regarding intrinsic motivation and self-concept). Combining the re-
sponses into a single scale does make the assumption that all statements included have
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a strong conceptual connection (and high inter-item correlation). Analyses using the
instrumental motivation scale will be conducted using hierarchical linear modelling in
Chapter 8.

Secondly, the instruments can be modified in future studies with the aim of achieving
better discrimination between students. For example, the statement “I will learn many
things in maths that will help me get a job” could be changed to “I will learn many
things in maths that I will need to get a job.” This may make the statement “stronger” in
that students will be more likely to answer negatively. However, it is beyond the scope
of this study to incorporate changes such as these.

This study and the three international studies cited (PISA 2003 and 2012 and TIMSS
2011), all demonstrate that a high proportion of the students have a strong instrumen-
tal motivation to study mathematics and the international studies show a relationship
between higher mathematical literacy and higher instrumental motivation. This raises
important practical and methodological issues.

This indicates that, considered individually, each instrument has relatively low discrimi-
native power for the purposes of this analysis. That is, the single instruments are not dif-
ferentiating between students within the ‘Agree’ and ‘Strongly agree’ categories. This
is an inherent weakness in using a single construct to represent students’ instrumental
motivation. However, this will be addressed by combining the four instruments into a
single instrumental motivation scale, as mentioned above.

Secondly, there may be an issue with causality. A high level of instrumental motivation
could be caused by factors such as parents’ education, parents’ professions and teachers’
influences and, in turn, prompt students to focus on mathematics and improve their
performance. However, it is also possible that high mathematical performance in earlier
years of school could prompt students to consider study options or careers which involve
mathematics, thus prompting higher levels of instrumental motivation. However, due to
the nature of the data collected, it is beyond the scope of this study to examine these
issues much further.

Thirdly, there is the issue of whether higher levels of instrumental motivation have a
direct impact on students’ study choices and career path. Especially in this study in
which students had a similar level of mathematical literacy regardless of their level of
instrumental motivation, it can be questioned whether this high level of motivation has
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a practical or material impact on students’ participation in mathematics.

4.4 Attitude (Self-concept)

“ Like: easy work that I understand.

Dislike: hard NOT understandable work ”

[Student A10]

This section analyses the relationship between students’ self-concept and their math-
ematical literacy. The students were asked to respond to four statements about their
self-belief and self-confidence in their mathematical ability. See Section 3.2.3 in Chap-
ter 3 for more detailed information about these variables.

4.4.1 I am just not good at maths

An analysis of variance was conducted with S el fGood−R as the grouping variable. The
analysis of variance was statistically significant (F = 9.424, p = 0.000), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant dif-
ferences between the ‘Strongly agree’ group and the ‘Agree,’ ‘Disagree’ and ‘Strongly
disagree’ groups. The effect sizes for those three comparisons were d = 0.602, 0.614
and 0.493, respectively, which indicates that the difference between the groups ex-
plained a medium proportion of the variance in Literacy. There was not a signifi-
cant difference between the ‘Agree’ group and the ‘Disagree’ or ‘Strongly disagree’
group.

The analysis indicates that, in this study, students who strongly identified that they were
“just good at maths” demonstrated a significantly higher mathematical literacy than
other students. However, there was no significant difference between the students who
answered ‘Agree’ and ‘Disagree.’ It may be that ‘Disagree’ (which was recoded as
‘Agree’) reflected a neutral response by the students - neither implying that they were
“just not good at maths” nor “they were just good at maths.”
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The interpretation of the analysis is also complicated by the influence prior mathemat-
ical literacy or perceived ability would have on students’ feelings about their mathe-
matical ability. Prior mathematical literacy and achievement would naturally have a
correlation with mathematical literacy (as measured in the test given to students).

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
are similar to this study, except they were more skewed towards the negative responses.
One notable difference was that students in both positive categories have a mean score
above the average in the PISA studies, but in this study only the students in the ‘Strongly
agree’ category had a mean score above the average. In all three studies, at least 63%
of students disagreed that they were “just not good at maths.”

4.4.2 I get good marks in maths

An analysis of variance was conducted with S el fMarks as the grouping variable. The
analysis of variance was statistically significant (F = 10.670, p = 0.000), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant dif-
ferences between the ‘Strongly agree’ group and the ‘Agree’ and ‘Disagree’ groups
(while the difference with ‘Strongly disagree’ was not statistically significant due to
the small size of the latter group). The effect sizes for those two comparisons were
d = 0.684 and 0.751, respectively, which indicates that the difference between the
groups explained a medium to large proportion of the variance in Literacy. There was
not a significant difference between the ‘Agree’ group and the ‘Disagree’ or ‘Strongly
disagree’ group.

The analysis indicates that, in this study, students who strongly identified that they “get
good marks” demonstrated a significantly higher mathematical literacy than other stu-
dents. However, similar to the analysis of S el fGood there was not a significant differ-
ence between the students who answered ‘Agree’ and ‘Disagree.’ It may be that ‘Agree’
again reflected a neutral response by the students - implying that they considered their
marks as neither “good” nor “bad.” Students may have also have different perceptions
of what constitutes “good marks in maths” - one student who was previously failing
may consider a passing grade as good where the same grade could be considered poor
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by a student who had previously excelled at mathematics.

The interpretation of the analysis is again also complicated by the influence prior mathe-
matical literacy or perceived ability would have on students’ feelings about their marks.
Prior mathematical literacy and achievement would naturally have a correlation with
mathematical literacy (as measured in the test given to students).

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
are again similar to this study, except they were skewed towards the negative responses.
As before, one notable difference was that students in both positive categories have a
mean score above the average in the PISA studies, but in this study only the students in
the ‘Strongly agree’ category have a mean score above the average. In all three studies,
at least 63% of students agreed that they got “good” marks in mathematics.

4.4.3 I learn maths quickly

An analysis of variance was conducted with S el fQuick as the grouping variable. The
analysis of variance was statistically significant (F = 9.908, p = 0.000), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant dif-
ferences between the ‘Strongly agree’ group and the ‘Agree,’ ‘Disagree’ and ‘Strongly
disagree’ groups. The effect sizes for those three comparisons were d = 0.581, 0.697
and 0.609, respectively, which indicates that the difference between the groups ex-
plained a medium proportion of the variance in Literacy. There was not a signifi-
cant difference between the ‘Agree’ group and the ‘Disagree’ or ‘Strongly disagree’
group.

The analysis indicates that, in this study, students who strongly identified that they
learn mathematics quickly demonstrated a significantly higher mathematical literacy
than other students. However, each group has a higher level of mathematical literacy
than the ones that precede it. Students perceptions of how quickly they learn mathemat-
ics may also have been influenced by the students around them - their perception was
likely to be associated with how quickly their class progressed.

The interpretation of the analysis is again also complicated by the influence prior math-
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ematics achievement or perceived ability would have on students’ feelings about their
ability to learn mathematics quickly. Prior mathematical literacy and achievement would
naturally have a correlation with mathematical literacy (as measured in the test given to
students).

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
are again similar to this study, except they were skewed towards the negative responses.
As before, one notable difference was that students in both positive categories had a
mean score above the average in the PISA studies, but in this study only the students in
the ‘Strongly agree’ category had a mean score above the average. In all three studies,
at least 54% of students agreed that they learn mathematics quickly.

4.4.4 Maths is one of my best subjects

An analysis of variance was conducted with S el fBest as the grouping variable. The
analysis of variance was statistically significant (F = 11.318, p = 0.000), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant dif-
ferences between the ‘Strongly agree’ group and the ‘Agree,’ ‘Disagree’ and ‘Strongly
disagree’ groups. The effect sizes for those three comparisons were d = 0.567, 0.723
and 0.679, respectively, which indicates that the difference between the groups ex-
plained a medium to large proportion of the variance in Literacy. There was not a
significant difference between the ‘Agree’ group and the ‘Disagree’ or ‘Strongly dis-
agree’ group.

The analysis indicates that, in this study, students who strongly identified that mathe-
matics was one of their “best” subjects demonstrated a significantly higher mathematical
literacy than other students. However, each group has a higher level of mathematical lit-
eracy than the ones that precede it. Students’ perception of what constitutes their “best”
subject may also differ - for some students it may be the subject they most enjoy and for
others it may be the subject in which they feel most competent or achieve the highest
marks.

The interpretation of the analysis is again also complicated by the influence prior math-
ematical literacy or perceived ability would have on students’ feeling that mathematics



80 CHAPTER 4. LITERACY

was one of their “best” subjects. Prior mathematical literacy and achievement would
naturally have a correlation with mathematical literacy (as measured in the test given to
students).

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
were skewed towards the negative responses compared with the results in this study.
As before, one notable difference was that students in both positive categories have a
mean score above the average in the PISA studies, but in this study only the students
in the ‘Strongly agree’ category have a mean score above the average. In fact, in PISA
2003 even students in the ‘Disagree’ category had an above average mean score. In this
study over 50% of the students agreed that mathematics was one of their best subjects,
in contrast to the PISA studies in which a majority of the students disagreed with that
statement.

4.4.5 I understand even the most difficult work

An analysis of variance was conducted with S el fUnder as the grouping variable. The
analysis of variance was statistically significant (F = 5.829, p = 0.001), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant dif-
ferences between the ‘Strongly agree’ group and the ‘Disagree’ and ‘Strongly disagree’
groups. The effect sizes for those two comparisons were d = 0.427 and 0.596, re-
spectively, which indicates that the difference between the groups explained a medium
proportion of the variation in Literacy. There was also a significant difference between
the ‘Agree’ group and the ‘Strongly disagree’ group. The effect size for that compari-
son was d = 0.386, which indicates that the difference between the groups explained
a small to medium proportion of the variation in Literacy.

In contrast to the other variables in the self-concept domain, S el fUnder was the only
variable in which the ‘Strongly agree’ and ‘Agree’ groups were not significantly differ-
ent and there was a significant difference between the ‘Agree’ group and the one of the
negative groups. This reflected the fact that there was a higher proportion of negative
responses to this question and that this question was perhaps a more effective discrimi-
nator than the other questions.
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The analysis indicates that, in this study, students who identified that they can grasp dif-
ficult mathematical work demonstrated a significantly higher mathematical literacy than
students who negatively identified with that concept. The interpretation of the analysis
was again also complicated by the influence prior mathematical literacy or perceived
ability would have on students’ feeling that they grasp difficult work. Prior mathe-
matical literacy and achievement would naturally have a correlation with mathematical
literacy (as measured in the test given to students).

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The results
are again similar to this study and appear to be have more similarity than they do in
the other variables in the self-concept domain. In this study over 50% of the students
agreed that they understood even the most difficult work, in contrast to the PISA studies
in which a majority of the students disagreed with that statement.

4.4.6 Summary

The results of the five analyses indicate that there were significant differences in levels of
mathematical literacy between students who responded differently to the four statements
regarding their self-concept towards mathematics. Almost uniformly, it was students
who strongly responded in the affirmative to the statements about self-concept that had
significantly higher levels of mathematical literacy than all other students.

That is, students with strong self-belief and self-confidence in relation to studying math-
ematics demonstrated significantly higher levels of mathematical literacy. As already
identified in the individual analyses, there are some issues to consider.

Firstly, the issue of causality and confounding. Students’ self-concept is likely to be
based on their previous experiences in mathematics classes, including prior achieve-
ment and literacy in mathematics. So, it is not clear the extent to which the effect
of self-concept on mathematical literacy is the product of the separate effects of prior
achievement on self-concept and current literacy (i.e. the results are confounded). This
is also complicated by causality (which factor caused the other factor) because high self-
concept may increase students’ engagement in mathematics and thus their mathematical
literacy.

This issue is most clear in students’ responses to the statement “I get good marks in
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maths.” Presumably, most students with high levels of previous achievement in mathe-
matics (i.e. “good marks”) would respond positively to this statement and thus have a
high level of self-concept. Indeed, considering this relationship it is interesting that, in
most cases, only students who gave a strongly positive response had significantly higher
achievement than other students and students who gave a weaker positive response did
not.

Secondly, the issue of subjectivity. The statements that students were asked to respond
to included subjective descriptors like good, quickly, best and difficult. Students un-
derstandings and interpretations of these statements would alter their responses to these
statements. In particular, these statements are relative to students’ experiences. For
example, students’ judgement of whether they learn mathematics quickly would be
based (at least in part) on how quickly their class and the students around them pro-
gresses.

It is possible that this subjectivity could cause more variation between within the pos-
itive and negative responses, rather than between them. That is, it is the difference
between a student answering ‘Strongly agree’ or ‘Agree’ rather than ‘Agree’ or ‘Dis-
agree.’ This could be related to the result that generally only the students who gave a
strongly positive were significantly different to other students.

This study and the three international studies cited, all demonstrated that roughly half
of the students have a positive self-concept and the international studies showed a re-
lationship between higher mathematical literacy and higher self-concept. However, the
issues of causality and confounding and subjectivity are still of concern.

4.5 Attitude (Intrinsic Motivation)

“ I like maths. I especially like algebra because I like solving problems. ”

[Student A5]

This section analyses the relationship between students’ intrinsic motivation and their
mathematical literacy. The students were asked to respond to four statements about
their enjoyment of and interest in mathematics. See Section 3.2.2 in Chapter 3 for more
detailed information about these variables.
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4.5.1 I enjoy reading about maths

An analysis of variance was conducted with IntrRead as the grouping variable. The
analysis of variance was not statistically significant (F = 0.435, p = 0.728), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students’ enjoyment of reading about mathe-
matics did not have an impact on their mathematical literacy.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The propor-
tions of the categories were similar to this study, but the PISA data appears to show
a trend towards higher mathematical literacy as students become more positive about
reading about mathematics.

4.5.2 I look forward to my maths lessons

An analysis of variance was conducted with IntrLook as the grouping variable. The
analysis of variance was not statistically significant (F = 0.273, p = 0.845), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students had a similar level of mathematical
literacy regardless of the whether they felt that they looked forward to their mathe-
matics lessons. It is possible that students who responded negatively would also have
responded negatively to any of their other subjects - that is, they do not look forward to
any of their school subjects or (even more strongly) they do not look forward to school
at all. However, this does not appear to be reflected in the analysis.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The propor-
tions of the categories were similar to this study, but the PISA data appears to show
a trend towards higher mathematical literacy as students become more positive about
anticipating their mathematics classes.
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4.5.3 I do maths because I enjoy it

An analysis of variance was conducted with IntrEn joy as the grouping variable. The
analysis of variance was not statistically significant (F = 0.971, p = 0.408), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students had a similar level of mathemati-
cal literacy regardless of the whether they felt that they did mathematics because they
enjoyed it. It is possible that students who responded negatively would also have re-
sponded negatively to any of their other subjects - that is, they do not enjoy any of their
school subjects or (even more strongly) they do not enjoy school at all. However this
does not appear to be reflected in the analysis.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The pro-
portions of the categories were similar to this study (with a skew towards negative
responses), but the PISA data appears to show a trend towards higher mathematical
literacy as students become more positive about doing mathematics.

4.5.4 I am interested in maths

An analysis of variance was conducted with IntrInterest as the grouping variable. The
analysis of variance was not statistically significant (F = 0.791, p = 0.500), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students had a similar level of mathematical
literacy regardless of whether they felt that they were interested in mathematics. It is
possible that students who responded negatively would also have responded negatively
to any of their other subjects - that is, they do not find any of their school subjects
interesting or (even more strongly) they do not find school interesting at all. However
this does not appear to be reflected in the analysis.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix A. The pro-
portions of the categories were similar to this study (with a skew towards negative
responses), but the PISA data appears to show a trend towards higher mathematical
literacy as students become more positive about their interest in mathematics.
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4.5.5 Summary

The results of the four analyses indicate that were not significant differences in levels of
mathematical literacy between students who responded differently to the four statements
regarding their interest (or intrinsic motivation) in mathematics. That is, students had
similar levels of literacy regardless of how much they enjoyed mathematics.

The three international studies all demonstrate a level of association between the en-
joyment of mathematics and mathematical performance. The association appears to be
weaker than for the other attitude domains of instrumental motivation and self-concept.
For example, in PISA 2012, there was not a significant difference in literacy between
the first and fourth quartiles in intrinsic motivation, but there was a significant increase
in literacy as intrinsic motivation increased. This was not reflected in the analyses of the
data obtained in this study.

As with the other attitude sub-domains, the issue of causality could potentially be an
issue. It is feasible that prior outcomes and achievement in mathematics would influence
students’ enjoyment of mathematics. For example, students may have found that they
were more likely to “look forward to their maths lessons” if they were confident in their
ability due to prior achievement. It would be expected that this would exaggerate the
differences in mathematical literacy between students with positive or negative attitudes
in the domain of intrinsic motivation. However, this issue does not appear to be reflected
in the analysis of the data.

One significant difference between the analysis of the PISA data and the analysis of the
data in this study is that so far in this study each variable has been considered separately
(whereas they were combined into a single scale for the PISA studies). This may pro-
vide better discrimination between students and produce results that reflected the PISA
studies. This will be considered using hierarchical linear modelling in Chapter 8.

4.6 Teacher’s Practices

This section analyses the relationship between teachers’ practices (as reported by the
students) and the students’ mathematical literacy. For more information about the vari-
ables in this section, see Section 3.1.9 in Chapter 3.
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This section does not report the analysis of some teacher’s practices variables that were
not significant - for the results of these analyses see Appendix 4.

4.6.1 Problems on the board

“ I like maths but only when it’s explained so I understand ”

[Student A1]

An analysis of variance was conducted with TBoard as the grouping variable. The anal-
ysis of variance was statistically significant (F = 6.884, p = 0.000), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant differ-
ences between the ‘Every lesson’ group and the ‘Most lessons’ and ‘Sometimes’ groups.
The effect sizes for those comparisons were d = 0.521 and 0.520, respectively, which
indicates that the differences between those groups explained a medium proportion of
the variation in Literacy. Those these groups represent over 95% of the students in
this study. There were no significant differences between the other groups.

The analysis indicates that, in this study, students who identified that their teacher solved
problems on the whiteboard every lesson demonstrated a significantly higher mathe-
matical literacy than students whose teachers only used the whiteboard most lessons
or sometimes. However, the streaming of classes may have an effect on this analysis.
For example, it is possible that teachers would modify their instructional practices for
classes with different ability levels and that teachers’ use of the whiteboard does not
affect student literacy.

4.6.2 Sets investigations

“ I work better when I’m listing to music.

I prefer maths assignments as homework than questions from the book. ”

[Student A13]



4.6. TEACHER’S PRACTICES 87

An analysis of variance was conducted with TInvest as the grouping variable. The anal-
ysis of variance was statistically significant (F = 3.448, p = 0.018), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant dif-
ferences between the ‘Every lesson’ group and the ‘Never or hardly ever’ group. The
effect size for that comparison was d = 0.207, which indicates that the difference be-
tween the groups explained a small proportion of the variation in Literacy. There were
no significant differences between the other groups. However, there appeared to be a
trend in which the mean Literacy decreases with each successive group from ‘Never
or hardly ever’ to ‘Every lesson.’

The analysis indicates that, in this study, students who identified that their teacher set
investigations infrequently demonstrated a significantly higher mathematical literacy
than students whose teachers set them more frequently.

However, the relatively low size of the ‘Every lesson’ group means that caution should
be exercised before basing any conclusions on comparisons involving that group. Also,
the streaming of classes may have an effect on this analysis. For example, it is possible
that teachers would modify their instructional practices for classes with different ability
levels and that the use of investigations does not affect student literacy.

4.6.3 Uses technology

An analysis of variance was conducted with TTech as the grouping variable. The analy-
sis of variance was statistically significant (F = 3.936, p = 0.009), indicating that the
means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed a statistically significant
difference between the ‘Sometimes’ group and the ‘Never or hardly ever’ group. The
effect size for that comparison was d = 0.391, which indicates that the difference
between the groups explains a small proportion of the variation in Literacy. There are
no significant differences between the other groups. However, the ‘Most lessons’ group
had a similar level of Literacy to the ‘Sometimes’ group. Over 84% of students were
in the ‘Never or hardly ever’ or ‘Sometimes’ groups.
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The analysis indicates that, in this study, students who identified that their teacher
used technology infrequently demonstrated a significantly higher mathematical literacy
than students whose teachers used technology occasionally. However, the streaming of
classes may have an effect on this analysis. For example, it is possible that teachers
would modify their instructional practices for classes with different ability levels and
that the use of technology does not affect student literacy.

4.6.4 Teaches problem solving

“ I think that the maths is good when you have a good teacher that explains
what to do I don’t like it when the teacher just gives you a text book and
tells you to do work. ”

[Student C3]

An analysis of variance was conducted with TRoam as the grouping variable. The anal-
ysis of variance was not statistically significant (F = 2.600, p = 0.053), indicating
that the means of the groups were not significantly different.

Despite the overall analysis of variance not being statistically significant, post hoc analy-
ses using Tukey’s test (α = 0.050) showed a statistically significant difference between
the ‘Every lesson’ group and the ‘Most lessons’ group. Those two groups represent over
70% of the students in this study. The effect size for that comparison was d = 0.400,
which indicates that the difference between the groups explained a small to medium
proportion of the variation in Literacy. There were no significant differences between
the other groups.

The analysis indicates that, in this study, students who identified that their teacher quite
frequently discussed problem solving demonstrated a significantly lower mathematical
literacy than students whose teachers did so fairly frequently.

The question about problem solving strategies was intended to assess how often teachers
engaged students with higher level mathematical strategies and processes. For example,
two such strategies may involve generalising a solution to a simpler problem to help
solve a more complex problem or simplifying a problem by deconstructing it into dis-
crete parts or steps. These are strategies that are not problem-specific but that can be
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used and applied elsewhere.

It might be expected that this would be associated with students with higher levels of
mathematical literacy. However, it is possible that the question was too ambiguous and
students had other interpretations of ‘problem solving strategies.’ For example, students
may have considered problem-specific strategies - a set of procedural steps to solve a
particular problem - were problem solving strategies.

4.6.5 Summary

The following is a summary of all teacher’s practice variables, indicating whether or not
the overall analysis of variance was significant or not.

Table 4.2: Effect of Teacher’s Practice Variables on Literacy

Significant Not significant

Problems on the board Teaching new topics with textbook

Sets investigations Refers to the textbook

Uses technology Teacher roaming

Teaches problem solving

The results suggest that students whose teachers often solve problems on the board in
front of the whole class and do not frequently set investigations (short directed assign-
ments) or use technology to assist their teaching have a higher mathematical literacy.
However, there are a number of issues to consider alongside these results.

Firstly, as identified throughout this section, the streaming of classes may have had an
effect on these results. Teachers may change their instructional practices according to
the overall mathematical literacy of the class they are teaching. Thus, the lower mean
scores for those students whose teachers did not often solve problems on the board
or more frequently set investigations or used technology could be attributed to those
teachers modifying their practices in that way to suit the class. So, the instructional
practices are a product of the lower levels of literacy rather than the other way round -
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effectively an issue of causality.

Secondly, the results could reflect the teacher’s competence in and the students’ recep-
tion of those instructional practices - this particularly applies to the use of technology.
The lower mean scores for those students whose teachers use technology more fre-
quently does not necessarily mean that the use of technology was counter-productive or
necessarily not as effective as other practices. It is possible that teachers did not have
sufficient training or experience in using technology to supplement their teaching or that
students did not respond as readily to the use of technology.

The first problem could be addressed by ensuring that each class in the study is at the
same level of streaming. However, this is practically difficult because each school cohort
is different and each school may choose their own way in which to stream their classes.
To attempt to address this issue, this study will use hierarchical linear modelling tech-
niques in Chapter 8 to examine whether the relationships between these variables and
literacy varies between schools.

4.7 Required Practices

This section analyses the relationship between tasks students were required to under-
take (as self-reported) and their mathematical literacy. This is distinct from tasks and
practices actually undertaken by the students. The aim of these questions was to deter-
mine how often students were asked or required to do these things, but leaves open the
possibility that students chose not to attempt or complete them. For more information
about these variables, see Section 3.1.10 in Chapter 3.

This section does not report the analysis of required practices variables that were not
significant - for the results of these analyses see Appendix 4.

4.7.1 Textbook exercises

“ Good - the challenge

bad - repetetivness ”
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[Student A19]

An analysis of variance was conducted with RExer as the grouping variable. The analy-
sis of variance was statistically significant (F = 6.849, p = 0.000), indicating that the
means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant differ-
ences between the ‘Every lesson’ group and the ‘Most lessons’ and ‘Sometimes’ groups.
The effect sizes for those comparison were d = 0.413 and 0.564, respectively, which
indicates that the difference between the groups explained a medium proportion of the
variation in Literacy. Those three groups represent over 94% of the students in this
study. There were no statistically significant differences between the other groups.

The analysis indicates that, in this study, students who identified that they were required
to complete textbook exercises quite frequently demonstrated a significantly higher
mathematical literacy than students who were only required to complete textbook ex-
ercises less frequently. However, the streaming of classes may have had an effect on
this analysis. For example, it is possible that teachers would modify their instructional
practices for classes with different ability levels and that the use of investigations does
not affect student literacy.

4.7.2 Summary

The following is a summary of all required practices variables, indicating whether or
not the main analysis of variance was significant or not.
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Table 4.3: Effect of Required Practices Variables
on Literacy

Significant Not significant

Textbook exercises Textbook examples

Textbook theory

Provide reasoning

Memorisation

Complete for homework

The results suggest that students who are required to solve exercises from the textbook
more frequently have a higher mathematical literacy. There does not appear to be an
immediately discernable pattern that explains these results. Solving textbook exercises
had a significant effect, but the other textbook related variables did not have a signifi-
cant effect. Solving textbook exercises in class had a significant effect, but completing
textbook exercises for homework did not.

Solving textbook exercises is linked to the practice of teachers solving problems on the
whiteboard in front of the whole class, which was identified as significant in Section 4.6.
Both practices emphasise answering short-form and learning methods and procedures
and practising them. However, completing exercises for homework is also related and
did not have a significant effect.

However, there is something to consider alongside these results. As identified before
in Section 4.6 regarding teacher’s practices, the streaming of classes may have had an
effect on these results. Teachers may change their instructional practices according
to the overall mathematical literacy of the class they are teaching. Thus, the lower
mean scores for those students who were not required to solve textbook exercises as
frequently could be attributed to those teachers modifying their practices in that way to
suit the class. For example, teachers of lower ability classes may focus more on teacher
directed and assisted work rather than individual study.

This problem could be addressed by ensuring that each class in the study is at the same
level of streaming. However, this is practically difficult because each school cohort is
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different and each school may choose their own way in which to stream their classes. To
attempt to address this issue, this study will use hierarchical linear modelling techniques
in Chapter 8 to examine whether the relationships between these variables and literacy
varies between schools.

4.8 Student’s Practices

This section analyses the relationship between students’ practices (as self-reported) and
their mathematical literacy. This is distinct from tasks and practices that the teacher
has assigned the students, as in the previous section. The aim of these questions was
to determine how often students actually attempted these tasks. For more information
about these variables, see Section 3.1.11 in Chapter 3.

This section does not report the analysis of some student’s practices variables that were
not significant - for the results of these analyses see Appendix 4.

4.8.1 Individual textbook work

“ sometimes the textbooks are overused and it gets boring ”

[Student B4]

An analysis of variance was conducted with S Indiv as the grouping variable. The anal-
ysis of variance was statistically significant (F = 9.480, p = 0.000), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant differ-
ences between the ‘Every lesson’ group and the ‘Most lessons’ and ‘Sometimes’ groups.
The effect sizes for those comparisons were d = 0.449 and 0.757, respectively, which
indicates that the difference between the groups explained a medium to large proportion
of the variation in Literacy. There was also a significant difference between the ‘Most
lessons’ and ‘Sometimes’ groups. The effect size for that comparison was d = 0.437,
which indicates that the difference between the groups explained a medium proportion
of the variation in Literacy. Those three groups represented over 92% of the students
in this study. There were no significant differences between the other groups.
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The analysis indicates that, in this study, students who identified that they worked in-
dividually on textbook work more frequently demonstrated a significantly higher math-
ematical literacy than students who did so less frequently. However, the streaming of
classes may have an effect on this analysis. For example, it is possible that teachers
would modify their instructional practices for classes with different ability levels and
that the the proportion of time spent on individual textbook work does not affect student
literacy.

4.8.2 Group projects

“ I enjoy maths when I understand it, but I feel the ‘projects’ are pretty
useless - as we don’t use the info again. ”

[Student B11]

An analysis of variance was conducted with S Invest as the grouping variable. The
analysis of variance was statistically significant (F = 6.503, p = 0.000), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant differ-
ences between the ‘Never or hardly ever’ group and the ‘Sometimes’ and ‘Most lessons’
groups. The effect sizes for those comparison were d = 0.380 and 0.605, respectively,
which indicates that the difference between the groups explained a medium proportion
of the variation in Literacy. These three groups represented over 98% of the students
in this study. There were no significant differences between the other groups.

The analysis indicates that, in this study, students who identified that they worked on
group projects more frequently demonstrated a significantly lower mathematical literacy
than students who did so less frequently. However, the streaming of classes may have
an effect on this analysis. For example, it is possible that teachers would modify their
instructional practices for classes with different ability levels and that the proportion of
time spent on group projects does not affect student literacy.
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4.8.3 Help others

An analysis of variance was conducted with S Helping as the grouping variable. The
analysis of variance was statistically significant (F = 3.688, p = 0.013), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant dif-
ferences between the ‘Every lesson’ group and the ‘Sometimes’ and ‘Never or hardly
ever’ groups. The effect sizes for those comparisons were d = 0.385 and 0.409, re-
spectively, which indicates that the difference between the groups explained a medium
proportion of the variation in Literacy. There were no significant differences between
the other groups.

Due to the violation of the assumption of homogeneity, it may be more appropriate to
use the Games-Howell test to undertake the post hoc analyses. The Games-Howell test
(α = 0.050) showed statistically significant differences between the ‘Every lesson’
group and the ‘Sometimes’ and ‘Never or hardly ever’ groups. The effect sizes for
those comparisons were d = 0.435 and 0.502, respectively, which indicates that
the difference between the groups explained a medium proportion of the variation in
Literacy. There were no significant differences between the other groups.

The analysis indicates that, in this study, students who identified that they helped others
more frequently demonstrated a significantly higher mathematical literacy than students
who did so less frequently. However, it might be expected that there would be a corre-
lation between students’ literacy and their likelihood to help other students with class-
work. Therefore, further analyses are required before drawing a conclusion about the
effect of helping others on student literacy.

4.8.4 Others help me

An analysis of variance was conducted with S Helped as the grouping variable. The
analysis of variance was not statistically significant (F = 0.797, p = 0.497), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students had a similar level of mathematical
regardless of how often they received help from other students. Considering the results
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of the previous analysis of variance with S Helping this might suggest that helping other
students was associated with higher literacy, but that receiving help was equally preva-
lent across all levels of literacy. A possible explanation is that there are groups of higher
literacy students who help each other and collaborate in class, however this requires
further investigation before any conclusions are drawn.

4.8.5 Summary

The following is a summary of all student’s practices variables, indicating whether or
not the main analysis of variance was significant or not.

Table 4.4: Effect of Student’s Practices Variables on Liter-
acy

Significant Not significant

Individual textbook work Textbook work with others

Group projects Others help me

Help others Textbook method

The results suggest that students who do individual textbook work and help others
more frequently and do group projects less frequently have a higher mathematical liter-
acy.

One practice (or group of related practices) that is consistent throughout three sections
on teacher and student practices is the significance of working on exercises from the
textbook. The teacher solving problems from the textbook on the whiteboard, students
being required to work on exercises from the textbook and students doing individual
work from the textbook were all connected with significantly higher levels of mathe-
matical literacy. Of course, there is an association between these practices and they are
likely to occur in the same classroom.

The result that increased frequency of group projects has a negative association with
literacy is also likely to be related to the negative association between literacy and the
teacher setting investigations (as demonstrated in Section 4.6.2). Investigations may be
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set as individual tasks - often completed over one or two weeks and submitted to the
teacher for marking - but also as group projects. It is interesting to note that working
in a group on projects is associated with lower levels of literacy, whereas working with
others on the textbook was not significant.

While working with other students and receiving help from other students did not make a
significant difference in literacy, helping other students was associated with significantly
higher levels of literacy. It seems likely that this is because students with higher levels
of literacy would be capable of offering assistance more frequently and were possibly
more confident in their ability to do so. This is effectively an issue of causality - does
helping others lead to increase in that student’s understanding or does higher literacy
mean a student is more likely to help?

As identified before in Sections 4.6 and 4.7 regarding teacher’s practices and required
tasks, the streaming of classes may have had an effect on these results. Teachers may
change their instructional practices according to the overall mathematical literacy of the
class they are teaching. Thus, the lower mean scores for those students who solved
textbook exercises less frequently could be attributed to those teachers modifying their
practices in that way to suit the class. For example, teachers of lower ability classes may
focus more on teacher directed and assisted work rather than individual study - which
could explain the results for individual textbook work and group projects.

4.9 Effective Teaching

This section analyses the relationship between the effectiveness of various teaching and
learning practices (as reported by the students) and students’ mathematical literacy. For
more information about these variables see Section 3.1.12 in Chapter 3.

The following is a summary of all effective teaching variables, indicating whether or not
the main analysis of variance was significant or not.
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Table 4.5: Effect of Effective Teach-
ing Variables on Literacy

Significant Not significant

Textbook questions

Textbook reading

Teacher explaining

Teacher solving

Other students

Technology

The results of these analyses are not reported here because they were not significant.
For the details of all of the analyses, see Appendix 4.

The results suggest that students had similar levels of mathematical literacy regardless
of which type of teaching and learning they felt was the most effective.

One of the issues with the analysis of effective teaching and learning practices is that
students were asked to rate each practice in order from least effective to most effective.
The use of this question format means there is no objective scale against which each
practice is measured - meaning there are potential changes in position and spread. That
is, for example, the most and least effective practices for each student are not necessarily
as effective for each student and the ‘gap’ (or interval) between them is not necessar-
ily the same for each student. However, similar issues would occur with other, more
complex question formats (such as a rating out of ten).

Another issue is the small sample size which, when split across six categories, can re-
duce the power of the analysis. However, there is no robust rationale for post-factum
combining categories (due to the problems raised with subjectivity). Regardless of this
issue, there does not appear to be a general discernible trend of literacy across the cat-
egories that would suggest a consistent relationship. In some cases, the mean scores
are higher on either end (most and least effective) than they are in the between cate-
gories.
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4.10 Sources

This section analyses the relationship between sources consulted by students outside
of the classroom and their mathematical literacy. For more information about these
variables, see Section 3.1.13 in Chapter 3.

This section does not report the analysis of some source variables that were not signifi-
cant - for the results of these analyses see Appendix 4.

4.10.1 Textbook

An analysis of variance was conducted with S oWeb as the grouping variable. The
analysis of variance was statistically significant (F = 4.754, p = 0.030), indicating
that the means of the groups were significantly different.

The analysis indicates that, in this study, students who used the textbook outside of
class had a significantly higher level of mathematical literacy than students who did
not. However, this is not sufficient to establish a causal connection between using the
textbook and literacy. For example, it might be expected that students with higher moti-
vation would be more likely to use the textbook and that the higher motivation was the
cause of the improved level of literacy.

4.10.2 Summary

The following is a summary of all external sources variables, indicating whether or not
the main analysis of variance was significant or not.
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Table 4.6: Effect of External Sources Vari-
ables on Literacy

Significant Not significant

Textbook Websites

Other books

Other students or siblings

Parents

Teachers

The results suggest that students who use textbooks outside of class have higher levels
of mathematical literacy. There were not significant differences between students who
did or did not use the other five sources, respectively.

One potential issue with this analysis is causality, which was mentioned above. Due to
the limitations inherent in this study, it cannot be determined whether the higher literacy
was caused by students using their textbook outside of class or vice versa.

Another potential issue, that applies more widely, is intra-group heterogeneity which
may be masking any differences between the two groups in each analysis. For example,
amongst the students who consult their parents for help with mathematics there may
be students who consult their parents because they are struggling with mathematics
and need help and other students who are higher achievers precisely because they are
diligent and motivated enough to seek help.

4.11 Conclusion

The analyses in this chapter have indicated that there were multiple factors in this study
which had a significant effect on the mathematical literacy of students. There were sig-
nificant factors in almost every section including students’ background, attitude towards
mathematics, teacher practices and classroom and home practices.
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Analyses in the section on students’ backgrounds indicated that students born in Aus-
tralia, who spoke primarily English at home, who expected to study at university and
whose parents had studied at university had significantly higher levels of mathemati-
cal literacy. However, there is insufficient evidence to indicate that male and female
students had significantly different levels of mathematical literacy.

However, students born overseas were more likely to primarily speak a language other
than English at home than students born in Australia. So, the results for those two vari-
ables indicate that there are underlying causes which mean students with non-English
and migrant backgrounds demonstrate lower levels of literacy. Possible issues include
the cultural capital of the family, length of time the children have been settled in Aus-
tralia, fluency in English, prior educational opportunities and inadvertent bias in the
construction of the literacy instruments.

Similarly, students who parents had studied at university were more likely to study at
university than students who parents had not studied at university. Again there are
underlying issues such as socio-economic status and cultural capital of the family. For
example, university-educated parents may create better opportunities for their children
and emphasise the importance of academic achievement leading to higher educational
expectations and higher levels of literacy.

This also highlights the issue of causality. The direction of causality between students’
expected education and mathematical literacy is not as clear as, for example, parents’
education and students’ mathematical literacy. For example, intentions to study a uni-
versity degree may encourage students to apply themselves academically at school or
high levels of literacy may encourage and allow students to aim for a career that requires
a university-level education.

The association between the language and education variables and students’ mathemat-
ical literacy will be further explored using hierarchical linear modelling techniques in
Chapter 8. This will determine if there is a significant overlap in the effect on literacy
within these two pairs of variables or if they have significant and independent effects
on literacy. However, it is beyond the scope of this study to unpack the potentially
complicated causality of parents’ education, expected education and literacy.

Analyses in the three attitude sections (instrumental motivation, self-concept and in-
trinsic motivation), indicated that students with higher levels of self-concept had sig-
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nificantly higher levels of mathematical literacy. However, there were no significant
differences between students based on their instrumental or intrinsic motivation.

Students who had stronger self-belief and self-confidence about their ability to learn and
understand mathematics and achieve good results in class had higher levels of literacy.
There were no differences between students that depended on whether they felt mathe-
matics was useful and valuable for their future studies, career and employment prospects
or were interested in mathematics and enjoyed learning about mathematics.

However, regarding students’ self-concept, there are the issues of causality and con-
founding. For example, when responding to the statement “I get good marks in maths”
students would have reflected upon their prior achievement in mathematics which would
have an effect on their mathematical literacy. It is unknown to what extent the effect of
self-concept on literacy is just the product of prior achievement on self-concept and
literacy and whether self-concept had an effect on literacy or vice versa.

Another issue is the relatively poor discrimination of the instrumental motivation items.
A large proportion of students indicated that they appreciated the importance and value
of mathematics, but the analyses did not indicate that this had an effect on literacy.
This may be because the items were not sufficiently granular and failed to differentiate
between students. This will be explored by combining the items in each of the three
domains into their own scale and employing hierarchical linear modelling techniques in
Chapter 8.

Analyses in the section on teacher’s practices indicated that students whose teachers
solved problems on the whiteboard and required students to solve exercises more fre-
quently and set investigations and used technology less frequently had significantly
higher levels of mathematical literacy. However, students were not significantly dif-
ferent regardless of how frequently their teacher taught new topics with the textbook,
referred to the textbook, roamed around the class, taught problem solving or required
students to read textbook examples or theory, provide mathematical reasoning, under-
take memorisation tasks or complete work for homework.

Analyses in the section on student’s practices indicated that students who did individual
textbook work and helped other students more frequently and did group projects less
frequently had significantly higher levels of the literacy. However, students were not
significantly different regardless of how frequently they did textbook work with other
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students, other students helped them or they used the method prescribed in the text-
book.

Analyses in the section on sources consulted outside of the classroom indicated that stu-
dents who used the textbook outside of class had significantly higher levels of mathe-
matical literacy. However, students were not significantly different regardless of whether
they consulted websites, books other than the textbook, other students or siblings, their
parents or their teachers outside of class.

One common link between teacher’s practices, required tasks, student’s practices and
external sources is the significance of textbook exercises. The teacher solving problems
from the textbook on the whiteboard, students being required to solve exercises from
the textbook and students doing individual work using the textbook more frequently and
students using their textbook at home were all linked to higher levels of literacy.

As these practices are connected - students required by their teacher to solve exercises
from the textbook would be more likely spend time in class and at home doing individual
textbook work - it is likely they explain the same variance in literacy. This will be
further explored by constructing a combined model of all the effects of literacy using
hierarchical linear modelling in Chapter 8.

The streaming of mathematics classes by ability may also have had an effect on these
analyses. Teachers of higher ability classes may be more likely to set individual text-
book work, whereas teachers of lower ability classes may be more likely to engage in
other instructional practices to suit their classes. This study will attempt to address this
issue using hierarchical linear modelling techniques in Chapter 8 by examining whether
the relationship between practices and literacy changes from class to class.

Another way of addressing the issue of the streaming of class would be to incorporate
teachers within the research. A survey questionnaire could be constructed to determine
whether class was streamed by ability and whether they had their changed their instruc-
tional practices to suit the class. This would allow for other variables to be taken into
account such as class-level variables (e.g. class size and teacher’s background, training
and experience of mathematics) and school-level variables (e.g. school size and teacher
support). This was not possible within the scope of this study, but it is a consideration
for future research in this area.
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This study suggests two possible ways of classifying these classroom practices variables
that may reveal connections and similarities between them. They can be classified ac-
cording to whether the practice was focused on the whole class, individuals or small
groups, i.e. whether that practice involved the teaching of the whole class together,
students doing work individually or students forming small groups to do work.

Practices which the analyses indicated had a significant positive or negative effect on
literacy have been highlighted in bold text.

Class Teacher solving problems on the whiteboard, using
the textbook to introduce new topics and referring to
the textbook

Individual Doing investigations, solving exercises from the
textbook, using the textbook outside of class,
teacher roaming the classroom, reading examples or
theory from the textbook, providing mathematical
reasoning, completing work for homework, using the
textbook-prescribed method, using websites and other
books outside of class

Group Group projects, helping other students, being
helped by others, solving textbook exercises with
other students, consulting siblings, parents and teach-
ers outside of class

Mixed Using technology, memorising, teaching problem
solving strategies

This classification does not seem to indicate that any type of work had a consistent effect
on literacy - there were significant practices that involved the teacher in front of the class
and students doing individual and group work. Another potential way of classifying the
practices is according to whether the students were externalising their learning (e.g.
solving problems and talking to others) or internalising their learning (e.g. listening and
reading).

Practices which the analyses indicated had a significant positive or negative effect on
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literacy have been highlighted in bold text.

Externalised Doing investigations, solving exercises from the
textbook, group projects, helping other students,
using the textbook outside of class, providing math-
ematical reasoning, completing work for homework,
solving textbook exercises with other students, using
the textbook-prescribed method

Mixed Teacher solving problems on the whiteboard, us-
ing technology, teacher roaming the classroom,
memorising, using websites and other books outside
of class, consulting siblings, parents and teachers out-
side of class, teaching problem solving strategies

Internalised Teacher using the textbook to introduce new topics,
teacher referring to the textbook, reading examples or
theory from the textbook, being helped by others

This classification seems to indicate that only practices that involved the students in
externalised work (i.e. work which produced something that could be marked) had
a significant effect on their literacy. That is, practices that relied more on tasks like
producing written work were more likely to have an effect on their literacy. However,
this is just an indication of areas of interest for future research and this is not sufficient
evidence on which to base any conclusions. Future studies may concentrate on how
lessons are structured, how the teacher promotes interactivity and how much lesson
time is devoted to various practices.

This suggests another way to improve upon this study for future research - incorporat-
ing items that can be constructed into scales representing different types and styles of
classroom practices. Many of the items in this study are based on items (or style of
items) used in the PISA 2003 cycle. After this study had already commenced the ma-
terials from PISA 2012 were released which contained improvements which would be
useful for studies in this area in the future. PISA 2012 includes scales such as disci-
plinary climate of the classroom, students’ experience with pure/applied mathematics
tasks, intentions for future study, teacher-directed instruction and teacher-student rela-



106 CHAPTER 4. LITERACY

tions.

Scales could be used too further investigate the concepts such as “externalised” prac-
tices (e.g. solving exercises) and “internalised” practices (e.g. reading), teacher-focused
learning (e.g. the teacher solving problems on the board) or student-focused learning
(e.g. solving exercises individually) and conceptual learning (e.g. learning mathemat-
ical theory and abstract concepts) or procedural learning (e.g. applying procedures to
problems) and their effect on mathematical literacy. The items that comprise these scales
could be considered by analysis of variance techniques (as in this chapter), but they
would be best be considered using hierarchical linear modelling techniques (such as in
Chapter 8).

The analyses in this chapter have indicated that a number of the variables in this study
have a significant effect on students’ mathematical literacy. This chapter has been useful
in identifying these variables and considering the differences between the groups defined
by these variables. The analyses have also identified important issues that must be con-
sidered when drawing any conclusions, such as the streaming of classes and causality.
Some of these issues can be addressed within the scope of this study and will be con-
sidered by using hierarchical linear modelling techniques in Chapter 8. However there
are other issues that cannot be addressed by this study, but are noted for consideration
in future research.



Chapter 5

Effects on Attitude Towards
Mathematics

5.1 Introduction

The aim of this chapter is to address the research question: what effect do classroom
behaviours and practices in mathematics classes have on students’ attitude towards
mathematics? The analyses were conducted by using variables derived from the student
survey as the independent (or grouping) variable and attitude towards mathematics as
the dependent (or outcome) variable. The analyses aim to determine whether there is
a significant difference in the levels of mathematical literacy between different groups
defined by each variable.

Many of variables under consideration are the same or similar to variables used in the
Programme for International Student Assessment (PISA) which also investigates stu-
dents’ attitude towards mathematics. Where applicable, results from the 2012 and 2003
cycles of PISA - the most recent studies available at the time of this analysis - are com-
pared to results from this study.

For this chapter, the three separate domains of instrumental motivation, intrinsic moti-
vation and self-concept have been combined into a single domain of attitude towards
mathematics. The three domains will (initially) be considered together as a single mea-
sure of students’ attitudes towards mathematics, but they can also be considered as sep-
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arate domains where appropriate or necessary. See Section 3.2 in Chapter 3 for more
information about the definition and construction of these domains.

In addition to variables based on students’ activities within and outside of the classroom
(tasks set by the teacher, student’s practices, effective teaching methods and external re-
sources) and their teachers’ activities (teacher’s practices), the analysis was conducted
using variables based on students’ background and future intentions to study mathemat-
ics.

The analyses are grouped into seven sections each focusing on a group of variables that
have a similar focus: students’ background and education, future intentions to study
mathematics, teacher’s practices, required tasks, student’s practices, effective teaching
practices and external sources. There is a summary at the end of each section which aims
to compare and analyse the results of that section and identify any issues and problems
with the analyses.

This chapter is focused on the discussion of the results and only states abbreviated re-
sults for each analysis. Full results including descriptive statistics and the analyses of
variance (including post hoc tests) can be found in Appendix C.

5.2 Background and Education

In this section, the analyses examine the relationship between students’ background
characteristics, their educational aspirations and their parents’ educational background
and their attitude towards mathematics.

The purpose of this section is to provide a greater understanding of the cohort of students
in this study, examine the influence of potentially significant background characteristics
and provide a comparison and contrast to the later analyses of classroom practices.
Considering these variables helps to build a profile of the various influences on stu-
dents’ attitude towards mathematics and to identify variables that may have significant
interactions with other variables.
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5.2.1 Sex

An analysis of variance was conducted with S ex as the grouping variable. The analysis
of variance was statistically significant (F = 10.051, p = 0.002), indicating that the
means of the two groups were significantly different.

The analysis indicates that, in this study, male students were significantly more positive
towards mathematics than female students. However, there is cause for concern regard-
ing the ratio of female to male students (38% to 62%) which did not accurately reflect
the ratio in the student population.

The result of analysis compels further investigation into why female students are less
positive towards mathematics than male students, especially as Section 4.2.1 in Chap-
ter 4 demonstrated there was no significant difference in mathematical literacy between
male and female students. Is attitude towards mathematics associated with mathemati-
cal literacy? Is this association more significant for male students then female students
and, if so, what are the underlying causes of this?

At this point of this study only speculation can be offered. Further investigation can be
done by including sex, attitude towards mathematics and mathematical literacy in the
same model and this will be considered using hierarchical linear modelling techniques
in Chapter 8.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix C. The results
reflected the results from this study.

5.2.2 Country of birth

An analysis of variance was conducted with Country of Birth as the grouping variable.
The analysis of variance was not statistically significant (F = 3.421, p = 0.066),
indicating that the means of the two groups were not significantly different.

The analysis indicates that, in this study, there was not a significant difference be-
tween the attitude of students based on their country of birth (at the chosen level of
significance). This is interesting when compared with the results from Section 4.2.2 in
Chapter 4, which demonstrate that Australian students had significantly higher levels
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of mathematical literacy. Despite the lack of statistical significance, if anything, Ta-
ble C.22 could demonstrate that migrants students tended to a more positive attitude
towards mathematics.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix C.

The results for PISA 2012 and 2003 concerning attitude towards mathematics provide
an interesting comparison to the results concerning mathematical literacy cited in Sec-
tion 4.2.2 in Chapter 4. The PISA 2012 results show that migrant students had signif-
icantly higher levels of mathematical literacy and attitude towards mathematics across
all three domains. Whereas the PISA 2003 results show that non-migrants and migrants
had similar levels of mathematical literacy, but migrants had a significantly more posi-
tive attitude towards mathematics across all three domains.

Neither of the results from the PISA studies match the result from this study in which
non-migrant students had significantly higher levels of literacy, but both groups had
similar levels of attitude towards mathematics. Sampling issues (mentioned in Sections
4.2.2 and 4.2.3 in Chapter 4) may have had an effect on this study.

5.2.3 Primary language

An analysis of variance was conducted with Primary Language as the grouping vari-
able. The analysis of variance was statistically significant (F = 11.025, p = 0.001),
indicating that the means of the two groups were significantly different.

The analysis indicates that, in this study, students who had a primary language other than
English had a significantly more positive attitude towards mathematics than students
whose primary language was English. However these results must be considered with
caution. The students have been categorised according to the language they use most
commonly at home, but this does not necessarily accurately reflect their competency
in that or other languages. Similar concerns were expressed in the Section 4.2.3 in
Chapter 4.

For example, some students may have primarily used a language other than English at
home because their parents were more comfortable in that language or lacked fluency
in English, but the students may have been spent their entire school life in schools with



5.2. BACKGROUND AND EDUCATION 111

English as the instructional language or have a similar competency in English to their
classmates. It is also feasible that some students would be similarly fluent in both their
primary and secondary language while other students may have a larger disparity in
fluency between their respective languages.

The results for mathematical literacy in Section 4.2.3 in Chapter 4 suggest that English
speaking students demonstrated significantly higher levels of mathematical literacy, but
the results from this section suggest they have a significantly less positive attitude to-
wards mathematics.

Should it be a goal of the education system to align these two characteristics - should
students with higher level of mathematical literacy also be more positive towards math-
ematics? What are the consequences of this potential disconnect between these two
characteristics? What is the underlying cause that means students who primarily spoke
another language at home were more positive about mathematics despite lower levels
of literacy? These are questions that can only be answered upon further reflection and
investigation.

Relevant results from the 2012 and 2003 PISA cycles are in Appendix C.

The results for mathematical literacy for PISA 2012 and 2003 in Section 4.2.3 in Chap-
ter 4 are again an interesting comparison. The PISA 2012 results shows that there was
no significant difference between the two language groups, but the PISA 2003 results
shows that, like in this study, English speakers had significantly higher levels of literacy.
As mentioned above, there should be an investigation into the causes and consequences
that mean a group can have a higher level of literacy than other group, but a similar or
less positive attitude than that other group.

5.2.4 Expected education

“ I believe that maths is one of the most important subjects in our education.
Even though it is very important, it is useless in our lifetime unless we want
to do further study with it ”

[Student B3]

An analysis of variance was conducted with Expected Education as the grouping vari-
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able. The analysis of variance was statistically significant (F = 22.389, p = 0.000),
indicating that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed statistically significant differ-
ences between the ‘Postgraduate’ group and the ‘Undergraduate’ and ‘Non-university’
groups, which effectively repeats the result from the previous analysis. The effect sizes
for those two comparisons were d = 0.617 and 0.885, respectively, which indicates
that the difference between the groups explained a medium to large proportion of the
variance in Attitude. However, in this analysis there was also a statistically significant
difference between the ‘University’ and ‘Non-university’ groups. This comparison had
an effect size of d = 0.379, which indicates that this difference also explained a small
to medium proportion of the variance in Attitude.

The relatively high proportion of students indicating that they would continue their ed-
ucation beyond undergraduate university, approximately 30%, appears unusual. Two
possibilities are that students tended to be ambitious when predicting their highest level
of education or misunderstood or misinterpreted the meaning of the statement “Higher
than a Bachelor degree.”

It should be noted that when students ticked multiple boxes in the expected education
question, their highest response was the only one recorded in the data (see Section 3.1.5
in Chapter 3). Nevertheless, it seemed reasonable to interpret students’ response to this
question as a proxy for their educational ambitions and aspirations - even if it did not
reflect a reasonable or likely outcome.

The analysis indicates that, in this study, students with high educational expectations
or intentions demonstrated a more positive attitude towards mathematics than students
who expected to complete less study. However, this is could be reflective of an asso-
ciation between educational expectations and achievement at mathematics (or school
generally).

However, the relationship between expected education and attitude towards mathemat-
ics requires further investigation before any conclusions are drawn. It may be that there
is a strong association between expected education and students’ academic performance
and the higher levels of performance are the underlying cause of the more positive atti-
tudes towards mathematics.
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Relevant results from the 2003 PISA cycle are in Appendix C.

The PISA results suggest that students who expected to complete a university education
(regardless of the degree or program) demonstrated a higher level of instrumental moti-
vation, intrinsic motivation and self concept than students who did not expect to study
at university. This is similar to the results for this study, in which the post hoc analyses
suggested significant differences between students expecting to complete a university
education (particularly those expecting a postgraduate degree) and other students.

The results for mathematical literacy in Section 4.2.4 in Chapter 4 show that students
expecting a postgraduate education had significantly higher levels of literacy than those
expecting an undergraduate or non-university education and those expecting an under-
graduate education had significantly higher levels than those expecting a non-university
education.

Unlike the previous sections regarding Country of Birth and Primary Language, the
results regarding literacy and attitude could be said to match. Students expecting higher
levels of education had significantly higher levels of literacy and more positive attitudes
towards mathematics. The results from PISA 2003 also followed the same pattern.

5.2.5 Parents’ education

An analysis of variance was conducted with Parents’ Education as the grouping vari-
able. The analysis of variance was statistically significant (F = 8.645, p = 0.004),
indicating that the means of the two groups were significantly different.

The analysis indicates that, in this study, students who had parents or guardians with
a higher level of education demonstrated a more positive attitude towards mathematics
than students whose parent or guardians had a lower level of education. However, as
with Expected Education, this may be due to an underlying association between the
parental education and achievement in mathematics (or school generally).

Relevant results from the 2012 and 2003 PISA cycles are in Appendix C.

The PISA 2012 results suggest that students whose parents had completed a university
education (regardless of the degree or program) demonstrated a higher level of instru-
mental motivation, intrinsic motivation and self concept than students whose parents did
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not complete a university education. There was also a significant difference (across all
three domains) between students whose parents had finished senior or junior secondary
school.

The PISA 2003 results reinforce the conclusions drawn from the 2012 PISA cycle and
this study. In all three studies, there was a significant difference between students whose
parents had a university education and those whose parents did not.

This is similar to the results for this study, in which the post hoc analyses suggested
significant differences between students whose parents had finished university (either
postgraduate or undergraduate) and those whose parents had finished Year 12 (or equiv-
alent).

The results for mathematical literacy in Section 4.2.5 in Chapter 4 show that students
whose parents had a university degree had significantly higher levels of mathemati-
cal literacy than students whose parents had a non-university education. Similarly to
Expected Education, the former group had significantly more positive attitudes to math-
ematics than the latter group. This pattern is also apparent in the results from the 2012
and 2003 PISA studies.

This has established that Parents’ Education had a significant effect on attitude to-
wards mathematics. The next step would be to investigate why parental education has
such an effect and to examine its interactions with other variables (especially Expected
Education).

5.2.6 Summary

The following is a summary of all background and education variables, indicating whether
or not there was a statistically significant difference between (some of) the groups. An
unfilled dot indicates there was not a statistically significant difference, a filled dot indi-
cates a statistically significant difference and a dash indicates that this variable was not
applicable for the corresponding study.
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Table 5.1: Effect of Background and Education Variables on
Attitude

Study PISA 2012 PISA 2003

Sex • • •

Country of Birth ◦ • •

Primary Language • • •

Expected Education • - •

Parents’ Education • • •

Across all three studies (where applicable) male students, students who primarily spoke
a language other than English at home, students who expected to achieve a university
education and students whose parents had been to university all demonstrated a more
positive attitude towards mathematics across the three domains of instrumental moti-
vation, intrinsic motivation and self concept. These students demonstrated a stronger
appreciation of the value of mathematics to their studies and career, a stronger interest
in learning about mathematics and a stronger belief in their mathematics ability.

As demonstrated by the two cross-tables, there is a strong association between Country
of Birth and Primary Language and between Expected Education and Parents’
Education. It may be that there were common underlying causes within these two pairs
that must be investigated further before any firm conclusions are drawn. This caution
also applies to S ex, where the difference may be caused by other factors strongly
associated with the students’ sex.

For example, it may be expected that parents who had been to university would encour-
age or expect their children to also attend university. Thus Expected Education would
be dependent on Parents’ Education. However, Parents’ Education itself may be de-
pendent on another factor such as socio-economic status, i.e. parents with a high level
of education are more likely to have a higher status and the higher status is the cause of
more positive attitudes towards mathematics.

The issue of association within the cultural and education variables will be considered
by including the variables in the same model using hierarchical linear modelling in
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Chapter 8.

Similar issues that applied to the relationship between the background and education
variables when considering mathematical literacy (see Section 4.2.6 in Chapter 4) also
apply when considering attitude towards mathematics. In particular, causality, sampling
and survey construction. Considering the scope of this study, the sample size is always
a limiting factor in attaining a representative sample of relatively small groups (such as
migrant students). Furthermore, do the constructed categories of ‘migrant’ and ‘primar-
ily speaks a language other than English at home’ provide a reasonable representation
of those groups?

Within the scope of this study, the direction of causality cannot be determined when
examining Expected Education and Attitude. Does the expectation of studying at uni-
versity drive students’ attitude towards mathematics or does a positive attitude towards
mathematics drive students’ educational expectations? There are other possibilities too:
for example, there may be an interdependent relationship between the two or they may
be indirectly associated through mathematical literacy.

Another consideration is whether the same relationship holds across different groups.
For example, does the relationship between Parents’ Education and Attitude hold
for migrant or first-generation children who have parents with relatively low levels of
education? Are there different cultural expectations and motivations for these children
compared with children born in Australia to Australian-born parents?

Cultural norms and expectations could also have an different effect on male and female
students and the careers and study pathways open to them. For example, do female stu-
dents relate less positively to mathematics because of expectations about the kind of jobs
they will be doing? Are male students more likely to see themselves as engineers?

These results are an indicator of where there are significant differences between those
groups and where future investigative efforts should be focused.

5.3 Teacher’s Practices

This section is analysing the relationship between teachers’ practices (as reported by the
students) and the students’ attitude towards mathematics. For more information about
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the variables in this section, see Section 3.1.9 in Chapter 3.

This section does not report the analysis of some teacher’s practices variables that were
not significant - for the results of these analyses see Appendix 5.

5.3.1 Sets investigations

An analysis of variance was conducted with TInvest as the grouping variable. The anal-
ysis of variance was statistically significant (F = 4.705, p = 0.003), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed significant differences be-
tween the ‘Every lesson’ group and the ‘Most lessons,’ ‘Sometimes’ and ‘Never or
hardly ever’ groups. The effect sizes for those comparisons were d = 0.493, 0.460
and 0.431, respectively, which indicates that the differences between the groups ex-
plained a small to medium proportion of the variability in Attitude. There were no
significant differences between the other groups.

The analysis indicates that, in this study, students who identified that their teacher
set investigations every lesson demonstrated a significantly less positive attitude to-
wards mathematics than students whose teachers set them less frequently. However,
the streaming of classes may have an effect on this analysis. For example, it is pos-
sible that teachers would modify their instructional practices for classes with different
ability levels and that the use of investigations does not affect students’ attitude towards
mathematics.

This is similar to the result for the effect of TInvest on Literacy. As Section 4.6.2 in
Chapter 4 demonstrated, students whose teachers set investigations “every lesson” had
significantly lower levels of literacy than students whose teachers set them “never or
hardly ever.” However drawing conclusions from either analysis is difficult due to the
relatively low size of the ‘Every lesson’ group.

A similar question was posed to students in the 2012 PISA cycle: students were asked
how often their teacher “assigns projects that require at least one week to complete.”
This question is not completely analogous to the one used in this study, but a comparison
may be useful. The results indicate that students whose teachers assigned project more
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frequently had more positive attitudes towards mathematics. The relevant results are in
Appendix C.

5.3.2 Teacher roaming

An analysis of variance was conducted with TRoam as the grouping variable. The anal-
ysis of variance was statistically significant (F = 4.986, p = 0.002), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed significant differences be-
tween the ‘Every lesson’ group and the ‘Sometimes’ group. The effect size for that
comparison was d = 0.458, which indicates that the difference between the groups
explained a small to medium proportion of the variation in Attitude. There was also a
significant difference between the ‘Most lessons’ group and the ‘Sometimes’ group. The
effect size for that comparison was d = 0.355, which indicates that the difference be-
tween the groups explained a small proportion of the variation in Attitude. These three
groups represented over 91% of the students in this study. There were no significant
differences between the other groups.

The analysis indicates that, in this study, students in classes in which the teacher roamed
more frequently had a significantly more positive attitude towards mathematics than
other students. However, the streaming of classes may have an effect on this analysis.
For example, it is possible that teachers would modify their instructional practices for
classes with different ability levels and that roaming does not affect students’ attitude
towards mathematics.

This differed to the result for the effect of TRoam on Literacy. As Section 4.6.5 in
Chapter 4 noted, there were no significant differences in mathematical literacy based on
how often teachers practised roaming around the classroom. Perhaps students responded
well to their teacher engaging with them and showing an interest in their learning, even
if it did not appear to have an effect on their understanding of mathematics. For example,
a student’s intrinsic motivation to learn mathematics may be enhanced by their teacher
demonstrating interest in mathematics.
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5.3.3 Summary

The following is a summary of all teacher’s practice variables, indicating whether or not
the main analysis of variance is significant or not.

Table 5.2: Effect of Teacher’s Practices Variables on Atti-
tude

Significant Non-significant

Sets investigations Problems on the board

Teacher roaming Teaching new topics with textbook

Refers to the textbook

Uses technology

Teaches problem solving

Over 65% of the students reported that, in at least most lessons, their teacher solved
problems on the whiteboard, referred to the textbook, roamed around the classroom
helping students and taught problem solving strategies. Similarly, over 65% of stu-
dents reported that their teacher used technology or set investigations no more often
than sometimes. This indicates a high level of homogeneity of teachers’ instructional
practices across all the schools.

The results suggest that students had a similar attitude towards mathematics regardless
of their teachers solving problems on the whiteboard, teaching new topics using the
textbook, referring to information in the textbook, using technology or teaching problem
solving strategies.

The results also suggest that students whose teachers set investigations less frequently
and roamed around the class helping students more frequently had a more positive at-
titude towards mathematics. However, the results from the 2012 PISA cycle do not
support the conclusion that more time spent on investigations or projects is detrimental
to students’ attitude towards mathematics.

The post hoc analyses involving TInvest showed that students who reported their teacher
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set investigations every lesson had a significantly less positive attitude towards mathe-
matics than all other students, but that the differences between the other groups were not
significant. Considering the relatively low size of the ‘Every lesson’ group and the re-
lated results of the PISA study, it would be inappropriate to draw any definite conclusion
without further analyses.

These same concerns do not apply to TRoam. Post hoc analyses showed a difference
between students whose teachers roamed every lesson and those whose teachers “never
or hardly ever” or “sometimes” roamed and between students whose teachers roamed
“most lessons” and those whose teachers “sometimes” roamed. There is a clear differ-
ence in attitude between students whose teachers often roam and those whose teachers
do not. However, it is possible the streaming of classes may have affected this re-
sult.

Schools may practice the streaming of classes by ability level, which potentially means
that high ability students (with a positive attitude towards mathematics) would be grouped
into one class at their school. If the teachers of these higher ability classes were more
likely to roam around the class, then the streaming would explain the difference in atti-
tude.

However, this seems unlikely to be the case as this does not appear to have affected
the other variables. The high level of homogeneity of instructional practices and the
similarity of the distribution of students across the four groups in TRoam to TBoard,

TTopics, TRe f er and TS trat, suggest the difference is associated with teachers’ roaming
practices.

It is interesting to note that most of the variables concern instructional practices which
are pre-planned and during which the teacher would be directed towards the whole class,
but the teacher roaming involves ad hoc and one-on-one (or one-on-few) contact with
students.

A teacher solving problems on the whiteboard, introducing a new topic, using tech-
nology or explaining problem solving strategies would likely be dictating to the class,
writing material to be copied on the whiteboard and demonstrating. However, when a
teacher is roaming the class and helping students when necessary they are engaging in
small discussions and directly responding to individual students.
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While there is not enough evidence to conclude that one-on-one or one-on-few contact
is associated with the difference in student attitudes towards mathematics, it suggests
an interesting avenue for further investigation. Do students who have more direct en-
gagement with their teacher have a more positive attitude towards mathematics? Is this
kind of direct engagement employed as often in other subjects and does it have a similar
effect on student attitudes?

There are some similarities with the effect of teachers’ practices on mathematical liter-
acy. As Section 4.2.6 in Chapter 4 demonstrated, teaching new topics with the textbook,
referring to the textbook and teaching problem solving were not associated with any
significant differences in literacy and this section demonstrates that they are not associ-
ated with any significant differences in attitude. The other similarity is that the teacher
setting investigations was associated with significantly lower literacy and less positive
attitude.

Streaming was also identified as an issue when examining the effects of literacy. Simi-
larly, hierarchical linear modelling techniques will be employed in Chapter 8 to exam-
ine whether the relationship between any of these variables and attitude varies between
schools.

5.4 Required Practices

This section is analysing the relationship between tasks students were required to un-
dertake (as self-reported) and their attitude towards mathematics. This is distinct from
tasks and practices actually undertaken by the students. The aim of these questions was
to determine how often students were asked or required to do these things, but leaves
open the possibility that students chose not to attempt or complete them. For more
information about these variables, see Section 3.1.10 in Chapter 3.

This section does not report the analysis of some required practices variables that were
not significant - for the results of these analyses see Appendix 5.
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5.4.1 Provide reasoning

An analysis of variance was conducted with RReason as the grouping variable. The
analysis of variance was statistically significant (F = 4.033, p = 0.008), indicating
that the means of the groups were significantly different.

Despite the overall analysis of variance being significant, post hoc analyses using Tukey’s
test (α = 0.050) showed no significant differences between any of the groups. How-
ever, there does seem to be a trend from less positive to more positive as students were
required to provide reasoning more frequently.

The analysis indicates that, in this study, students who were required to provide rea-
soning more frequently tended to have a more positive attitude towards mathematics.
However, the streaming of classes may have an effect on this analysis. For example,
it is possible that teachers would modify their instructional practices for classes with
different ability levels and that the providing reasoning does not affect students’ attitude
towards mathematics.

This differed to the result for the effect of RReason on Literacy. As Section 4.7.2 in
Chapter 4 noted, students had similar levels of literacy regardless of how often they
were required to provide reasoning. So, this suggests that a class environment in which
students required to engage more deeply with mathematics and articulate mathematical
processes and thinking is associated with more positive attitudes towards mathematics,
but not higher levels of literacy.

This poses interesting questions. Does this change in attitude arise because of the ac-
tions of the teacher (e.g. the teacher engages with mathematics and expects the students
to do likewise), the actions of the students (e.g. being required to articulate their rea-
soning leads to a deeper appreciation of mathematics) or a combination of both? Why
does this affect students’ attitude, but not their literacy?

There were similar questions posed to the students in the 2012 PISA cycle: students
were asked how often the “teacher asks me or my classmates to present our thinking
or reasoning at some length” and “teacher asks us to explain how we have solved a
problem.” These questions are not completely analogous to the one used in this study,
but a comparison may be useful. The results are in Appendix C.
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The results are in concordance with this study and suggest that students who were more
often encouraged to think and reason about mathematics and provide mathematical
explanations had a significantly more positive attitude to mathematics than students
who were not. However, the streaming of classes (and related change in instructional
practices) may have had a similar effect on the PISA results as it may have in this
study.

5.4.2 Memorisation

An analysis of variance was conducted with RMem as the grouping variable. The anal-
ysis of variance was statistically significant (F = 6.534, p = 0.000), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed significant differences be-
tween the ‘Every lesson’ group and the ‘Never or hardly ever’ group. The effect size for
that comparison was d = 0.591, which indicates that the difference between the groups
explained a medium proportion of the variation in Attitude. There was also a signifi-
cant difference between the ‘Most lessons’ and ‘Sometimes’ groups and the ‘Never or
hardly ever’ group. The effect sizes for those comparisons were d = 0.468 and 0.425,
respectively, which indicates that the difference between the groups explained a medium
proportion of the variation in Attitude. There were no significant differences between
the other groups.

The analysis indicates that, in this study, students who were required to do memorisation
tasks had a significantly more positive attitude towards mathematics than students who
were only required to do so very infrequently.

However, the relatively small size of the ‘Never or hardly ever’ group makes it difficult
to draw firm conclusions from this result. The post hoc analyses demonstrated signifi-
cant differences between that group and the other groups, but not between those other
groups.
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5.4.3 Summary

The following is a summary of all require variables, indicating whether or not the main
analysis of variance is significant or not.

Table 5.3: Effect of Required Practices Variables
on Attitude

Significant Non-significant

Provide reasoning Textbook exercises

Memorisation Textbook examples

Textbook theory

Complete for homework

A majority of students reported that, in at least most lessons, they were required to work
on textbooks exercises and complete textbook exercises for homework (over 80%) and
read examples from the textbook and practice memorisation (over 65%). Similar to the
section on teacher’s practices, this indicates a high level of homogeneity of classroom
practices across all the schools.

The results suggest that students had a similar attitude towards mathematics regardless
of being required to solve exercises from the textbook and complete them for homework
or read examples or theory from the textbook. The results also suggest that students
who were required to provide mathematical reasoning and practise memorisation had a
more positive attitude towards mathematics. The results of the PISA study support the
conclusion about students being require to provide reasoning.

However, there are issues with the analysis of RMem that must be addressed, similar
to the analysis involving TInvest in the section on teacher’s practices. The post hoc
analyses of RMem showed that students who reported they were rarely required to prac-
tise memorisation had a significantly less positive attitude towards mathematics than all
other students, but that the differences between the other groups were not significant.
The relatively low size of the ‘Never or hardly ever’ group means drawing a definite
conclusion is inappropriate in this circumstance.
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The overall analysis of variance for RReason was significant, but the post hoc analyses
did not show any significant differences between the groups (at the α = 0.050 level).
However, all the differences were significant at the α = 0.100 level, apart from the
differences between the adjacent groups at either end (i.e. ‘Every lesson’ and ‘Most
lessons’ and ‘Sometimes’ and ‘Never or hardly ever’). The supporting results from the
PISA study lend weight to this conclusion and suggest that the relatively small sample
size may have reduced the power of the analysis.

As noted above, the streaming of classes may have affected this analysis. It is a reason-
able possibility that teachers of higher ability classes would be more likely to engage
students with mathematics on a deeper level by asking them to provide mathematical
reasoning and explanations. If this were true, then the streaming of classes would ex-
plain the differences in attitude.

There are some similarities with the effect of required practices on mathematical lit-
eracy. As Section 4.7.2 in Chapter 4 demonstrated, reading examples or theory from
the textbook and being required to complete textbook exercises for homework were not
associated with any significant differences in literacy and this section demonstrates that
they are not associated with any significant differences in attitude.

Hierarchical linear modelling techniques will be employed in Chapter 8 to address the
issue of streaming by examining whether the relationship between any of these variables
and attitude varies between schools.

5.5 Student’s Practices

This section is analysing the relationship between students’ practices (as self-reported)
and their attitude towards mathematics. This is distinct from tasks and practices that the
teacher has assigned the students, as in the previous section. The aim of these questions
was to determine how often students actually attempted these tasks.

This section does not report the analysis of some students’ practices variables that were
not significant - for the results of these analyses see Appendix 5.
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5.5.1 Individual textbook work

An analysis of variance was conducted with S Indiv as the grouping variable. The anal-
ysis of variance was statistically significant (F = 5.233, p = 0.002), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed significant differences be-
tween the ‘Every lesson’ group and the ‘Sometimes’ and ‘Never or hardly ever’ groups.
The effect sizes for those comparisons were d = 0.412 and 0.475, respectively, which
indicates that the differences between the groups explained a medium proportion of
the variability in Attitude. There were no significant differences between the other
groups.

The analysis indicates that, in this study, students who identified that they worked indi-
vidually on textbook work more frequently demonstrated a significantly more positive
attitude towards mathematics than students who did so less frequently. However, the
streaming of classes may have an effect on this analysis. For example, it is possible
that teachers would modify their instructional practices for classes with different ability
levels and that the the proportion of time spent on individual textbook work does not
affect students’ attitude to mathematics.

This was similar to the result for the effect of S Indiv on Literacy. As Section 4.8.1
in Chapter 4 demonstrated, students who did individual work on the textbook more
frequently had significantly higher levels of mathematical literacy than other students.
However, this also flags the concern about the streaming of classes. It may be that
teachers of higher ability classes can allow more class time for such work, whereas
teachers of lower ability classes have to devote more class time to other activities (e.g.
working step-by-step through exercises on the whiteboard).

A similar question was posed to students in the 2003 PISA cycle: students were asked
how often they “work from books and other printed material.” This question is not
completely analogous to the one used in this study, but a comparison may be useful.
The results are in Appendix C.

The results are concordant with the results in this study, in which the post hoc analyses
showed that the ‘Every lesson’ group had a significantly more positive attitude towards
mathematics than the other groups. However, the streaming of classes based on ability
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may have had a similar effect on the PISA study as it may have had on this study.

5.5.2 Textbook work with others

An analysis of variance was conducted with S Other as the grouping variable. The anal-
ysis of variance was statistically significant (F = 4.754, p = 0.003), indicating that
the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed significant differences be-
tween the ‘Every lesson’ group and the ‘Never or hardly ever’ group. The effect size
for that comparison was d = 0.453, which indicates that the difference between the
groups explained a medium proportion of the variability in Attitude. There was also a
significant difference between ‘Most lessons’ and ‘Sometimes’ groups and the ‘Never
or hardly ever’ group. The effect sizes for those comparisons were d = 0.447 and
0.477, respectively, which indicates that the differences between the groups explained
a medium proportion of the variability in Attitude. There were no significant differ-
ences between the other groups.

The analysis indicates that, in this study, students who frequently spent time doing text-
book work with others had a significantly more positive attitude towards mathematics
than students who were only did so very infrequently. However, it is not appropriate to
base firm conclusions on this result without further investigation. All of the significant
differences are between the ‘Never or hardly ever’ group and the other groups and the
relatively small size of that group (less than 10%) is a concern.

One possible explanation is that students who “never or hardly ever” engage in textbook
work with other students are also not likely to engage in any other types of work in their
mathematics class. That is, they are disinterested in mathematics and this is reflected in
their attitude towards mathematics.

The streaming of classes may also have had an effect on this analysis. For example,
it is possible that teachers would modify their instructional practices for classes with
different ability levels and that the proportion of time spent on doing textbook work
with others does not affect students’ attitude.

This differed to the result for the effect of S Other on Literacy. As Section 4.8.5 in
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Chapter 4 noted, there were not significant differences in mathematical literacy between
students based on how often they did textbook work with other students.

There was a similar question posed to the students in the 2012 PISA cycle: students
were asked how often the “teacher has us work in small groups to come up with joint
solutions to a problem or task.” This question was not completely analogous to the one
used in this study, but a comparison may be useful. The results are in Appendix C.

The results are in concordance with this study and suggest that students who were more
often asked to work in small groups had a significantly more positive attitude to mathe-
matics than students who were not.

However, the group proportions are not similar to the ones in this study. In the PISA
study over 54% of students said their teacher had them work in small groups “never
or hardly ever” compared to this study in which under 10% of the students said they
do textbook work with others “never or hardly ever.” This suggests that the question in
PISA study was quite different to the one in this study.

5.5.3 Group projects

An analysis of variance was conducted with S Invest as the grouping variable. The
analysis of variance was statistically significant (F = 4.217, p = 0.006), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed significant differences be-
tween the ‘Sometimes’ group and the ‘Never or hardly ever’ group. The effect size for
that comparison was d = 0.442, which indicates that the difference between the groups
explained a medium proportion of the variability in Attitude. There were no significant
differences between the other groups.

The analysis indicates that, in this study, students who frequently spent time doing group
projects had a significantly more positive attitude towards mathematics than students
who were only did so very infrequently. However, the streaming of classes may have
an effect on this analysis. For example, it is possible that teachers would modify their
instructional practices for classes with different ability levels and that the proportion of
time spent on group projects does not affect students’ attitude.
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This differed to the result for the effect of S Invest on Literacy. As Section 4.8.2 in
Chapter 4 demonstrated, students who did group projects more frequently had signifi-
cantly lower levels of literacy than other students. This provides evidence that it may
not be the streaming of classes which has caused the variation in attitude.

5.5.4 Help others

An analysis of variance was conducted with S Helping as the grouping variable. The
analysis of variance was statistically significant (F = 10.262, p = 0.000), indicating
that the means of the groups were significantly different.

Post hoc analyses using Tukey’s test (α = 0.050) showed significant differences be-
tween the ‘Every lesson’ group and the ‘Most lessons,’ ‘Sometimes’ and ‘Never or
hardly ever’ groups. The effect sizes for those comparisons were d = 0.492, 0.597
and 0.711, respectively, which indicates that the differences between the groups ex-
plained a medium to large proportion of the variability in Attitude. There was also a
significant difference between the ‘Most lessons’ group and the ‘Never or hardly ever’
group. The effect size for that comparison was d = 0.401, which indicates that the
difference between the groups explained a small to medium proportion of the variability
in Attitude. There were no significant differences between the other groups.

The analysis indicates that, in this study, students who identified that they helped others
more frequently demonstrated a significantly more positive attitude to mathematics than
students who did so less frequently. However, it might be expected that there would be
a correlation between students’ ability and their likelihood to help other students with
classwork (and hence a correlation with their attitude). Therefore, further analyses are
required before drawing a conclusion about the effect of helping others on students’
attitude to mathematics.

This was similar to the result for Literacy in Section 4.8.3 in Chapter 4. Students who
more frequently help other students had significantly higher levels of literacy and more
positive attitudes towards mathematics.

There were similar questions posed to the students in the 2012 PISA cycle: students
were asked how often, including inside and outside of school, they “talk about math-
ematics problems with my friends” and “help my friends with mathematics.” These
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questions were not completely analogous to the one used in this study, but a comparison
may be useful. The results are in Appendix C.

The results are in concordance with this study and suggest that students who talked
about and helped their friends with mathematics had a significantly more positive at-
titude to mathematics than students who did not. However, any correlation between
students’ ability and their likelihood to talk about and help friends with mathematics
may have had a similar effect on the PISA results as it may have had in this study.

5.5.5 Textbook method

An analysis of variance was conducted with S Helping as the grouping variable. The
analysis of variance was not statistically significant (F = 1.636, p = 0.182), indicating
that the means of the groups were not significantly different.

The analysis indicates that, in this study, students had a similar attitude towards math-
ematics regardless of how often they used the method prescribed in the textbook. This
was similar to the result for Literacy noted in Section 4.8.5 in Chapter 4.

There was a similar question posed to the students in the 2012 PISA cycle: students
were asked how often “the teacher asks us to decide on our own procedures for solving
complex problems.” This question is not completely analogous to the one used in this
study, but a comparison may be useful. The results are in Appendix C.

The results differ from those in this study and suggest that students who were asked by
teachers to decide on their own procedures for solving problems had a significantly more
positive attitude to mathematics than students who did not. However, the streaming of
classes may have had an affect on this analysis - teachers of higher ability classes may
be more likely and more able to ask the students to decide on their own problem solving
strategies. The analysis in this study may have been affected by the relatively low sample
size reducing the power of the analysis.
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5.5.6 Summary

The following is a summary of all student’s practices variables, indicating whether or
not the main analysis of variance is significant or not.

Table 5.4: Effect of Student’s Practices Variables
on Attitude

Significant Non-significant

Individual textbook work Others help me

Textbook work with others Textbook method

Group projects

Help others

A majority of students reported that, in at least most lessons, they did individual work
from the textbook (over 65%) and did work from the textbook with others (over 60%).
Similarly, a majority of students reported that they did group projects (over 75%) and
others helped them with work (over 60%) no more often than sometimes.

The results suggest that students who did individual and group textbook work, group
projects and helped others more often had a significantly more positive attitude towards
mathematics. However, it is difficult to draw a firm conclusion for the effect of group
textbook work - the only significant differences were between one relatively small group
and the other groups.

The results also suggest that students had a similar attitude towards mathematics re-
gardless of how often others helped them or they followed the method prescribed in the
textbook. The results of the PISA study support the conclusion about individual text-
book work, group projects and helping other students, but suggest that students using
their own methods was also significant.

There are some substantial similarities with the analysis of the effect of students’ prac-
tices on mathematical literacy. As Section 4.8.5 in Chapter 4 demonstrated, individual
textbook work and helping others was associated with significantly higher levels of lit-
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eracy and helping others and using the textbook method was not associated with any
significant differences - similar to this study. The results for effect of individual text-
book work and helping others on literacy and attitude flag certain issues.

Individual textbook work may only be associated with higher literacy and more positive
attitudes because students have been grouped according to their literacy by their school
and teachers of higher level classes were more likely to set individual textbook work in
class. So, in that case, doing individual textbook work more frequently was a result of
higher levels of literacy rather than the cause and the more positive attitude was related
to the higher levels of literacy. So, this is an issue of causality, confounding and the
streaming of classes.

Similarly, students with higher literacy (and more positive attitudes) may be more likely
to help other students because they have the ability (and the confidence) to do so. So, in
that case, higher levels of literacy and a more positive attitude are ones of the causes that
drives students to help others. However, there may be a feedback interaction between
them. For example, a student may help another student because he or she understands
that problem better than the other student, but the act of explaining and demonstrating
the problem to someone else enhances their own understanding.

There is one notable difference between the effect of students’ practices on literacy and
attitude - working on group projects more frequently was associated with a positive
effect on attitude, but a negative effect on literacy.

5.6 Effective Teaching

This section is analysing the relationship between the effectiveness of various teach-
ing and learning practices (as reported by the students) and students’ attitude towards
mathematics. For more information about these variables see Section 3.1.12 in Chap-
ter 3.

This section does not report the analysis of some effective teaching variables that were
not significant - for the results of these analyses see Appendix 5.
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5.6.1 Textbook reading

An analysis of variance was conducted with EExamp as the grouping variable. The
analysis of variance was statistically significant (F = 3.038, p = 0.012), indicating
that the means of the groups were significantly different.

Despite the overall analysis of variance being significant, post hoc analyses using Tukey’s
test (α = 0.050) showed no significant differences between any of the separate groups.
However, there appeared to be a trend for students who consider textbook reading a more
effective learning activity to have a more positive attitude towards mathematics.

The result for the effect of EExamp on Literacy, noted in Section 4.9 in Chapter 4, also
did not show any significant differences.

5.6.2 Summary

The following is a summary of all effective teaching variables, indicating whether or not
the main analysis of variance is significant or not.

Table 5.5: Effect of Effective Teaching
Variables on Attitude

Significant Not significant

Textbook reading Textbook questions

Teacher explaining

Teacher solving

Other students

Technology

While the main analysis of the effectiveness of reading from the textbook was signifi-
cant, there were no significant differences between any of the groups.

These results are effectively the same as the results for the effect of these variables on
mathematical literacy in Section 4.9 in Chapter 4. The same issues with those results,
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which were identified in Section 4.9 in Chapter 4, are present in these results.

The subjective nature of the question posed means that they are differences in position
and spread between students. That is, “most effective” did not necessarily have the same
meaning for all students (position) and the difference or interval between categories was
not necessarily the same (spread). The power of the analysis was reduced because the
relatively small sample size in this study was split across six categories.

5.7 Sources

This section is analysing the relationship between sources consulted by students outside
of the classroom and their attitude towards mathematics. For more information about
these variables, see Section 3.1.13 in Chapter 3.

This section does not report the analysis of some source variables that were not signifi-
cant - for the results of these analyses see Appendix 5.

5.7.1 Websites

An analysis of variance was conducted with S oWeb as the grouping variable. The
analysis of variance was statistically significant (F = 4.091, p = 0.044), indicating
that the means of the groups were significantly different.

The analysis indicates that, in this study, students who had used websites outside of
class had a significantly more positive attitude towards mathematics than students who
did not. However, this is not sufficient to establish a causal connection between using
websites and attitude. For example, it might be expected that students with higher moti-
vation would be more likely to use websites outside of class and that a higher motivation
was associated with a more positive attitude.

This differed to the result for the effect of S oWeb on Literacy. As noted in Section 4.10
in Chapter 4, students had similar levels of literacy regardless of whether they used
websites outside of class.
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5.7.2 Textbook

An analysis of variance was conducted with S oText as the grouping variable. The
analysis of variance was statistically significant (F = 4.018, p = 0.046), indicating
that the means of the groups were significantly different.

The analysis indicates that, in this study, students who used the textbook outside of
class had a significantly more positive attitude towards mathematics than students who
did not. However, this is not sufficient to establish a causal connection between using
the textbook and attitude. For example, it might be expected that students with higher
motivation would be more likely to use the textbook and that a higher motivation was
associated with a more positive attitude.

This was similar to the result for Literacy noted in Section 4.10 in Chapter 4. This
indicates that it may be that highly motivated and literate students are more likely to use
the textbook outside of class - but does not establish a causal connection.

5.7.3 Other books

An analysis of variance was conducted with S oBooks as the grouping variable. The
analysis of variance was statistically significant (F = 8.111, p = 0.005), indicating
that the means of the groups were significantly different.

The analysis indicates that, in this study, students who used other mathematical books
had a significantly more positive attitude towards mathematics than students who did
not. However, this is not sufficient to establish a causal connection between using other
books and attitude. For example, it might be expected that students with higher motiva-
tion would be more likely to use other books and that a higher motivation was associated
with a more positive attitude.

This differed to the result for the effect of S oBooks on Literacy. As noted in Sec-
tion 4.10 in Chapter 4, students had similar levels of literacy regardless of whether they
used other books outside of class.



136 CHAPTER 5. ATTITUDE

5.7.4 Parents

An analysis of variance was conducted with S oParent as the grouping variable. The
analysis of variance was statistically significant (F = 4.184, p = 0.042), indicating
that the means of the groups were significantly different.

The analysis indicates that, in this study, students who consulted their parents had a sig-
nificantly less positive attitude towards mathematics than students who did not. How-
ever, this is not sufficient to establish a causal connection between consulting parents
and attitude. For example, it might be expected that students with a lower ability would
be more likely to consult their parents and that a lower ability was associated with a less
positive attitude.

This was differed to the result for the effect of S oParent on Literacy. As noted in
Section 4.10 in Chapter 4, students had similar levels of literacy regardless of whether
they consulted their parents or not.

5.7.5 Summary

The following is a summary of all external sources variables, indicating whether or not
the main analysis of variance is significant or not.

Table 5.6: Effect of External Sources Vari-
ables on Attitude

Significant Not significant

Websites Other students or siblings

Textbook Teachers

Other books

Parents

The results suggest that students who used websites, their assigned textbook and other
mathematics books outside of class were significantly more positive towards mathe-
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matics and students who consulted their parents outside of class were significantly less
positive towards mathematics.

There are two issues with this analysis, which were also discussed in the corresponding
section regarding Literacy, Section 4.10.2 in Chapter 4.

The first issue is causality - this analysis cannot determine in which direction the ef-
fect is acting. So, for example, students who use other mathematics books outside of
class may increase their understanding and appreciation of mathematics (i.e. their atti-
tude). However, students who are more positive towards mathematics may also be more
likely to interested in mathematics and devote additional time and energy to the studying
mathematics.

The second issue is intra-group heterogeneity - differences within the groups that are
masked by the analysis. So, for example, within the groups that consulted their teachers
outside of class, there may be students who did so because they were struggling with
their work and need extra help, but have a negative attitude towards mathematics, and
students who are interested and engaged with mathematics and want to learn more from
their teacher.

5.8 Conclusion

The analyses in this chapter have indicated that their were multiple factors in this study
which had a significant effect on students’ attitudes towards mathematics. There were
significant factors in almost every section including students’ background, attitude to-
wards mathematics, teacher practices and classroom and home practices.

Analyses in the section on students’ backgrounds indicated that students who were male,
who primarily spoke a language other than English at home, who expected to study at
university and whose parents had studied at university had significantly more positive
attitudes towards mathematics. However, students born in Australia and overseas had
similar attitudes towards mathematics.

Some issues that pertain to these results have already been discussed in Sections 4.2 and
4.11 in Chapter 4 - such as causality, sampling and survey construction - that are due to
the limited nature of this study. For example, within this study it cannot be determined
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whether attitude affects expected education or vice versa. The relatively small sample
size also makes it difficult to achieve a truly representative sample of relatively small
groups such as migrant students.

It is particularly noteworthy that male and female students had similar levels of mathe-
matical literacy, but male students were significantly more positive towards mathemat-
ics. Similarly, students who primarily spoke English at home had significantly higher
levels of literacy, but students who primarily spoke a language other than English at
home were more positive towards mathematics.

Further investigation is warranted to determine the underlying causes of these differ-
ences. If female students are equally capable at mathematics as male students, what
causes them to have a less positive attitude towards mathematics? Do the differences
lie in a particular sub-domain of attitude (i.e. instrumental motivation, self-concept or
intrinsic motivation)? What factors are affecting non-English speaking students, but not
English speaking students and vice versa?

The analyses regarding students’ backgrounds and their effects on literacy and attitude
suggest two important aspects to consider for future studies. Firstly, do the constructed
categories such as ‘born overseas’ and ‘primarily speaks a language other than English
at home’ sufficiently represent the actual background and experiences of these students?
Should a distinction be made between students born in Australia to migrant parents (i.e.
first generation) and other students born in Australia? Should students be asked what
language they use most often, are most comfortable using or use with their friends to
better represent their fluency in English?

Secondly, leading on from the first point, how can better understandings of families’
economic, social and cultural capital be used to improve this research? How do at-
tributes like financial position, accessible social networks, relationships, education and
qualifications, and values affect students’ access to education, their academic perfor-
mance and their attitude towards education? It is important to examine the interdepen-
dent relationships and effects of these factors. For example, a student with access to
good quality education may only take full advantage of this opportunity if they have a
strong and supportive family environment in which their education is encouraged and
valued. Investigating family capital would require an accompanying survey of students’
parents and is a consideration for future studies in this area.
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Analyses in the section on teacher’s practices indicated that students whose teachers
roamed around the class or required students to provide mathematical reasoning more
frequently had significantly more positive attitudes towards mathematics. However,
students had similar attitude towards mathematics regardless of how frequently their
teacher solved problems on the whiteboard, taught new topics with the textbook, re-
ferred to the textbook, used technology or taught problem solving strategies or required
students to solve textbook exercises, read examples or theory from the textbook, or
complete exercises for homework.

The analyses were inconclusive about the effect of the teacher setting investigations and
requiring students to practise memorisation. In each case, the analysis indicated that
there was a significant difference between one of the response categories and the other
three categories. The distribution of the students across the four categories in each item
and the relatively low sample size of this study mean that it is inappropriate to base
definite conclusions on these results.

Analyses in the section on student’s practices indicated that students who did individual
or group work on the textbook, group projects or helped other students more frequently
had significantly more positive attitudes towards mathematics. However, students had
similar attitudes towards mathematics regardless of how often other students helped
them or they used the method prescribed in the textbook. There was some concern again
about stating definite conclusions due to the distribution of students and the relatively
small sample size.

Analyses in the section on sources consulted outside of the classroom indicated that
students who used websites, the textbook or other mathematics books had significantly
more positive attitudes towards mathematics and students who consulted their parents
had significantly less positive attitudes. However, students had similar attitudes towards
mathematics regardless of whether they consulted other students, siblings or teachers
outside of class.

One issue that applies to many of the analyses in the classroom practices sections is
causality. For example, it might be expected that a student with higher levels of interest
in mathematics (i.e. intrinsic motivation) and to whom mathematics is important for
their future study (i.e. instrumental motivation) would have a stronger motivation to
put in more effort into their mathematics work and would be more likely to use their
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textbook, websites and other books outside of class.

It also possible that there is an interdependence between these two factors - being mo-
tivated to seek out additional mathematics material might in turn reinforce students’
attitude towards mathematics by exposing them to interesting and useful applications of
mathematics. It is beyond the scope of this study to resolve the issue of causality, but it
is important to consider when drawing conclusions from these results.

Many of the significant practice variables involve similar or related activities. For ex-
ample, solving textbook exercises with other students is likely to be closely linked with
helping other students and individual work from the textbook is likely to be closely
linked with using the textbook outside of class. There may be a significant overlap in
the variance in attitude that these variables are explaining, i.e. they are not responsible
for unique variations in attitude. This will be addressed in Chapter 8 when these vari-
ables will be considered as a part of single model predicting attitude using hierarchical
linear modelling.

As noted in Section 4.11 in Chapter 4, there may be an issue with the grouping or
streaming of classes. As many of classroom practices apply to the whole class, it may
be that there is an underlying factor that is responsible for that practice and more positive
attitudes towards mathematics across the class. For example, a teacher in a small class
of students who have been identified as “high achievers” may have more flexibility and
freedom to set group projects than a teacher in a large class of students who have not
been streamed by ability. This study will attempt to address this by using hierarchical
linear modelling techniques in Chapter 8 to examine whether the relationship between
attitude and any significant variables varies between classes.

As in Section 4.11 in Chapter 4, this study suggests two ways in which to classify
these classroom practices. They can be classified according to whether the practice
was focused on the whole class, individuals or small groups, i.e. whether that prac-
tice involved the teaching the whole class together, students doing work individually or
students forming small groups to do work.

Practices which the analyses indicated had a significant positive or negative effect on
attitude have been highlighted in bold text (or italicised if the analysis was inconclu-
sive).
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Class Teacher solving problems on the whiteboard, using
the textbook to introduce new topics and referring to
the textbook

Individual Teacher roaming the classroom, providing mathe-
matical reasoning, solving exercises from the text-
book, using the textbook, websites and other books
outside of class, doing investigations, reading exam-
ples or theory from the textbook, completing work for
homework, using the textbook-prescribed method,

Group Solving textbook exercises with other students,
group projects, helping other students, consulting
parents, being helped by others, consulting siblings
and teachers outside of class

Mixed Memorising, using technology, teaching problem
solving strategies

This classification does not seem to indicate that any type of work had a consistent effect
on attitude - there were significant practices that involved the students doing individual
and group work. Another potential way of classifying the practices is according to
whether the students were externalising their learning (e.g. solving problems and talking
to others) or internalising their learning (e.g. listening and reading).

Practices which the analyses indicated had a significant positive or negative effect on
attitude have been highlighted in bold text (or italicised if the analysis was inconclu-
sive).
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Externalised Providing mathematical reasoning, solving exer-
cises from the textbook, solving textbook exercises
with other students, group projects, helping other
students, using the textbook outside of class, doing
investigations, completing work for homework, using
the textbook-prescribed method

Mixed Teacher roaming the classroom, using websites
and other books outside of class, consulting par-
ents, memorising, teacher solving problems on the
whiteboard, using technology, consulting siblings and
teachers outside of class, teaching problem solving
strategies

Internalised Teacher using the textbook to introduce new topics,
teacher referring to the textbook, reading examples or
theory from the textbook, being helped by others

This classification seems to indicate that only practices that involved the students in ex-
ternalised work had a significant effect on their attitude. That is, practices that produced
work that could be marked were more likely to have an effect on their attitude towards
mathematics. However, this is just an indication of areas of interest for future research
and this is not sufficient evidence on which to base any conclusions. Future studies may
concentrate on how lessons are structured, how the teacher promotes interactivity and
how much lesson time is devoted to various practices.

The study of students’ attitudes towards mathematics would benefit from the suggested
improvements for future research detailed in Section 4.11 in Chapter 4. A survey of
the teachers whose classes were involved in the research would be useful, especially
if it could be used to measure teachers’ attitudes towards mathematics and the ways in
which they tried to promote students’ instrumental motivation, self-concept and intrinsic
motivation. Additional scales which measured classroom practices and environment
such as teacher-directed instruction, teacher-student relations and cognitive engagement
could also prove useful in examining students’ attitudes. However, additional scales, a
teacher survey and a parents survey (as suggested above) all place additional time and
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resource pressures on any research and increase the required levels of participation of
the subjects.

The analyses in this chapter have indicated that a number of the variables in this study
have a significant effect on students’ attitudes towards mathematics. This chapter has
been useful in identifying these variables and considering the differences between the
groups defined by these variables. The analyses have also identified important issues
that must be considered when drawing any conclusions, such as family capital and
causality. Some of these issues can be addressed within the scope of this study and will
be considered by using hierarchical linear modelling techniques in Chapter 8. However
there are other issues cannot be addressed by this study, but are noted for consideration
in future research.
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Chapter 6

Intentions to Study Mathematics

6.1 Introduction

The aim of this chapter is to address the research question: what effect do students’ and
teachers’ behaviours and practices in mathematics classes have on students’ intentions
to study mathematics? The analyses were conducted by using logistic regression tech-
niques with variables derived from the student survey as the independent (or predictor)
variables and stated intention to study any mathematics subject as the dependent (or
predicted) variable.

The analyses aim to determine which variables significantly improve the ability to pre-
dict which students intend to study mathematics. For example, is there a significant
improvement over random chance of successfully predicting if students intend to study
mathematics if it is known whether they are female or male? If so, it indicates that
the sex of students is an important factor and, if not, it indicates that it is not impor-
tant.

The object of this chapter is to produce a single overall model that demonstrates which
variables are significant influences on students’ intentions to study mathematics. After
each applicable variable has been analysed, the variables which were a significant im-
provement over random chance will be considered for inclusion in the overall model.
Only the variables which are the best predictors will be included in the overall model
and this will indicate which factors were the most significant influences on students’
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intentions.

In addition to variables based on students’ activities within and outside of the classroom
(tasks set by the teacher, student’s practices, effective teaching methods and external re-
sources) and their teachers’ activities (teacher’s practices), the analysis was conducted
using variables based on students’ attitude towards mathematics (in the domains of in-
strumental motivation, self-concept and interest) and background.

The analyses are grouped into nine sections each focusing on a group of variables
that have a similar focus: students’ background and education, instrumental motiva-
tion, self-concept, intrinsic motivation, future intentions to study mathematics, teacher’s
practices, required tasks, student’s practices, effective teaching practices and external
sources. There is a summary at the end of each section which aims to construct an
overall model for that section, including only the significant variables.

6.2 Background

In this section, the analyses examine the relationship between students’ background
characteristics, their educational aspirations and their parents’ educational background
and their intention to study any mathematics.

The purpose of this section is to provide a greater understanding of the cohort of students
in this study, examine the influence of potentially significant background characteristics
and provide a comparison and contrast to the later analyses of attitude and classroom
practices. Considering these variables helps to build a profile of the various influences
on students’ future intentions and to identify variables that may have significant inter-
actions with other variables.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 6.

6.2.1 Sex

The addition of S ex as a predictor variable to the constant only model produced a chi-
square of 7.388 with p = 0.007. This result was significant, which indicates that it
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significantly improved the predictive power of the model.

Female and male students were 3.190 and 8.917 times as likely, respectively, to
study mathematics as they were to not study mathematics. According to the Wald chi-
square statistic, there was a statistically significant difference between the two groups
(χ2

1 = 7.143, p = 0.008). The model indicates that the odds of male students studying
mathematics were 2.797 times that of female students.

The analysis indicates that the sex of students in this study had a significant effect on
students’ intention to study mathematics. Further investigation is required to determine
the underlying causes of the difference between male and female students.

6.2.2 Expected education

The addition of Expected Education as a predictor variable to the constant only model
produced a chi-square of 5.438 with p = 0.066. This result was not significant (at the
chosen level of significance), which indicates that it did not significantly improve the
predictive power of the model.

Students who expected to study up until a non-university education, undergraduate uni-
versity and postgraduate university were 3.300, 4.446 and 10.837 times as likely,
respectively, to study mathematics as they were not to study mathematics. According
to the Wald chi-square statistic, the overall effect of Expected Education was not sta-
tistically significant (χ2

2 = 4.796, p = 0.091), but students expecting to study up until
a non-university education were statistically significantly different to the students ex-
pecting to study up to postgraduate university (χ2

1 = 4.524, p = 0.033). The model
indicates that the odds of students in the ‘Non-university’ group studying mathematics
were 0.305 times that of students in the ‘Postgraduate’ group.

The analysis indicates that the expected education of students in this study did not have
a significant effect on students’ intention to study mathematics. Students were similarly
likely to study mathematics regardless of their educational expectations.
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6.2.3 Summary

The following is a summary of all background and education variables, indicating whether
or not there was a statistically significant difference between (some of) the groups. An
unfilled dot indicates there was not a statistically significant difference, a filled dot indi-
cates a statistically significant difference and a dash indicates that this variable was not
applicable for the corresponding study.

Table 6.1: Effect of Background and Education Variables
on Mathematics Intentions

Intentions Literacy Attitude

Sex • ◦ •

Country of Birth ◦ • ◦

Primary Language ◦ • •

Expected Education • • •

Parents’ Education ◦ • •

There was a significant difference between the ‘Non-university’ and ‘Postgraduate’
groups in the recategorised version of Expected Education and between the ‘Year
12’ and ‘Postgraduate’ groups in original version of Expected Education.

The following logistic regression was used to investigate the impact of all statistically
significant background variables on Pre fAny. So, S ex and Expected Education (re-
categorised version for simplicity) were entered forward stepwise into the constant
model using the likelihood ratio test.

In the first step, the addition of S ex as a predictor variable to the constant only model
produced a chi-square of 7.413 with p = 0.006. The result was effectively the same
model described in Section 6.2.1.

Expected Education was not added to the model as it had an overall chi-square of
χ2

2 = 4.848 with p = 0.089 after the first step. The two dummy variables - ‘Non-
university’ and ‘Undergraduate’ - had chi-squares of 2.505 (p = 0.113) and 0.350
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(p = 0.554), respectively.

The analysis indicates that of all the background variables in this study the sex of stu-
dents had the most significant effect on their intentions to study mathematics. Male stu-
dents were significantly more likely than female students to study mathematics.

The result is important because it provides an indication for the direction of further
investigation. Further research must be done to determine why female students have a
different engagement with mathematics than male students.

Analyses in previous chapters have shown that male and female students had similar
levels of literacy, but male students had a more positive attitude towards mathematics.
It is not female students’ ability to study mathematics that is dissuading them from
studying mathematics.

This prompts some questions that may be considered in future research. Is this result an
effect of male students being more likely to pursue careers and post-school education
that require mathematics? Is there a cultural factor that has a differential effect on male
and female students? Are there fewer female mathematics teachers at the secondary
school level to encourage female students?

6.3 Attitude (Instrumental Motivation)

This section analyses the relationship between students’ instrumental motivation and
their intentions to study mathematics. The students were asked to respond to four
statements about the importance and utility of mathematics to their future careers and
studies. See Section 3.2.1 in Chapter 3 for more detailed information about these vari-
ables.

6.3.1 Making an effort is worth it

“ Some aspects of maths I find interesting... but most of it I find very im-
practical. Most of the things I have learnt, I will never use outside the class
room ”
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[Student A4]

The addition of InstWork as a predictor variable to the constant only model produced a
chi-square of 13.478 with p = 0.004. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 1.000,
1.571, 4.263 and 12.429 times as likely, respectively, to study mathematics as they
were not to study mathematics. According to the Wald chi-square statistic, the over-
all effect of InstWork was significant (χ2

3 = 12.589, p = 0.006) and those students
who disagreed (χ2

1 = 11.019, p = 0.001) or agreed (χ2
1 = 5.220, p = 0.022) were

statistically significantly different to the students who strongly agreed. The compar-
ison with the ‘Strongly disagree’ category should be discounted due to the relatively
small size of the group. The model indicates that the odds of students who disagreed
and agreed studying mathematics were 0.126 and 0.343 times that of students who
strongly agreed.

The analysis indicates that InstWork had a significant effect on students’ intentions to
study mathematics.

6.3.2 Learning maths is worthwhile for my career

“ Maths will help in future careers for understanding how to complete a task
as efficiently as possible. I plan to icorperate maths in my future careers. ”

[Student B13]

The addition of InstCareer as a predictor variable to the constant only model produced
a chi-square of 29.900 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 1.399, 3.347 and 24.240
times as likely, respectively, to study mathematics as they were not to study mathe-
matics. According to the Wald chi-square statistic, the overall effect of InstCareer was
statistically significant χ2

3 = 16.231, p = 0.001) and those students who disagreed
χ2

1 = 13.485, p = 0.000‘) or agreed χ2
1 = 12.377, p = 0.000) were statistically

significantly different to the students who strongly agreed. The comparison with the



6.3. ATTITUDE (INSTRUMENTAL MOTIVATION) 151

‘Strongly disagree’ group can be discounted due to the relatively small size of the
group. The model indicates that the odds of students who disagreed and agreed studying
mathematics were 0.058 and 0.138 times, respectively, that of students who strongly
agreed.

The analysis indicates that InstCareer had a significant effect on students’ intentions to
study mathematics.

6.3.3 Maths is an important subject for my study

“ Maths is important because it’s required in most careers

I don’t enjoy Maths but I do it anyway because it’s important. ”

[Student A9]

The addition of InstS tudy as a predictor variable to the constant only model produced a
chi-square of 46.136 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 0.000,
1.751, 9.670 and 22.669 times as likely, respectively, to study mathematics as they
were not to study mathematics. According to the Wald chi-square statistic, the overall
effect of InstS tudy was statistically significant (χ2

3 = 21.286, p = 0.000) and those
students who disagreed were significantly different to the students who strongly agreed
(χ2

1 = 14.701, p = 0.000). The comparison with the ‘Strongly disagree’ group can
be discounted due to the relatively small size of the group. The model indicates that
the odds of students who disagreed studying mathematics were 0.077 times that of
students who strongly agreed.

The analysis indicates that InstS tudy had a significant effect on students’ intentions to
study mathematics.
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6.3.4 Maths will help me get a job

“ I know that maths is important in everyones lives and that I will need some
type of maths for whatever job I get in the future. ”

[Student A11]

The addition of InstJob as a predictor variable to the constant only model produced a
chi-square of 6.959 with p = 0.073. This result was not statistically significant, which
indicates that it did not significantly improve the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 1.000,
3.251, 5.249 and 12.001 times as likely, respectively, to study mathematics as they
were not to study mathematics. According to the Wald chi-square statistic, the over-
all effect of InstJob was not statistically significant (χ2

3 = 6.594, p = 0.086) and
those students who strongly disagreed (χ2

1 = 4.859, p = 0.028) and disagreed (χ2
1 =

3.929, p = 0.047) were statistically significantly different to the students who strongly
agreed. The comparison with the ‘Strongly disagree’ group would usually be discounted
due to the relatively small group size. The odds of students who strongly disagreed and
disagreed studying mathematics were 0.083 and 0.271 times, respectively, that of
students who strongly agreed.

While the overall test does not indicate this, the comparisons indicate that InstJob had
a significant effect on students’ intentions to study mathematics.

6.3.5 Summary

The results of the four logistic regression models suggest that all four instrumental mo-
tivation variables had a significant effect on students’ intentions to study mathematics.
Students who had a stronger appreciation of the value and utility of mathematics were
more likely to study mathematics.

As these four variables form the single sub-domain of instrumental motivation, it is
likely that there is a substantial collinearity between them. However, by using re-
sults of the Rasch analysis in Appendix I, the four variables can be considered as one
scale.
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The following logistic regression was used to investigate the impact of all statistically
significant instrumental motivation variables on Pre fAny. So, InstWork, InstCareer,

InstS tudy and InstJob were entered forward stepwise into the constant model using
the likelihood ratio test.

In the first step, the addition of InstS tudy as a predictor variable to the constant only
model produced a chi-square of 46.015 with p = 0.000. The result was effectively the
same model described in Section 6.3.3. The remaining variables, InstWork, InstCareer

and InstJob, were not added to the model as the overall chi-square scores were not
significant.

Table 6.2: Variables Not in the
Model (Instrumental
Motivation)

Chi-square Sig.

InstWork 1.160 0.763

InstCareer 4.930 0.177

InstJob 1.522 0.677

Another logistic regression was run with InstS tudy and Inst (i.e. the instrumental
motivation scale) entered forward stepwise into the constant model using the likelihood
ratio test. In the first step, InstS tudy was entered into the model first again. However,
Inst was not entered into the model as it did not produce a statistically significant
improvement in the model (χ2

1 = 0.295, p = 0.587).

The analysis indicates that of all the instrumental motivation variables in this study
InstS tudy had the most significant effect on their intentions to study mathematics. That
is, students’ feelings about the importance of mathematics to their future study was the
most influential factor. Students who agreed that mathematics was important to their
future study were significantly more likely to study mathematics than students who
disagreed mathematics was important to their future study.
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6.4 Attitude (Self-concept)

This section analyses the relationship between students’ self-concept and their inten-
tions to study mathematics. The students were asked to respond to five statements about
their self-belief and self-confidence in their mathematical ability. See Section 3.2.3 in
Chapter 3 for more detailed information about these variables.

6.4.1 I am just not good at maths

“ Most of the time I don’t know what our teacher is on about. ”

[Student B15]

The addition of S el fGood−R as a predictor variable to the constant only model produced
a chi-square of 30.227 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 0.500,
1.800, 8.306 and 16.996 times as likely, respectively, to study mathematics as they
were not to study mathematics. According to the Wald chi-square statistic, the over-
all effect of S el fGood−R was statistically significant (χ2

3 = 27.606, p = 0.000) and
those students who strongly disagreed (χ2

1 = 17.083, p = 0.000) or disagreed (χ2
1 =

9.915, p = 0.002) were statistically significantly different to the students who strongly
agreed. The odds of students who strongly disagreed and disagreed studying math-
ematics were 0.029 and 0.106 times, respectively, that of students who strongly
agreed.

The analysis indicates that S el fGood−R had a significant effect on students’ intentions
to study mathematics.

6.4.2 I get good marks in maths

The addition of S el fMarks as a predictor variable to the constant only model produced
a chi-square of 37.525 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.
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Students who strongly disagreed, disagreed, agreed and strongly agreed were 0.500,
0.945, 11.822 and 11.001 times as likely, respectively, to study mathematics as
they were not to study mathematics. According to the Wald chi-square statistic, the
overall effect of S el f Marks was statistically significant (χ2

3 = 35.813, p = 0.000)
and those students who strongly disagreed (χ2

1 = 5.127, p = 0.024) or disagreed
(χ2

1 = 12.609, p = 0.000) were statistically significantly different to the students who
strongly agreed. The comparison with the ‘Strongly disagree’ group would usually be
discounted due to the relatively small size of the group. The odds of students who
strongly disagreed and disagreed studying mathematics were 0.045 and 0.086 times,
respectively, that of students who strongly agreed.

The analysis indicates that S el fMarks had a significant effect on students’ intentions to
study mathematics.

6.4.3 I learn maths quickly

The addition of S el fQuick as a predictor variable to the constant only model produced a
chi-square of 36.622 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 0.625,
2.522, 25.997 and 6.001 times as likely, respectively, to study mathematics as they
were not to study mathematics. According to the Wald chi-square statistic, the overall
effect of S el f Quick was statistically significant (χ2

3 = 27.323, p = 0.000) and that
those students who strongly disagreed (χ2

=1, p = 0.002) or agreed (χ2
1 = 4.362, p =

0.037) were statistically significantly different to the students who strongly agreed. The
odds of students who strongly disagreed and agreed studying mathematics were 0.104
and 4.333 times, respectively, that of students who strongly agreed.

The analysis indicates that S el fQuick had a significant effect on students’ intentions to
study mathematics. However, students who agreed with the statement were significantly
more likely to study mathematics than students who strongly agreed. Students in both
groups, however, were significantly more likely to study mathematics than students who
strongly disagreed.
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6.4.4 Maths is one of my best subjects

The addition of S el fBest as a predictor variable to the constant only model produced a
chi-square of 34.375 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 1.000,
3.212, 12.667 and 46.993 times as likely, respectively, to study mathematics as
they were not to study mathematics. According to the Wald chi-square statistic, the
overall effect of S el f Best was statistically significant (χ2

3 = 26.067, p = 0.000)
and those students who strongly disagreed (χ2

1 = 12.615, p = 0.000) or disagreed
(χ2

1 = 6.454, p = 0.011) were statistically significantly different to the students who
strongly agreed. The odds of students who strongly disagreed and disagreed studying
mathematics were 0.021 and 0.068 times, respectively, that of students who strongly
agreed.

The analysis indicates that S el fBest had a significant effect on students’ intentions to
study mathematics.

6.4.5 I understand even difficult work

The addition of S el fUnder as a predictor variable to the constant only model produced
a chi-square of 14.693 with p = 0.002. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 1.385,
6.203, 8.998 and 7.501 times as likely, respectively, to study mathematics as they
were not to study mathematics. According to the Wald chi-square statistic, the overall
effect of S el f Under (χ2

3 = 15.717, p = 0.001) was statistically significant and those
students who strongly disagreed were significantly different to the students who strongly
agreed (χ2

1 = 4.083, p = 0.043). The odds of students who strongly disagreed studying
mathematics were 0.185 times that of students who strongly agreed.

The analysis indicates that S el fUnder had a significant effect on students’ intentions
to study mathematics. However, the difference appears to be between students who
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strongly felt they did not understand even the most difficult work and all other stu-
dents.

6.4.6 Summary

The results of the five logistic regression models suggest that all five self-concept vari-
ables had a significant effect on students’ intentions to study mathematics. Students
with a strong self-belief and self-confidence regarding mathematics were more likely to
study mathematics.

As these five variables form the single sub-domain of self-concept, it is likely that there
is a substantial collinearity between them. However, by using results of the Rasch anal-
ysis from Appendix I, the four variables can be considered as one scale.

The following logistic regression was used to investigate the impact of all statistically
significant self-concept variables on Pre fAny. So, S el fGood−R, S el fMarks, S el fQuick,

S el fBest and S el fUnder were entered forward stepwise into the constant model using
the likelihood ratio test.

The variables S el fMarks, S el fQuick and S el fBest were entered sequentially in that or-
der and at each step the model was significantly improved.

Table 6.3: Variables Entered in the Model (Self-concept)

-2 Log likelihood Chi-square Sig.

Step 1 SelfMarks 146.861 36.602 0.000

Step 2 SelfQuick 134.874 11.987 0.007

Step 3 SelfBest 119.053 15.821 0.001
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Table 6.4: Variables in the Equation (Self-concept)

b Std. error Wald Sig. exp(b)

SelfMarks 6.858 0.077

SelfQuick 14.207 0.003

SelfBest 11.355 0.010

Constant 3.106 1.051 8.728 0.003 22.323

The remaining variables, S el fGood−R (χ2
3 = 1.268, p = 0.737) and S el fUnder (χ2

3 =

7.752, p = 0.051) were not added to the model as the overall chi-square scores were
not significant.

Another logistic regression was run with S el fMarks, S el fQuick, S el fBest and S el f
(i.e. the self-concept scale) entered forward stepwise into the constant model using the
likelihood ratio test. In the firsts three steps, S el fMarks, S el fQuick and S el fBest were
entered into the model again. However, S el f was not entered into the model as it
did not produce a statistically significant improvement in the model (χ2

1 = 0.096, p =

0.756).

The analysis indicates that of all the self-concept variables in this study S el fMarks,

S el fQuick and S el fBest had the most significant effects on students’ intentions to study
mathematics. That is, students’ feelings about their marks, their ability to learn new ma-
terial quickly and mathematics being their best subject were the most influential factors.
Students who agreed that they got good marks, they learned mathematics quickly and
mathematics was their best subject were significantly more likely to study mathemat-
ics.

6.5 Attitude (Intrinsic Motivation)

This section analyses the relationship between students’ intrinsic motivation and their
intentions to study mathematics. The students were asked to respond to four statements
about their enjoyment of and interest in mathematics. See Section 3.2.2 in Chapter 3 for
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more detailed information about these variables.

6.5.1 I enjoy reading about maths

“ Maths is fun

Maths get you thinking ”

[Student A6]

The addition of IntrRead as a predictor variable to the constant only model produced a
chi-square of 23.929 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed and agreed were 1.399, 5.795, and 15.241
times as likely, respectively, to study mathematics as they were not to study mathe-
matics. According to the Wald chi-square statistic, the overall effect of IntrRead was
statistically significant (χ2

3 = 18.119, p = 0.000) and those students who disagreed
(χ2

1 = 10.498, p = 0.001) or agreed (χ2
1 = 14.981, p = 0.000) were significantly

different to students who strongly disagreed. The comparison with the ‘Strongly agree’
group has to be discounted because that group is unbalanced - i.e. all students in that
group indicated that were intending to study mathematics. The odds of students who
disagreed and agreed studying mathematics were 4.143 and 10.893 times, respec-
tively, that of students who strongly disagreed.

The analysis indicates that IntrRead had a significant effect on students’ intentions to
study mathematics. However, the main difference lies between students who strongly
felt they did not enjoy reading about mathematics and all other students.

6.5.2 I look forward to my maths lessons

“ I used to really dislike Mathamatics and growing up I really didn’t get
Math.. But in the last year and a half as I have had [our teacher] as a
teacher, I have really started to enjoy it. ”

[Student C7]



160 CHAPTER 6. INTENTIONS

The addition of IntrLook as a predictor variable to the constant only model produced a
chi-square of 28.487 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed and agreed were 0.846, 5.783 and 12.001
times as likely, respectively, to study mathematics as they were not to study mathemat-
ics. According to the Wald chi-square statistic, the overall effect of IntrLook was sta-
tistically significant (χ2

3 = 22.623, p = 0.000) and that those students who disagreed
(χ2

1 = 14.689, p = 0.000) and agreed (χ2
1 = 20.187, p = 0.000) were statistically

significantly different to the students who strongly disagreed. The comparison with the
‘Strongly agree’ group has to be discounted because that group is unbalanced. The odds
of students who disagreed and agreed studying mathematics were 6.838 and 14.182
times, respectively, that of students who strongly disagreed.

The analysis indicates that IntrLook had a significant effect on students’ intentions to
study mathematics. However, the main difference lies between students who strongly
felt they did not look forward to their lessons and all other students.

6.5.3 I do maths because I enjoy it

“ Maths is important because it’s required in most careers

I don’t enjoy Maths but I do it anyway because it’s important. ”

[Student A9]

The addition of IntrEn joy as a predictor variable to the constant only model produced a
chi-square of 28.955 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed and agreed were 1.200, 4.928 and 14.791
times as likely, respectively, to study mathematics as they were not to study mathe-
matics. According to the Wald chi-square statistic, the overall effect of IntrEn joy was
statistically significant (χ2

3 = 20.316, p = 0.000) and those students who disagreed
(χ2

1 = 9.589, p = 0.002) and agreed (χ2
1 = 18.800, p = 0.000) were statistically

significantly different to the students who strongly disagreed. The comparison with the
‘Strongly agree’ group has to be discounted because that group is unbalanced. The odds
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of students who disagreed and agreed studying mathematics were 4.107 and 12.333
times, respectively, that of students who strongly disagreed.

The analysis indicates that IntrEn joy had a significant effect on students’ intentions to
study mathematics. However, the main difference lies between students who strongly
felt they did not enjoy mathematics and all other students.

6.5.4 I am interested in maths

“ I don’t like it when I’m learning something that I see no use for in the real
world. It just seems like a waste of time when I could be learning about
skills that would help me. ”

[Student B10]

The addition of IntrInterest as a predictor variable to the constant only model produced
a chi-square of 25.569 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed and agreed were 0.800, 4.402 and 8.004
times as likely, respectively, to study mathematics as they were not to study mathemat-
ics. According to the Wald chi-square statistic, the overall effect of IntrInterest was
statistically significant (χ2

3 = 17.028, p = 0.001) and those students who disagreed
(χ2

1 = 8.358, p = 0.004) and agreed (χ2
1 = 17.018, p = 0.000) were statistically

significantly different to the students who strongly disagreed. The comparison with the
‘Strongly agree’ group has to be discounted because that group is unbalanced. The odds
of students who disagreed and agreed studying mathematics were 5.500 and 10.000
times, respectively that of students who strongly disagreed.

The analysis indicates that IntrInterest had a significant effect on students’ intentions to
study mathematics. However, the main difference lies between students who strongly
felt they were not interested in mathematics and all other students.



162 CHAPTER 6. INTENTIONS

6.5.5 Summary

The results of the four logistic regression models suggest that all four intrinsic moti-
vation variables had a significant effect on students’ intentions to study mathematics.
Students with a strong interest in and enjoyment of mathematics were more likely to
study mathematics.

As these four variables form the single sub-domain of intrinsic motivation, it is likely
that there is a substantial collinearity between them. However, by using results of the
Rasch analysis from Appendix I, the four variables can be considered as one scale.

The following logistic regression was used to investigate the impact of all statistically
significant intrinsic motivation variables on Pre fAny. So, IntrRead, IntrLook, IntrEn joy

and IntrInterest were entered forward stepwise into the constant model using the likeli-
hood ratio test.

In the first step, the addition of IntrLook as a predictor variable to the constant only
model produced a chi-square of 29.679 with p = 0.000. The result was effectively
the same model described in Section 6.5.2. The remaining variables, IntrRead, IntrEn joy

and IntrInterest, were not added to the model as the overall chi-square scores were not
significant.

Table 6.5: Variables Not in the
Model (Intrinsic Moti-
vation)

Chi-square Sig.

IntrRead 4.838 0.184

IntrEnjoy 2.983 0.394

IntrInterest 1.804 0.614

Another logistic regression was run with IntrLook and Intr (i.e. the intrinsic mo-
tivation scale) entered forward stepwise into the constant model using the likelihood
ratio test. In the first step, Intr was entered into the model instead of IntrLook. The
addition of Intr statistically significantly improved the model (χ2

1 = 32.078, p =
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0.000).

Table 6.6: Variables in the Equation (Intrinsic Motivation)

b Std. error Wald Sig. exp(b)

Intr 1.201 0.240 25.090 0.000 3.325

Constant 2.112 0.260 65.841 0.000 8.265

In this case IntrLook was not entered into the model as it did not produce a statistically
significant improvement in the model (χ2

3 = 2.064, p = 0.559).

The analysis indicates that of all the intrinsic motivation variables in this study IntrLook

had the most significant effect on students’ intentions to study mathematics. That is,
students’ feelings about looking forward to their mathematics lessons was the most
influential factor. However, using the intrinsic motivation scale (which combines all
four intrinsic motivation variables into a single scale) produced a significantly better
model. Students who had higher levels of intrinsic motivation were significantly more
likely to study mathematics.

6.6 Factors Influencing Intentions

This section analyses the relationship between the influences on students’ intentions
to study mathematics and their intentions to study mathematics. The students were
asked to indicate how influential eleven different factors were on their intentions to
study mathematics. See Section 3.1.8 in Chapter 3 for more detailed information about
these variables.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 6.

6.6.1 Enjoyment

“ sometimes the textbooks are overused and it gets boring ”
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[Student B4]

The addition of FEn joyment as a predictor variable to the constant only model produced
a chi-square of 12.217 with p = 0.007. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt their enjoyment of mathematics was of no, weak, moderate and strong
influence were 1.547, 7.668, 9.007 and 5.430 times as likely, respectively, to study
mathematics as they were not to study mathematics. According to the Wald chi-square
statistic, the overall effect of FEn joyment was statistically significant (χ2

3 = 13.011, p =

0.005) and those students in the ‘No’ group were statistically significantly different to
the students in the ‘Strong’ group (χ2

1 = 4.950, p = 0.026). The odds of students in
the ‘No’ group studying mathematics were 0.285 times that of students in the ‘Strong’
group.

The analysis indicates that FEn joyment had a significant effect on students’ intentions to
study mathematics.

6.6.2 ATAR

The addition of FAT AR as a predictor variable to the constant only model produced a
chi-square of 18.067 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt their ATAR score was of no, weak, moderate and strong influence
were 0.889, 19.985, 4.768 and 9.098 times as likely, respectively, to study mathe-
matics as they were not to study mathematics. According to the Wald chi-square statis-
tic, the overall effect of FAT AR was statistically significant (χ2

3 = 17.671, p = 0.001)
and those students in the ‘No’ group were significantly different to the students in the
‘Strong’ group (χ2

1 = 15.588, p = 0.000). The odds of students in the ‘No’ group
studying mathematics were 0.098 times that of students in the ‘Strong’ group.

The analysis indicates that FAT AR had a significant effect on students’ intentions to
study mathematics. However, the main difference was between the students who felt
that their ATAR score had no influence and the other students. Over 90% of students
felt their ATAR score was a weak, moderate or strong influence on their intentions to
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study mathematics.

6.6.3 Prerequisite

“ Maths is one of the subjects I would definately do in year 12, but it’s not
that important unless you want to do “Rocket Science.” ”

[Student B1]

The addition of FPrereq as a predictor variable to the constant only model produced a
chi-square of 31.133 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt that university prerequisites were of no, weak, moderate and strong
influence were 0.923, 3.857, 5.801 and 27.004 times as likely, respectively, to
study mathematics as they were not to study mathematics. According to the Wald
chi-square statistic, the overall effect of FPrereq was statistically significant (χ2

3 =

25.132, p = 0.000) and those students in the ‘No,’ (χ2
1 = 22.526, p = 0.000) ‘Weak’

(χ2
1 = 7.205, p = 0.007) and ‘Moderate’ (χ2

1 = 5.110, p = 0.024) groups were signif-
icantly different to the students in the ‘Strong’ group. The odds of students in the ‘No,’
‘Weak’ and ‘Moderate’ groups studying mathematics were 0.034, 0.143 and 0.215
times that of students in the ‘Strong’ group.

The analysis indicates that FPrereq had a significant effect on students’ intentions to
study mathematics.

6.6.4 Ability

The addition of FAbility as a predictor variable to the constant only model produced a
chi-square of 14.176 with p = 0.003. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt that their ability was of no, weak, moderate and strong influence were
0.800, 3.001, 10.004 and 6.573 times as likely, respectively, to study mathematics
as they were not to study mathematics. According to the Wald chi-square statistic, the
overall effect of FAbility was statistically significant (χ2

3 = 14.241, p = 0.003) and
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those students in the ‘No’ group were statistically significantly different to the students
in the ‘Strong’ group (χ2

1 = 7.216, p = 0.007). The odds of students in the ‘No’ group
studying mathematics were 0.122 times that of students in the ‘Strong’ group.

The analysis indicates that FAbility had a significant effect on students’ intentions to
study mathematics. However, the main difference was between the students who felt
that their ability had no influence and the other students. Over 95% of students felt
their ability was a weak, moderate or strong influence on their intentions to study math-
ematics.

6.6.5 Textbooks

“ I think that the maths is good when you have a good teacher that explains
what to do I don’t like it when the teacher just gives you a text book and
tells you to do work. ”

[Student C3]

The addition of FTextbook as a predictor variable to the constant only model produced a
chi-square of 7.554 with p = 0.056. This result was not statistically significant, which
indicates that it did not significantly improve the predictive power of the model.

Students who felt that textbooks were of no, weak, moderate and strong influence were
4.531, 4.998, 16.330 and 2.000 times as likely, respectively, to study mathematics
as they were not to study mathematics. According to the Wald chi-square statistic, the
overall effect of FTextbook was not statistically significant (χ2

3 = 6.315, p = 0.097), but
those students in the ‘Moderate’ group were significantly different to the students in the
‘Strong’ group (χ2

1 = 6.052, p = 0.014). However, the comparison with the ‘Strongly’
group would usually be discounted due to the relatively small size of the group. The
odds of students in the ‘Moderate’ group studying mathematics were 8.167 times that
of students in the ‘Strong’ group.

The analysis indicates that FTextbook did not have a significant effect on students’ inten-
tions to study mathematics.
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6.6.6 Teachers

“ as soon as i got a teacher in year 10 that explained everything that to it,
Ive enjoyed maths and i get excited each time i come back to this lesson
because i know im learning something knew every day. ”

[Student C4]

The addition of FTeachers as a predictor variable to the constant only model produced
a chi-square of 9.472 with p = 0.024. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt that their teachers were of no, weak, moderate and strong influence
were 1.701, 6.001, 8.398 and 6.501 times as likely, respectively, to study mathe-
matics as they were not to study mathematics. According to the Wald chi-square statis-
tic, the overall effect of FTeachers was statistically significant (χ2

3 = 10.227, p = 0.017)
and those students in the ‘No’ group were statistically significantly different to the stu-
dents in the ‘Strong’ group (χ2

1 = 4.021, p = 0.045). The odds of students in the
‘No’ group studying mathematics were 0.262 times that of students in the ‘Strong’
group.

The analysis indicates that FTeachers had a significant effect on students’ intentions to
study mathematics. However, the main difference was between the students who felt
that their teachers had no influence and the other students. Over 85% of students felt
their teachers were a weak, moderate or strong influence on their intentions to study
mathematics.

6.6.7 Difficulty

The addition of FDi f f as a predictor variable to the constant only model produced a
chi-square of 11.977 with p = 0.007. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt that the difficulty of mathematics was of no, weak, moderate and
strong influence were 3.428, 7.776, 9.253 and 1.556 times as likely, respectively,
to study mathematics as they were not to study mathematics. According to the Wald chi-
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square statistic, the overall effect of FDi f f was statistically significant (χ2
3 = 12.520, p =

0.006) and those students in the ‘Weak’ (χ2
1 = 8.412, p = 0.004) and ‘Moderate’

(χ2
1 = 9.900, p = 0.002) groups were statistically significantly different to the stu-

dents in the ‘Strong’ group. There was not a statistically significant difference between
the ‘No’ group and the other groups. The odds of students in the ‘Weak’ and ‘Moder-
ate’ groups studying mathematics were 5.000 and 5.946 times, respectively, that of
students in the ‘Strong’ group.

The analysis indicates that FDi f f had a significant effect on students’ intentions to
study mathematics. However, the main difference was between the students who felt
that the difficulty of mathematics had a strong influence and the other students. Just
over 10% of students felt that the difficulty of mathematics was a strong influence on
their intentions to study mathematics.

6.6.8 Interest

“ I think maths is important because you use it in everyday use. ”

[Student C14]

The addition of FInterest as a predictor variable to the constant only model produced a
chi-square of 11.271 with p = 0.010. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt that their interest in mathematics was of no, weak, moderate and
strong influence were 1.334, 8.802, 7.501 and 5.145 times as likely, respectively,
to study mathematics as they were not to study mathematics. According to the Wald
chi-square statistic, the overall effect of FInterest was statistically significant (χ2

3 =

12.163, p = 0.007) and those students in the ‘No’ group were statistically significantly
different to the students in the ‘Strong’ group (χ2

1 = 4.992, p = 0.025) . The odds of
students in the ‘No’ group studying mathematics were 0.259 times that of students in
the ‘Strong’ group.

The analysis indicates that FInterest had a significant effect on students’ intentions to
study mathematics. However, the main difference was between the students who felt
that their interest in mathematics had no influence and the other students. Just under
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10% of students felt that their interest in mathematics was of no influence on their
intentions to study mathematics.

6.6.9 Career

“ Alot of the things I have learnt in maths have been irrrelavant to what
I want to do in the future. Some of the things I may use in the future but
because of my career path I won’t need to use most of it. ”

[Student B15]

The addition of FCareer as a predictor variable to the constant only model produced a
chi-square of 18.229 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who felt that career considerations were of no, weak, moderate and strong
influence were 0.834, 3.200, 4.133 and 13.860 times as likely, respectively, to
study mathematics as they were not to study mathematics. According to the Wald
chi-square statistic, the overall effect of FCareer was statistically significant (χ2

3 =

16.538, p = 0.001) and those students in the ‘No’ (χ2
1 = 15.202, p = 0.000), ‘Weak’

(χ2
1 = 5.168, p = 0.023) and ‘Moderate’ (χ2

1 = 6.202, p = 0.013) groups were statis-
tically significantly different to the students in the ‘Strong’ group. The odds of students
in the ‘No,’ ‘Weak’ ‘Moderate’ groups studying mathematics were 0.060, 0.231 and
0.298 times, respectively, that of students in the ‘Strong’ group.

The analysis indicates that FCareer had a significant effect on students’ intentions to
study mathematics.

6.6.10 Summary

The following is a summary of all factor variables, indicating whether or not the overall
effect was statistically significant.
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Table 6.7: Effect of Factor Vari-
ables on Mathematics
Intentions

Significant Not significant

Enjoyment Friends

ATAR Textbooks

Prerequisites Parents

Ability

Teachers

Difficulty

Interest

Career

According to the results, students’ enjoyment of mathematics, their university entrance
score, prerequisites for study, their mathematical ability, their teachers, the difficult of
mathematics, their interest in mathematics and their career options all had a significant
influence on their intentions to study mathematics. There may be some collinearity
between the variables.

The following logistic regression was used to investigate the impact of all statisti-
cally significant factor variables on Pre fAny. So, FEn joyment, FAT AR, FPrereq, FAbility,

FTeachers, FDi f f , FInterest and FCareer were entered forward stepwise into the constant
model using the likelihood ratio test.

The variables FPrereq and FDi f f were entered sequentially in that order and at each
step the model was significantly improved.
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Table 6.8: Variables Entered in the Model (Factor)

-2 Log likelihood Chi-square Sig.

Step 1 FPrereq 147.284 30.979 0.000

Step 2 FDiff 136.546 10.738 0.013

Table 6.9: Variables in the Equation (Factor)

b Std. error Wald Sig. exp(b)

FPrereq 21.048 0.000

FDiff 10.868 0.012

Constant 1.850 0.728 6.455 0.011 6.362

The remaining variables, FEn joyment (χ2
3 = 5.421, p = 0.143), FAT AR (χ2

3 = 5.222, p =

0.156), FAbility (χ2
3 = 7.390, p = 0.060), FTeachers (χ2

3 = 1.749, p = 0.626),
FInterest (χ2

3 = 6.842, p = 0.077) and FCareer (χ2
3 = 1.530, p = 0.675) were not

added to the model as the overall chi-square scores were not significant.

The analysis indicates that of all the factor variables in this study FPrereq and FDi f f

had the most significant effects on students’ intentions to study mathematics. That is,
prerequisite subjects for future study and the difficulty of mathematics were the most
influential factors. Students who felt that prerequisites were more influential on their
intentions were significantly more likely to study mathematics and students who felt
that difficulty was more influential on their intentions were significantly less likely to
study mathematics.

6.7 Teacher’s Practices

This section analyses the relationship between teachers’ practices (as reported by the
students) and the students’ intentions to study mathematics. For more information about
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the variables in this section, see Section 3.1.9 in Chapter 3.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 6.

6.7.1 Refers to the textbook

“ I use to dislike maths because they told me to learn from the book. I never
under stood it until i was taught by the teacher. ”

[Student C9]

The addition of TRe f er as a predictor variable to the constant only model produced a
chi-square of 9.450 with p = 0.024. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who perceived that their teachers referred to the textbook hardly ever, some-
times, most lessons and every lesson were 9.007, 3.669, 10.633 and 2.751 times
as likely, respectively, to study mathematics as they were not to study mathematics. Ac-
cording to the Wald chi-square statistic, the overall effect of TRe f er was statistically
significant (χ2

3 = 8.733, p = 0.033) and students in the ‘Most lessons’ group were sta-
tistically significantly different to students in the ‘Every lesson’ group (χ2

1 = 7.296, p =

0.007). The odds of students in the ‘Most lessons’ group studying mathematics were
3.864 times that of students in the ‘Every lesson’ group.

The analysis indicates that TRe f er had a significant effect on students’ intentions to
study mathematics. Students whose teachers referred to the textbook every lesson were
significantly less likely to study mathematics.

6.7.2 Sets investigations

The addition of TInvest as a predictor variable to the constant only model produced a
chi-square of 8.200 with p = 0.042. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who perceived that their teachers set investigations hardly ever, sometimes,
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most lessons and every lesson were 4.336, 6.753, 9.507 and 1.334 times as likely,
respectively, to study mathematics as they were not to study mathematics. According
to the Wald chi-square statistic, the overall effect of TInvest was statistically significant
(χ2

3 = 8.614, p = 0.035) and students in the ‘Most lessons’ (χ2
1 = 6.791, p = 0.009)

and ‘Sometimes’ (χ2
1 = 6.789, p = 0.009) groups were statistically significantly dif-

ferent to students in the ‘Every lesson’ group. The odds of students in the ‘Sometimes’
and ‘Most lessons’ groups studying mathematics were 5.062 and 7.125 times, re-
spectively, that of students in the ‘Every lesson’ group.

The analysis indicates that TInvest had a significant effect on students’ intentions to
study mathematics. Students whose teachers set investigations every lesson were sig-
nificantly less likely to study mathematics.

6.7.3 Teacher roaming

“ Without a good teacher trying to help yourself with the text book is hard,
because the examples are not explained very clearly. ”

[Student C13]

The addition of TRoam as a predictor variable to the constant only model produced a chi-
square of 5.464 with p = 0.141. This result was not statistically significant, which
indicates that it did not significantly improve the predictive power of the model.

Students who perceived that their teachers walked around hardly ever, sometimes, most
lessons and every lesson were 3.501, 2.726, 6.666 and 7.698 times as likely, re-
spectively, to study mathematics as they were not to study mathematics. According to
the Wald chi-square statistic, the overall effect of TRoam was not statistically significant
(χ2

3 = 5.650, p = 0.130), but students in the ‘Sometimes’ group were statistically sig-
nificantly different to students in the ‘Every lesson’ group (χ2

1 = 4.541, p = 0.033).
There was also a statistically significant difference (at the α = 0.100 level) between
the ‘Most lessons’ and ‘Sometimes’ groups (χ2

1 = 3.170, p = 0.075). The odds of stu-
dents in the ‘Sometimes’ group studying mathematics were 0.354 times that of students
in the ‘Every lesson’ group.

Overall, the analysis indicates that TRoam did not have a significant effect on students’
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intentions to study mathematics. However, students whose teachers roamed around the
classroom most lessons or every lesson were significantly more likely to study mathe-
matics than students whose teachers only did so sometimes.

6.7.4 Summary

The following is a summary of all teacher’s practices variables, indicating whether or
not the overall effect was statistically significant. An unfilled dot indicates there was not
a statistically significant difference, a filled dot indicates a statistically significant dif-
ference and a dash indicates that this variable was not applicable for the corresponding
study.

Table 6.10: Effect of Teacher’s Practices Variables on Mathematics
Intentions

Intentions Literacy Attitude

Problems on the board ◦ • ◦

Textbooks to teach new topics ◦ ◦ ◦

Refers to textbook • ◦ ◦

Sets investigations • • •

Teacher roaming ◦ ◦ •

Uses technology ◦ • ◦

Problem solving ◦ • ◦

According to the results, the teacher referring to textbook and setting investigations had
a significant effect on students’ intentions to study mathematics. There were also signif-
icant differences between the groups within the ‘teacher roaming’ variable. The signif-
icant effect of setting investigations on intentions, literacy and attitude warrants further
investigation to determine whether this has an underlying cause (e.g. the streaming of
classes by ability). This also applies to the relationship between intentions, attitude and
the teacher roaming.
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The following logistic regression was used to investigate the impact of all statistically
significant teacher’s practices variables on Pre fAny. So, TRe f er and TInvest were en-
tered forward stepwise into the constant model using the likelihood ratio test.

In the first step, the addition of TRe f er as a predictor variable to the constant only model
produced a chi-square of 9.871 with p = 0.020. The result was effectively the same
model described in Section 6.7.1. The remaining variable TInvest was not added to the
model as the overall chi-square score was not statistically significant (χ2

3 = 6.107, p =

0.106).

The analysis indicates that of all the teacher’s practices variables in this study TRe f er

had the most significant effect on students’ intentions to study mathematics. That is,
teachers referring to the textbook was the most influential factor. Students whose teach-
ers referred to the textbook every lesson were significantly less likely to study mathe-
matics.

6.8 Required Practices

This section analyses the relationship between tasks students were required to undertake
(as self-reported) and their intentions to study mathematics. This is distinct from tasks
and practices actually undertaken by the students. The aim of these questions was to
determine how often students were asked or required to do these things, but leaves
open the possibility that students chose not to attempt or complete them. For more
information about these variables, see Section 3.1.10 in Chapter 3.

The following is a summary of all required tasks variables, indicating whether or not
the overall effect was statistically significant. An unfilled dot indicates there was not
a statistically significant difference, a filled dot indicates a statistically significant dif-
ference and a dash indicates that this variable was not applicable for the corresponding
study.
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Table 6.11: Effect of Required Practices Variables on Mathe-
matics Intentions

Intentions Literacy Attitude

Solve textbook exercises ◦ • ◦

Read textbook examples ◦ ◦ ◦

Read textbook theory ◦ ◦ ◦

Provide reasoning ◦ ◦ •

Memorisation ◦ ◦ •

Complete for homework ◦ ◦ ◦

According to the results, none of the required practices variables had a significant ef-
fect on students’ intentions to study mathematics. Students had a similar likelihood of
studying mathematics regardless of the kinds of practices that were required in their
mathematics classes.

6.9 Student’s Practices

This section analyses the relationship between students’ practices (as self-reported) and
their intentions to study mathematics. This is distinct from tasks and practices that
the teacher has assigned the students, as in the previous section. The aim of these
questions was to determine how often students actually attempted these tasks. For more
information about these variables, see Section 3.1.11 in Chapter 3.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 6.

6.9.1 Group projects

“ I enjoy maths when I understand it, but I feel the ‘projects’ are pretty
useless - as we don’t use the info again. ”
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[Student B11]

The addition of S Invest as a predictor variable to the constant only model produced a
chi-square of 11.134 with p = 0.011. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who perceived that they did group projects hardly ever, sometimes, most lessons
and every lesson were 2.942, 10.227, 7.199 and 1.000 times as likely, respec-
tively, to study mathematics as they were to not to study mathematics. According
to the Wald chi-square statistic, the overal effect of S Invest was statistically signif-
icant (χ2

3 = 10.909, p = 0.012) and those students who responded ‘Sometimes’
were statistically significantly different to the students who responded ‘Never or hardly
ever’ According to the Wald chi-square statistic, the overal effect of S was statis-
tically significant (χ2

1 = 7.728, p = 0.005). The odds of students who responded
‘Sometimes’ studying mathematics were 1.182 times that of students who responded
‘Never or hardly ever.’ These two groups represent almost 80% of the students in this
study.

The analysis indicates that S Invest had a significant effect on students’ intentions to
study mathematics. Students who worked on group projects more frequently were sig-
nificantly more likely to study mathematics.

6.9.2 Textbook method

The addition of S Method as a predictor variable to the constant only model produced a
chi-square of 5.391 with p = 0.145. This result was not statistically significant, which
indicates that it did not significantly improve the predictive power of the model.

Students who perceived that they helped others hardly ever, sometimes, most lessons
and every lesson were 3.666, 9.497, 5.749 and 2.499 times as likely, respectively,
to study mathematics as they were to not to study mathematics. According to the Wald
chi-square statistic, the overal effect of S Method was not statistically significant (χ2

3 =

5.457, p = 0.141), but those students who responded ‘Sometimes’ were statistically
significantly different to the students who responded ‘Every lesson’ (χ2

1 = 4.962, p =

0.026). The odds of students who responded ‘Sometimes’ studying mathematics were
1.520 times that of students who responded ‘Every lesson.’
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The analysis indicates that S Method did not have a significant effect on students’ inten-
tions to study mathematics.

6.9.3 Summary

The following is a summary of all student’s practices variables, indicating whether or
not the overall effect was statistically significant. An unfilled dot indicates there was not
a statistically significant difference, a filled dot indicates a statistically significant dif-
ference and a dash indicates that this variable was not applicable for the corresponding
study.

Table 6.12: Effect of Student’s Practices Variables on Mathemat-
ics Intentions

Intentions Literacy Attitude

Individual textbook work ◦ • •

Textbook work with others ◦ ◦ •

Group projects • • •

Help others ◦ • •

Others help me ◦ ◦ ◦

Complete for homework ◦ ◦ ◦

According to the results, only working on group projects had a significant effect on
students’ intentions to study mathematics. Students had a similar likelihood of studying
mathematics regardless of the kinds of practices that they undertook in their mathematic
classes, other than group projects. However, as group projects also had significant (but
different) effects on literacy and attitude, further investigation is required to determine
whether there is an underlying cause (e.g. the streaming of classes).
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6.10 Sources

This section analyses the relationship between sources consulted by students outside of
the classroom and their intentions to study mathematics. For more information about
these variables, see Section 3.1.13 in Chapter 3.

The following is a summary of all sources variables, indicating whether or not the over-
all effect was statistically significant. An unfilled dot indicates there was not a statisti-
cally significant difference, a filled dot indicates a statistically significant difference and
a dash indicates that this variable was not applicable for the corresponding study.

Table 6.13: Effect of Source Variables on Mathematics Inten-
tions

Intentions Literacy Attitude

Websites ◦ ◦ •

Textbook ◦ • •

Other books ◦ ◦ •

Other students or siblings ◦ ◦ ◦

Parents ◦ ◦ •

Teachers ◦ ◦ ◦

According to the results, none of sources variables had a significant effect on students’
intentions to study mathematics. Students had a similar likelihood of studying mathe-
matics regardless of whether they consulted any of those external sources or not.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 6.
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6.11 Conclusion

The analyses in this chapter have indicated that there were multiple factors in this study
which had a significant effect on students’ intentions to study any mathematics. There
were significant factors in almost every section including students’ background, attitude
towards mathematics, teacher’s practices and student’s practices.

Table 6.14: Significant Variables - Intentions to Study Mathematics

Section Significant variables

Background Sex, expected education

Instrumental motivation All variables

Self-concept All variables

Intrinsic motivation All variables

Factors Enjoyment of mathematics, university en-
trance score, study prerequisites, ability
at mathematics, advice of teachers, diffi-
culty of mathematics, interest in mathe-
matics and future career

Teacher’s practices Referring to the textbook, setting investi-
gations, roaming around the classroom

Required tasks -

Student’s practices Group projects

External sources -

Many of the variables are associated with the same variance. So, when one variable is
already included in the model adding a second variable does not significantly improve
the model because the variance in students’ intentions to study mathematics has already
been accounted for by the first variable. For example, there are conceptual overlaps
between many of the factors variables which means from that section that only FPrereq

and FDi f f are needed to explain a significant proportion of the variance.
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The aim of this chapter was to construct an overall model which indicates which vari-
ables had the most significant effect on students’ intentions to study any mathematics.
Based on models constructed in the summary section of each section, the significant
variables have been considered for inclusion in the overall model. The following details
the results of the overall model.

The following logistic regression was used to investigate the impact on Pre fAny of
all the significant variables in the previous models. So, S ex, InstS tudy, S el fMarks,

S el fQuick, S el fBest, Intr, FPrereq, FDi f f , TRe f er and S Invest were entered forward
stepwise into the constant model using the likelihood ratio test.

The variables InstS tudy, S el fQuick and S el fBest were entered sequentially in that order
and at each step the model was significantly improved.

Table 6.15: Variables Entered in the Model (Mathematics In-
tentions)

-2 Log likelihood Chi-square Sig.

Step 1 InstStudy 114.318 52.446 0.000

Step 2 SelfQuick 88.674 25.644 0.000

Step 3 SelfBest 67.027 21.646 0.000

Table 6.16: Model Summary (Mathemat-
ics Intentions)

Cox Snell R2 Nagelkerke R2

Step 1 0.238 0.411

Step 2 0.333 0.575

Step 3 0.404 0.698

The remaining variables were not added to the model as the overall chi-square scores
were not significant. This indicates that, while they had a significant effect when added
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separately, there was a significant overlap in the variance they explained and the variance
explained by the three variables that were added.

Table 6.17: Variables Not in the
Model (Mathematics
Intentions)

Chi-square Sig.

Sex 0.000 0.997

SelfMarks 5.288 0.152

Intr 0.746 0.388

FPrereq 3.254 0.354

FDiff 2.928 0.403

TRefer 0.930 0.818

SInvest 3.749 0.290

Another logistic regression was run with InstS tudy, S el fQuick, S el fBest, Literacy,
Attitude, Inst, S el f and Intr entered forward stepwise into the constant model
using the likelihood ratio test. In the first three steps, InstS tudy, S el fQuick and S el fBest

were entered into the model again. However, Literacy (χ2
1 = 0.243, p = 0.622),

Attitude (χ2
1 = 0.939, p = 0.333), Inst (χ2

1 = 0.597, p = 0.440), S el f (χ2
1 =

0.097, p = 0.756) and Intr (χ2
1 = 0.605, p = 0.437) were not entered into the model

as they did not produce a statistically significant improvement in the model.

So, the model indicates that InstS tudy, S el fQuick and S el fBest were better predictors of
whether students intended to study mathematics than S ex, S el fMarks, FPrereq, FDi f f ,

TRe f er, S Invest, Inst, S el f , Intr, Literacy and Attitude. There are clear concep-
tual overlaps between many of these variables.

Typically, students who felt study prerequisites were a strong influence on their inten-
tions to study mathematics (i.e. FPrereq) also felt that mathematics was important for
their future studies (i.e. InstS tudy). Students who felt the difficulty of mathematics was
a strong influence on their intentions to study mathematics (i.e. FDi f f ) also had lower
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levels of self-concept (i.e. S el fBest) - their lack of self-belief and self-confidence af-
fected their intentions to study mathematics.

However, the relationship is not so clear in cases such as the frequency of teachers refer-
ring to the textbook (TRe f er) and doing individual textbook work (S Invest). This sug-
gests that more investigation is needed to determine the cause of the relationship.

Now that the construction of the overall model is confirmed, the results of that model
can be discussed in greater detail.

Table 6.18: Variables in the Equation (Mathematics Intentions)

b Std. error Wald Sig. exp(b)

InstStudy 13.629 0.003

Strongly disagree

Disagree −4.436 1.367 10.692 0.001 0.012

Agree −2.711 1.322 4.202 0.040 0.066

SelfQuick 7.982 0.046

Disagree 1.233 0.931 1.757 0.185 3.433

Agree 3.208 1.166 7.571 0.006 24.731

Strongly agree

SelfBest 6.526 0.089

Disagree −0.266 0.783 0.115 0.734 0.767

Agree

Strongly agree

Constant 2.777 1.483 3.507 0.061 16.078

According to the Wald chi-square statistic, the overall effect of InstS tudy (χ2
3 = 13.629, p =

0.003) and S el fQuick (χ2
3 = 7.982, p = 0.046) were statistically significant, but

the overall effect of S el fBest (χ2
3 = 6.526, p = 0.089) was not statistically signifi-

cant.
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After taking into account the other variables, students who disagreed (χ2
1 = 10.692, p =

0.001) and agreed (χ2
1 = 4.202, p = 0.040) were statistically significantly different to

students who strongly agreed to the statement in InstS tudy. After taking into account the
other variables, students who agreed were statistically significantly different to students
who strongly disagreed to the statement in S el fQuick (χ2

1 = 7.571, p = 0.006).

The model indicates that the odds of students who answered disagree and agree to
InstS tudy studying mathematics were 0.012 and 0.066 times, respectively, that of
students who strongly agreed. The model indicates that the odds of students who an-
swered disagree and agree to S el fQuick studying mathematics were 3.433 and 24.731
times, respectively, that of students who strongly disagreed.

Unfortunately, the complexity of the model (three variables with four categories each)
and the relatively small sample size in this study make interpretation of this model
difficult. This means it is not possible to compute estimates for many of the groups such
as the ‘Agree’ and ‘Strongly agree’ groups in S el fBest. A study with a larger sample
would be able to overcome this limitation.

The following is the classification table for the final overall model. The table demon-
strates how accurately the model was able to predict whether students would intend
to study mathematics based on their responses to the three variables included in the
model.

Table 6.19: Classification Table (Math-
ematics Intentions)

Predicted

No Yes %

Observed No 22 8 73.3

Yes 6 157 96.3

As the table shows the model was able to successfully classify the students as intending
or not intending to study any mathematics in almost 93% of cases. That is, using
only students’ responses to InstS tudy, S el fQuick and S el fBest, the model was able
to predict with a 93% success rate whether or not those students intended to study
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mathematics.

If only the response to InstS tudy was taken into account the success rate was approxi-
mately 88% - with a particular bias to incorrectly predicting students would not study
mathematics. If the responses to InstS tudy and S el fQuick were taken into account the
success rate was approximately 89% - with a larger bias than the final model to pre-
dicting students would study mathematics.

In order to reduce the demands of complexity, another model was computed using only
Inst and S el f - which were chosen because they are the scales that include InstS tudy

and S el fBest, respectively.

Table 6.20: Variables in the Equation (Second Model)
(Mathematics Intentions)

b Std. error Wald Sig. exp(b)

Inst 0.945 0.284 11.042 0.001 2.572

Self 0.839 0.263 10.203 0.001 2.314

Constant 2.110 0.281 56.465 0.000 8.247

According to the Wald chi-square statistic, the overall effect of Inst (χ2
1 = 11.042, p =

0.001) and S el f (χ2
1 = 10.203, p = 0.001) were statistically significant.

After taking into account S el f , the odds of students studying mathematics increases
2.572 times for each unit increase (i.e. approximately one standard deviation) on the in-
strumental motivation scale, Inst. After taking into account Inst, the odds of students
studying mathematics increases 2.314 times for each unit increase (i.e. approximately
one standard deviation) on the self-concept scale, S el f .

The model estimates that average students (i.e. students with average scores on the
instrumental motivation and self-concept scales) were 8.247 times as likely to study
mathematics as they were to not study mathematics. Students approximately one stan-
dard deviation lower than average on both scales were 1.385 times as likely to study
mathematics as they were to not study mathematics and students approximately one
standard deviation higher than average were 49.107 times as likely to study mathemat-
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ics as they were to not study mathematics.

The model indicates that students’ instrumental motivation and self-concept had a sim-
ilar and important effect on their intentions to study mathematics. Though this model
only had a success rate of approximately 87% in predicting whether students would
study mathematics, lower than the model with only InstS tudy.

The analyses have highlighted some important issues that are considerations for future
research. Firstly, obtaining a sample of sufficient size that is not only representative of
the population, but sufficiently large to allow complex and robust analysis. Sample size
was generally not an issue for the analyses of individual variables, but once multiple
variables were added to a model it quickly became a limiting factor.

Secondly, the complexity of the model when polytomous variables are added. Due to
the nature of these variables, they add complexity and computational burden on the
model (which is exacerbated by the relatively small sample size). The construction of
scales, such as mentioned in Section 4.11 in Chapter 4 and Section 5.8 in Chapter 5,
would make the analysis less complex and more flexible. These scales could be used
to analyse the influence of factors such as family capital and different types of teaching
and learning (e.g. teacher-directed instruction).

The analyses in this chapter indicate that of all the variables in this study InstS tudy,

S el fQuick and S el fBest had the most significant effects on students’ intentions to study
mathematics. That is, students’ views about the importance of mathematics to their
future study, their ability to learn new material quickly and mathematics being their best
subject were the most influential factors. Students who agreed that mathematics was
important for their future study, they learned mathematics quickly and mathematics was
their best subject were significantly more likely to study mathematics.

However, it is important to note that InstS tudy, S el fQuick and S el fBest are just the three
best predictor variables from the list outlined in Table 6.14. These variables are inher-
ently connected with the other variables such as students’ attitude as measured by the
Attitude scale, students’ sex and educational expectations and the factors influencing
their intentions to study mathematics. Chapter 5 established the significant connection
between many of these variables and students’ attitude towards mathematics.



Chapter 7

Intentions to Study Advanced
Mathematics

7.1 Introduction

The aim of this chapter is to address the research question: what effect do students and
teachers’ behaviours and practices in mathematics classes have on students’ intentions
to study advanced mathematics? The analyses were conducted by using logistic regres-
sion techniques with variables derived from the student survey as the independent (or
predictor) variables and stated intention to study advanced mathematics as the depen-
dent (or predicted) variable.

The analyses aim to determine which variables significantly improve the ability to pre-
dict which students intend to study advanced mathematics. For example, is there a
significant improvement over random chance of successfully predicting if students in-
tend to study advanced mathematics if it is known whether they are female or male? If
so, it indicates that the sex of students is an important factor and, if not, it indicates that
it is not important.

The object of this chapter is to produce a single overall model that demonstrates which
variables are significant influences on students’ intentions to study advanced mathe-
matics. After each applicable variable has been analysed, the variables which were a
significant improvement over random chance will be considered for inclusion in the
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overall model. Only the variables which are the best predictors will be included in the
overall model and this will indicate which factors were the most significant influences
on students’ intentions.

In addition to variables based on students’ activities within and outside of the classroom
(tasks set by the teacher, student’s practices, effective teaching methods and external re-
sources) and their teachers’ activities (teacher’s practices), the analysis was conducted
using variables based on students’ attitude towards mathematics (in the domains of in-
strumental motivation, self-concept and interest) and background.

The analyses are grouped into nine sections each focusing on a group of variables
that have a similar focus: students’ background and education, instrumental motiva-
tion, self-concept, intrinsic motivation, future intentions to study mathematics, teacher’s
practices, required tasks, student’s practices, effective teaching practices and external
sources. There is a summary at the end of each section which aims to construct an
overall model for that section, including only the significant variables.

7.2 Background and Education

In this section, the analyses examine the relationship between students’ background
characteristics, their educational aspirations and their parents’ educational background
and their intention to study advanced mathematics.

The purpose of this section is to provide a greater understanding of the cohort of students
in this study, examine the influence of potentially significant background characteristics
and provide a comparison and contrast to the later analyses of attitude and classroom
practices. Considering these variables helps to build a profile of the various influences
on students’ future intentions and to identify variables that may have significant inter-
actions with other variables.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 7.
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7.2.1 Sex

The addition of S ex as a predictor variable to the constant only model produced a
chi-square of 14.797 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Female and male students were 0.073 and 0.358 times as likely, respectively, to study
advanced mathematics as they were to not study advanced mathematics. According to
the Wald chi-square statistic, there was a statistically significant difference between the
two groups (χ2

1 = 11.517, p = 0.001). The model indicates that the odds of male stu-
dents studying advanced mathematics was 4.904 times that of female students.

The analysis indicates that the sex of students in this study had a significant effect on
students’ intentions to study advanced mathematics. This aligns with result regarding
intentions to study any mathematics in Section 6.2.1 in Chapter 6. Further investiga-
tion is required to determine the underlying causes of the difference between male and
female students.

7.2.2 Expected education

The addition of Expected Education (original version) as a predictor variable to the
constant only model produced a chi-square of 29.338 with p = 0.000. This result
was statistically significant, which indicates that it significantly improved the predictive
power of the model. The following tables show the count for each category (and the
percentages within those categories) and the results of the logistic regression.

Students who expect to study up until undergraduate university and postgraduate univer-
sity were 0.181 and 0.543 times as likely, respectively, to study advanced mathemat-
ics as they were not to study advanced mathematics. According to the Wald chi-square
statistic, students expecting to study up until undergraduate university were statistically
significantly different to the students expecting to study up to postgraduate university
(χ2

1 = 8.631, p = 0.003). The odds of students in the ‘Undergraduate’ group study-
ing advanced mathematics were 0.333 times that of students in the ‘Postgraduate’
group.

The analysis indicates that the expected education of students in this study had a signifi-
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cant effect on students’ intentions to study advanced mathematics. Students with higher
educational aspirations were significantly more likely to study advanced mathematics.
However, the analysis was complicated by the relatively low sample size relative to the
number and spread of groups. This meant that comparisons with the first three cate-
gories could not be conducted because no students in those groups intended to study
advanced mathematics.

Expected Education can be recategorised as ‘Non-university,’ ‘Undergraduate’ and
‘Postgraduate’ (see Section 3.1.5 in Chapter 3). However this produces the same results
as this analysis because of the unbalanced nature of the three categories that comprise
‘Non-university.’

This is similar to the result regarding intentions to study any mathematics in Sec-
tion 6.2.2 in Chapter 6, which indicated that students expecting a non-university educa-
tion were significantly less likely to study mathematics than students that were expecting
a postgraduate education.

As studying advanced mathematics provides a pathway to mathematics at university,
these results can be put into context. Students who anticipate requiring mathematics
at university would choose to study advanced mathematics, but for those who do not
require mathematics or do not plan on attending university, advanced mathematics may
appear to be a difficult option that offers little practical value.

7.2.3 Parents’ education

The addition of Parents’ Education as a predictor variable to the constant only model
produced a chi-square of 4.254 with p = 0.039. This result was statistically signif-
icant, which indicates that it significantly improved the predictive power of the model.
The following tables show the count for each category (and the percentages within those
categories) and the results of the logistic regression.

Students whose parents had a non-university education and university were 0.162 and
0.339 times as likely, respectively, to study advanced mathematics as they were not to
study advanced mathematics. According to the Wald chi-square statistic, there was a
statistically significant difference between the two groups (χ2

1 = 4.209, p = 0.040).
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The odds of students in the ‘Non-university’ category studying advanced mathematics
were 0.478 times that of students in the ‘University’ category.

The analysis indicates that the education of the parents of students in this study had a sig-
nificant effect on students’ intentions to study advanced mathematics. Students whose
parents attended university were significantly more likely to study advanced mathemat-
ics.

This result differs with the result regarding intentions to study any mathematics noted
in Section 6.2.3 in Chapter 6. Parents’ Education did not have an effect on students’
intentions to study any mathematics subject, but it did have an effect on students’ inten-
tions to study advanced mathematics. Students whose parents had studied at university
had significantly higher levels of literacy and more positive attitudes to mathematics and
were significantly more likely to study advanced mathematics.

There could be a number of factors related to this relationship, including access to re-
sources at home, parents acting as role models, socio-economic status and choice of
school.

However, the ‘Year 11’ group is quite distinct from the other two groups included in the
‘Non-university’ group. Recategorising Parents’ Education may appear to be useful
due to its relative simplicity and it may make sense, at first consideration, to group those
types of education. However, the recategorisation also masks the significant differences
within the ‘Non-university’ group.

7.2.4 Summary

The following is a summary of all background and education variables, indicating whether
or not there were statistically significant differences between (some of) the groups. An
unfilled dot indicates there was not a statistically significant difference, a filled dot indi-
cates a statistically significant difference and a dash indicates that this variable was not
applicable for the corresponding study.
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Table 7.1: Effect of Background and Education Variables on Advanced
Mathematics Intentions

Intentions Intentions Literacy Attitude

(Adv.) (Any)

Sex • • ◦ •

Country of Birth ◦ ◦ • ◦

Primary Language ◦ ◦ • •

Expected Education • • • •

Parents’ Education • ◦ • •

Expected Education was included despite the overall effect being not significant due
the significant difference between the ‘Undergraduate’ and ‘Postgraduate’ groups. Par-
ents’ Education was included because the results of recategorised version showed a
significant difference between the two groups.

The following logistic regression was used to investigate the impact of all statistically
significant background variables on Pre fAdv. All variables that were significant overall
(or contained notable significant differences between their groups) were selected - S ex,
Expected Education and Parents’ Education - and were entered forward stepwise into
the constant model using the likelihood ratio test.

In the first step, the addition of Expected Education as a predictor variable to the
constant only model produced a chi-square of 27.737 with p = 0.000. In the second
step, the addition of S ex produced a chi-square of 14.986 with p = 0.000.

Parents’ Education was not added to the model as it had a chi-square of 8.308 with
p = 0.081 after the second step. The addition of the first two variables produced a
statistically significant difference, which indicates that they significantly improved the
predictive power of the model. The following tables show the results of the logistic
regression.
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Table 7.2: Model Summary (Background and Education)

-2 Log Likelihood Cox Snell R2 Nagelkerke R2

Step 1 171.336 0.127 0.204

Step 2 156.350 0.189 0.303

Table 7.3: Variables in the Model (Background and Education)

b Std. error Wald Sig. exp(b)

Sex −1.682 0.485 12.008 0.001 0.186

Expected Education 5.917 0.052

Non-university −20.625 0.000 0.997 0.000

Undergraduate −0.964 0.396 5.917 0.015 0.382

Constant −0.136 0.287 0.223 0.636 0.873

Female and male students intending to study to an undergraduate university level were
0.062 and 0.333 times as likely, respectively to study advanced mathematics as they
were not to study advanced mathematics. Female and male students intending to study
to a postgraduate level were 0.162 and 0.873 times as likely, respectively. According
to the Wald chi-square statistic, there were statistically significant differences between
male and female students (χ2

1 = 12.008, p = 0.001) and postgraduate and undergrad-
uate students (χ2

1 = 5.917, p = 0.015). The odds of male students and postgraduate
students studying advanced mathematics were 5.376 and 2.618 times, respectively,
that of female students and undergraduate students, respectively.

The analysis indicates that of all the background variables in this study the sex of stu-
dents and their expected education had the most significant effect on students’ intentions
to study advanced mathematics. Male students intending to do postgraduate study were
the most likely to choose advanced mathematics and female students not intending to
attend university were the least likely.

This result is important because it is an indication of the direction for further investiga-
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tion. It demonstrates the associations between future intentions and sex and educational
aspirations, but does not explain or fully unpack those associations.

Firstly, the underlying causes and conditions which mean that male students are more
likely to study advanced mathematics than female students should be considered. Do
male and female students engage differently with mathematics and what is the cause?
Are male students more likely to be attracted to careers and university degrees that
contain or require high levels of mathematics? Why does the same not hold for female
students?

Secondly, the association between expected education, parental education and future
intentions should be considered. Can the association between expected education and
advanced mathematics be primarily attributed to the fact that advanced mathematics is
a pathway (and prerequisite in some cases) to university study and the perception of the
difficulty of advanced mathematics?

Another point to consider, while not reflected in the final analysis, is the association
between advanced mathematics and students whose parents had less than the equiv-
alent of a Year 12 education. Is there some factor which means some parents with
relatively little formal education encourage their children to have high educational as-
pirations? Do these parents share a similar background, such as a migrant or refugee
background?

7.3 Attitude (Instrumental Motivation)

This section analyses the relationship between students’ instrumental motivation and
their intentions to study advanced mathematics. The students were asked to respond
to four statements about the the importance and utility of mathematics to their future
careers and studies. See Section 3.2.1 in Chapter 3 for more detailed information about
these variables.
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7.3.1 Making an effort is worth it

“ I don’t mind maths as we will almost certainly need it in the future in both
our careers and everyday life. ”

[Student B6]

The addition of InstWork as a predictor variable to the constant only model produced a
chi-square of 17.084 with p = 0.001. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who agreed and strongly agreed were 0.136 and 0.403 times as likely, re-
spectively, to study advanced mathematics as they were not to study advanced mathe-
matics. According to the Wald chi-square statistic, the overall effect of InstWork was
statistically significant (χ2

3 = 8.006, p = 0.046) and those students who agreed were
statistically significantly different to the students who strongly agreed (χ2

1 = 8.006, p =

0.005). The comparisons with the ‘Strongly disagree’ and ‘Disagree’ groups can be
discounted due to the unbalanced nature of those groups. The model indicates that the
odds of students who agreed studying advanced mathematics were 0.337 times that of
students who strongly agreed.

The analysis indicates that InstWork had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.3.1 in Chapter 6.

7.3.2 Learning maths is worthwhile for my career

“ Maths is important in the construction of many objects and buildings ”

[Student A20]

The addition of InstCareer as a predictor variable to the constant only model produced
a chi-square of 15.059 with p = 0.002. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who agreed and strongly agreed were 0.124 and 0.384 times as likely, re-
spectively, to study advanced mathematics as they were not to study advanced mathe-
matics. According to the Wald chi-square statistic, the overall effect of InstCareer was
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statistically significant (χ2
3 = 8.462, p = 0.037) and those students who agreed were

statistically significantly different to the students who strongly agreed (χ2
1 = 8.462, p =

0.004). The comparisons with the ‘Strongly disagree’ and ‘Disagree’ groups can be
discounted due to the unbalanced nature of those groups. The model indicates that the
odds of students who agreed studying advanced mathematics were 0.322 times that of
students who strongly agreed.

The analysis indicates that InstCareer had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.3.2 in Chapter 6.

7.3.3 Maths is an important subject for my study

The addition of InstS tudy as a predictor variable to the constant only model produced a
chi-square of 34.278 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.023, 0.129 and 0.651
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect
of InstS tudy was statistically significant (χ2

3 = 23.243, p = 0.000) and those students
who disagreed (χ2

1 = 10.260, p = 0.001) and agreed (χ2
1 = 16.151, p = 0.000) were

statistically significantly different to the students who strongly agreed. The comparison
with the ‘Strongly disagree’ group can be discounted due to the unbalanced nature of the
group. The model indicates that the odds of students who disagreed and agreed studying
advanced mathematics were 0.036 and 0.198 times, respectively, that of students who
strongly agreed.

The analysis indicates that InstS tudy had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.3.3 in Chapter 6.

7.3.4 Maths will help me a get a job

“ don’t like how some of the things we do has no relevance to life ”
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[Student A17]

The addition of InstJob as a predictor variable to the constant only model produced a
chi-square of 11.046 with p = 0.011. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.097, 0.179 and 0.486
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect
of InstJob was statistically significant (χ2

3 = 9.290, p = 0.026) and those students
who disagreed (χ2

1 = 5.745, p = 0.017) and agreed (χ2
1 = 6.649, p = 0.010) were

statistically significantly different to the students who strongly agreed. The comparison
with the ‘Strongly disagree’ group can be discounted due to the unbalanced nature of the
group. The model indicates that the odds of students who disagreed and agreed studying
advanced mathematics were 0.200 and 0.368 times, respectively, that of students who
strongly agreed.

The analysis indicates that InstJob had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.3.4 in Chapter 6.

7.3.5 Summary

The results of the four logistic regression models suggest that all four instrumental moti-
vation variables had a significant effect on students’ intentions to study advanced mathe-
matics. Students who had a stronger appreciation of the value and utility of mathematics
were more likely to study advanced mathematics.

As these four variables form the single sub-domain of instrumental motivation, it is
likely that there is a substantial collinearity between them. However, by using re-
sults of the Rasch analysis in Appendix I, the four variables can be considered as one
scale.

The following logistic regression was used to investigate the impact of all statistically
significant instrumental motivation variables on Pre fAdv. So, InstWork, InstCareer,

InstS tudy and InstJob were entered forward stepwise into the constant model using
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the likelihood ratio test.

In the first step, the addition of InstS tudy as a predictor variable to the constant only
model produced a chi-square of 33.051 with p = 0.000. The result was effectively the
same model described in Section 7.3.3. The remaining variables, InstWork, InstCareer

and InstJob, were not added to the model as the overall chi-square scores were not
significant.

Table 7.4: Variables Not in the
Model (Instrumental
Motivation)

Chi-square Sig.

InstWork 1.137 0.768

InstCareer 0.695 0.874

InstJob 0.908 0.824

Another logistic regression was run with InstS tudy and Inst (i.e. the instrumental
motivation scale) entered forward stepwise into the constant model using the likelihood
ratio test. In the first step, InstS tudy was entered into the model first again. However,
Inst was not entered into the model as it did not produce a statistically significant
improvement in the model (χ2

1 = 0.737, p = 0.391).

The analysis indicates that of all the instrumental motivation variables in this study
InstS tudy had the most significant effect on their intentions to study advanced mathe-
matics. That is, students’ feelings about the importance of mathematics to their future
study was the most influential factor. Students who agreed that mathematics was impor-
tant to their future study were significantly more likely to study advanced mathematics
than students who disagreed mathematics was important to their future study.

This result is similar to the one regarding intentions to study any mathematics in Sec-
tion 6.3.5 in Chapter 6. In that case, out of all the instrumental motivation variables,
InstS tudy was also the variable selected for inclusion in the model. This suggests the im-
portance of mathematics to future study was an important influence on students choos-
ing to study mathematics and advanced mathematics.
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7.4 Attitude (Self-concept)

This section analyses the relationship between students’ self-concept and their inten-
tions to study advanced mathematics. The students were asked to respond to four state-
ments about their self-belief and self-confidence in their mathematical ability. See Sec-
tion 3.2.3 in Chapter 3 for more detailed information about these variables.

7.4.1 I am just not good at maths

“ as soon as i got a teacher in year 10 that explained everything that to it,
Ive enjoyed maths and i get excited each time i come back to this lesson
because i know im learning something knew every day ”

[Student C4]

The addition of S el fGood−R as a predictor variable to the constant only model produced
a chi-square of 13.835 with p = 0.003. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.091, 0.037 and 0.500
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect of
S el fGood−R was statistically significant (χ2

3 = 11.037, p = 0.012) and those students
who disagreed (χ2

1 = 6.046, p = 0.014) or agreed (χ2
1 = 5.990, p = 0.014) were

statistically significantly different to the students who strongly agreed. The model indi-
cates that the odds of students who disagreed or agreed studying advanced mathematics
were 0.148 and 0.792 times, respectively, that of students who strongly agreed.

The analysis indicates that S el fGood−R had a significant effect on students’ intentions
to study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.4.1 in Chapter 6.
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7.4.2 I get good marks in maths

The addition of S el fMarks as a predictor variable to the constant only model produced
a chi-square of 14.488 with p = 0.002. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.060, 0.205 and 0.636
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect of
S el fMarks was statistically significant (χ2

3 = 11.972, p = 0.007) and those students
who disagreed (χ2

1 = 8.543, p = 0.003) or agreed (χ2
1 = 7.671, p = 0.006) were

statistically significantly different to the students who strongly agreed. The comparison
with the ‘Strongly disagree’ group is discounted due to the relatively small size of the
group. The model indicates that the odds of students who disagreed or agreed studying
advanced mathematics were 0.0958 and 0.322 times, respectively, that of students
who strongly agreed.

The analysis indicates that S el fMarks had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.4.2 in Chapter 6.

7.4.3 I learn maths quickly

“ The thing I like about maths is that I under stand all the maths that the
teacher is teaching us. ”

[Student C1]

The addition of S el fQuick as a predictor variable to the constant only model produced a
chi-square of 14.919 with p = 0.002. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 0.083,
0.073, 0.256 and 0.591 times as likely, respectively, to study advanced mathematics
as they were not to study advanced mathematics. According to the Wald chi-square
statistic, the overall effect of S el fQuick was statistically significant (χ2

3 = 12.746, p =
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0.005) and those students who disagreed (χ2
1 = 11.237, p = 0.001) or agreed (χ2

1 =

3.906, p = 0.048) were statistically significantly different to the students who strongly
agreed. The comparison with the ‘Strongly disagree’ group can be discounted due to
the relatively low size of that group. The model indicates that the odds of students who
disagreed or agreed studying advanced mathematics were 0.124 and 0.433 times,
respectively, that of students who strongly agreed.

The analysis indicates that S el fQuick had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.4.3 in Chapter 6, except in this case the ‘Strongly agree’
group were more likely to study advanced mathematics than the ‘Agree’ group.

7.4.4 Maths is one of my best subjects

The addition of S el fBest as a predictor variable to the constant only model produced a
chi-square of 24.470 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.073, 0.301 and 0.500
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect
of S el fBest was statistically significant (χ2

3 = 10.270, p = 0.016) and those students
who disagreed (χ2

1 = 10.269, p = 0.001) were statistically significantly different to
the students who strongly agreed. The model indicates that the odds of students who
disagreed studying advanced mathematics was 0.146 times higher than students who
strongly agreed.

The analysis indicates that S el fBest had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.4.4 in Chapter 6.

7.4.5 I understand even difficult work

“ Like: easy work that I understand.
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Dislike: hard NOT understandable work ”

[Student A10]

The addition of S el fUnder as a predictor variable to the constant only model produced
a chi-square of 16.535 with p = 0.001. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who strongly disagreed, disagreed, agreed and strongly agreed were 0.069,
0.108, 0.304 and 0.889 times as likely, respectively, to study advanced mathematics
as they were not to study advanced mathematics. According to the Wald chi-square
statistic, the overall effect of S el fUnder was statistically significant (χ2

3 = 15.001, p =

0.002) and those students who strongly disagreed (χ2
1 = 8.480, p = 0.004), disagreed

(χ2
1 = 11.297, p = 0.001) or agreed (χ2

1 = 3.852, p = 0.050) were statistically
significantly different to the students who strongly agreed. The model indicates that
the odds of students who strongly disagreed, disagreed and agreed studying advanced
mathematics were 0.078, 0.121 and 0.792 times, respectively, that of students who
strongly agreed.

The analysis indicates that S el fUnder had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.4.5 in Chapter 6.

7.4.6 Summary

The results of the five logistic regression models suggest that all five self-concept vari-
ables had a significant effect on students’ intentions to study mathematics. Students
with a strong self-belief and self-confidence regarding mathematics were more likely to
study mathematics.

As these five variables form the single sub-domain of self-concept, it is likely that there
is a substantial collinearity between them. However, by using results of the Rasch anal-
ysis from Appendix I, the four variables can be considered as one scale.

The following logistic regression was used to investigate the impact of all statistically
significant self-concept variables on Pre fAny. So, S el fGood−R, S el fMarks, S el fQuick,
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S el fBest and S el fUnder were entered forward stepwise into the constant model using
the likelihood ratio test.

In the first step, the addition of S el fBest as a predictor variable to the constant only
model produced a chi-square of 22.716 with p = 0.000. The result was effectively the
same model described in Section 7.4.4. The remaining variables, S el fGood−R, S el fMarks,

S el fQuick and S el fUnder, were not added to the model as the overall chi-square scores
were not significant.

Table 7.5: Variables Not in the
Model (Self-concept)

Chi-square Sig.

SelfGood-R 3.216 0.359

SelfMarks 3.625 0.305

SelfQuick 1.598 0.660

SelfUnder 3.068 0.381

Another logistic regression was run with S el fBest and S el f (i.e. the self-concept
scale) entered forward stepwise into the constant model using the likelihood ratio test.
In the first step, S el f was entered into the model χ2

1 = 20.502, p = 0.000). However,
S el fBest was not entered into the model as it did not produce a statistically significant
improvement in the model (χ2

3 = 3.278, p = 0.351).

Table 7.6: Variables in the Equation (Self-concept)

b Std. error Wald Sig. exp(b)

Self 0.906 0.217 17.459 0.000 2.473

Constant −1.794 0.226 63.227 0.000 0.166

The analysis indicates that of all the instrumental motivation variables in this study
InstS tudy - the combined scale - had the most significant effect on students intentions
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to study advanced mathematics. That is, students’ overall feelings about their self-
confidence and self-belief were the most influential factor. Students who had strong
self-concept were significantly more likely to study advanced mathematics than students
who had weak self-concept.

The result is similar to the one regarding intentions to study any mathematics in Sec-
tion 6.4.6 in Chapter 6 in that all four self-concept variables were influential on students’
intentions to study mathematics or advanced mathematics. However S el fBest was the
best predictor, whereas in this result S el f was the best predictor. Overall, this sug-
gests that students’ self-concept was an important influence on students choosing to
study mathematics and advanced mathematics.

7.5 Attitude (Intrinsic Motivation)

This section analyses the relationship between students intrinsic motivation and their
intentions to study advanced mathematics. The students were asked to respond to four
statements about their enjoyment of and interest in mathematics. See Section 3.2.2 in
Chapter 3 for more detailed information about these variables.

7.5.1 I enjoy reading about maths

“ I find maths really boring and confusing and not really interesting. ”

[Student B5]

The addition of IntrRead as a predictor variable to the constant only model produced a
chi-square of 22.434 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.200, 0.354 and 0.857
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect
of IntrRead was not statistically significant (χ2

3 = 6.233, p = 0.101) and those stu-
dents who disagreed were statistically significantly different to the students who strongly
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agreed (χ2
1 = 5.572, p = 0.018). The model indicates that the odds of students who dis-

agreed studying advanced mathematics were 0.233 times that of students who strongly
agreed.

The analysis indicates that IntrRead did not have a significant effect on students’ in-
tentions to study advanced mathematics. However, when taking into account the un-
balanced nature of the ‘Strongly disagree’ group, students who (strongly) agreed were
significantly more likely to study advanced mathematics than students who (strongly)
disagreed. This aligns with the result regarding intentions to study any mathematics in
Section 6.5.1 in Chapter 6.

7.5.2 I look forward to my maths lessons

“ Schools should let students drop maths earlier or make maths easier ”

[Student B3]

The addition of IntrLook as a predictor variable to the constant only model produced a
chi-square of 29.456 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.092, 0.472 and 0.667
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect of
IntrLook was statistically significant (χ2

3 = 15.890, p = 0.001) and those students who
disagreed were statistically significantly different to the students who strongly agreed
(χ2

1 = 9.473, p = 0.002). The model indicates that the odds of students who dis-
agreed studying advanced mathematics were 0.138 times that of students who strongly
agreed.

The analysis indicates that IntrLook had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.5.2 in Chapter 6.



206 CHAPTER 7. INTENTIONS (ADVANCED)

7.5.3 I do maths because I enjoy it

“ Basically, I’m doing maths for schools grades. [smiley face] ”

[Student B5]

The addition of IntrEn joy as a predictor variable to the constant only model produced a
chi-square of 26.581 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.122, 0.362 and 0.800
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect of
IntrEn joy was statistically significant (χ2

3 = 11.362, p = 0.010) and those students who
disagreed were statistically significantly different to the students who strongly agreed
(χ2

1 = 10.149, p = 0.001). The model indicates that the odds of students who dis-
agreed studying advanced mathematics were 0.153 times that of students who strongly
agreed.

The analysis indicates that IntrEn joy had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.5.3 in Chapter 6.

7.5.4 I am interested in maths

The addition of IntrInterest as a predictor variable to the constant only model produced
a chi-square of 31.026 with p = 0.000. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who disagreed, agreed and strongly agreed were 0.038, 0.272 and 1.000
times as likely, respectively, to study advanced mathematics as they were not to study
advanced mathematics. According to the Wald chi-square statistic, the overall effect of
IntrInterest was statistically significant (χ2

3 = 16.953, p = 0.001) and those students
who disagreed (χ2

1 = 15.476, p = 0.000) or agreed (χ2
1 = 7.804, p = 0.005) were

statistically significantly different to the students who strongly agreed. The model indi-
cates that the odds of students who disagreed or agreed studying advanced mathematics
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were 0.038 and 0.272 times, respectively, that of students who strongly agreed.

The analysis indicates that IntrInterest had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.5.4 in Chapter 6.

7.5.5 Summary

The results of the four logistic regression models suggest that all four intrinsic moti-
vation variables had a significant effect on students’ intentions to study mathematics.
Students with a strong interest in and enjoyment of mathematics were more likely to
study advanced mathematics.

As these four variables form the single sub-domain of intrinsic motivation, it is likely
that there is a substantial collinearity between them. However, by using results of the
Rasch analysis in Appendix I, the four variables can be considered as one scale.

The following logistic regression was used to investigate the impact of all statistically
significant intrinsic motivation variables on Pre fAdv. So, IntrRead, IntrLook, IntrEn joy

and IntrInterest were entered forward stepwise into the constant model using the likeli-
hood ratio test.

In the first step, the addition of IntrInterest as a predictor variable to the constant only
model produced a chi-square of 31.302 with p = 0.000. The result was effectively
the same model described in Section 7.5.4. The remaining variables, IntrRead, IntrLook

and IntrEn joy, were not added to the model as the overall chi-square scores were not
significant.
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Table 7.7: Variables Not in the
Model (Intrinsic Moti-
vation)

Chi-square Sig.

IntrRead 2.129 0.549

IntrLook 6.301 0.098

IntrEnjoy 1.922 0.589

Another logistic regression was run with IntrInterest and Intr (i.e. the intrinsic mo-
tivation scale) entered forward stepwise into the constant model using the likelihood
ratio test. In the first step, Intr was entered into the model instead of IntrLook. The
addition of Intr statistically significantly improved the model (χ2

1 = 31.024, p =

0.000).

Table 7.8: Variables in the Equation (Intrinsic Motivation)

b Std. error Wald Sig. exp(b)

Intr 1.136 0.232 23.986 0.000 3.114

Constant −1.935 0.243 63.495 0.000 0.144

In this case IntrLook was not entered into the model as it did not produce a statistically
significant improvement in the model (χ2

3 = 2.432, p = 0.488).

The analysis indicates that of all the intrinsic motivation variables in this study IntrInterest

had the most significant effect on students’ intentions to study mathematics. That is, stu-
dents’ feelings about their interest in mathematics was the most influential factor. How-
ever, using the intrinsic motivation scale (which combines all four intrinsic motivation
variables into a single scale) produced a significantly better model. Students who had
higher levels of intrinsic motivation were significantly more likely to study advanced
mathematics.

The result is similar to the one regarding intentions to study any mathematics in Sec-
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tion 6.5.5 in Chapter 6. The intrinsic motivation scale was the best predictor for stu-
dents’ intentions to study mathematics or advanced mathematics.

7.6 Factors

This section analyses the relationship between the influences on students’ intentions to
study mathematics and their intentions to study advanced mathematics. The students
were asked to indicate how influential eleven different factors were on their intentions
to study mathematics. See Section 3.1.8 in Chapter 3 for more detailed information
about these variables.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 7.

7.6.1 Enjoyment

“ I don’t enjoy Maths but I do it anyway because it’s important. ”

[Student A9]

The addition of FEn joyment as a predictor variable to the constant only model produced
a chi-square of 16.169 with p = 0.001. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who indicated no, weak, moderate or strong influence were 0.037, 0.084,
0.305 and 0.452 times as likely, respectively, to study advanced mathematics as they
were not to study advanced mathematics. According to the Wald chi-square statistic, the
overall effect of FEn joyment was statistically significant (χ2

3 = 11.678, p = 0.009) and
those students who indicated no (χ2

1 = 5.483, p = 0.019) or weak (χ2
1 = 7.626, p =

0.006) influence were statistically significantly different to the students who indicated
strong influence. The model indicates that the odds of students who indicated no or weak
influence studying advanced mathematics were 0.082 and 0.185 times, respectively,
that of students who indicated strong influence.

The analysis indicates that FEn joyment had a significant effect on students’ intentions to
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study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.6.1 in Chapter 6.

7.6.2 Prerequisite

“ I think only a very small part of what we do in maths classes at school
will be useful in the future (unless you want to be a mathematician, etc). ”

[Student B5]

The addition of FPrereq as a predictor variable to the constant only model produced a
chi-square of 16.719 with p = 0.001. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who indicated weak, moderate or strong influence were 0.097, 0.236 and
0.377 times as likely, respectively, to study advanced mathematics as they were not to
study advanced mathematics. According to the Wald chi-square statistic, the overall
effect of FPrereq was not statistically significant (χ2

3 = 4.866, p = 0.182), but those
students who indicated weak (χ2

1 = 4.347, p = 0.037) influence were statistically sig-
nificantly different to the students who indicated strong influence. The model indicates
that the odds of students who indicated weak influence studying advanced mathematics
were 0.257 times that of students who indicated strong influence.

The analysis indicates that FPrereq did not have a significant effect on students’ inten-
tions to study advanced mathematics. However, taking into account the ‘No’ group,
there is a significant difference between those students in the ‘Moderate’ or ’Strong’
groups and those students in ‘No’ or ‘Weak’ groups.

7.6.3 Ability

The addition of FAbility as a predictor variable to the constant only model produced a
chi-square of 12.825 with p = 0.005. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who indicated no, weak, moderate or strong influence were 0.125, 0.026,
0.326 and 0.233 times as likely, respectively, to study advanced mathematics as they
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were not to study advanced mathematics. According to the Wald chi-square statistic,
the overall effect of FAbility was not statistically significant (χ2

3 = 6.814, p = 0.078)
and those students who indicated weak influence were statistically significantly different
to the students who indicated strong influence (χ2

1 = 4.232, p = 0.040). The model
indicates that the odds of students who indicated weak influence studying advanced
mathematics were 0.110 times that of students who indicated strong influence.

The analysis indicates that FAbility had a significant effect on students’ intentions to
study advanced mathematics. This differs from the result regarding intentions to study
any mathematics in Section 6.6.4 in Chapter 6. Students who felt their ability was of
no influence on their intentions were significantly less likely to study any mathematics
than other students.

7.6.4 Teachers

“ I used to really dislike Mathamatics and growing up I really didn’t get
Math.. But in the last year and a half as I have had [our teacher] as a
teacher, I have really started to enjoy it. ”

[Student C7]

The addition of FTeachers as a predictor variable to the constant only model produced
a chi-square of 8.965 with p = 0.030. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who indicated no, weak, moderate or strong influence were 0.080, 0.367,
0.235 and 0.071 times as likely, respectively, to study advanced mathematics as they
were not to study advanced mathematics. According to the Wald chi-square statistic,
the overall effect of FTeachers was not statistically significant (χ2

3 = 7.268, p = 0.064)
and those students who indicated weak influence were statistically significantly differ-
ent to the students who indicated strong influence (χ2

1 = 4.384, p = 0.036). The model
indicates that the odds of students who indicated weak influence studying advanced
mathematics were 5.174 times, respectively, that of students who indicated strong in-
fluence.

The analysis indicates that FTeachers did not have a significant effect on students’ inten-
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tions to study advanced mathematics. This differs from the result regarding intentions
to study any mathematics in Section 6.6.6 in Chapter 6. Students who felt their teach-
ers were of no influence on their intentions were significantly less likely to study any
mathematics than other students.

7.6.5 Interest

The addition of FInterest as a predictor variable to the constant only model produced a
chi-square of 14.053 with p = 0.003. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.

Students who indicated weak, moderate or strong influence were 0.167, 0.229 and
0.483 times as likely, respectively, to study advanced mathematics as they were not to
study advanced mathematics. According to the Wald chi-square statistic, the overall
effect of FInterest was not statistically significant (χ2

3 = 5.006, p = 0.171), but those
students who indicated weak influence were statistically significantly different to the
students who indicated strong influence (χ2

1 = 4.150, p = 0.042). The model indicates
that the odds of students who indicated weak influence studying advanced mathematics
were 0.345 times that of students who indicated strong influence.

The analysis indicates that FInterest had a significant effect on students’ intentions to
study advanced mathematics. This aligns with the result regarding intentions to study
any mathematics in Section 6.6.8 in Chapter 6.

7.6.6 Career

“ Maths is relevant to me because I want to do engineering when Im older
so it has a lot to do with it. ”

[Student B14]

The addition of FCareer as a predictor variable to the constant only model produced a
chi-square of 10.383 with p = 0.016. This result was statistically significant, which
indicates that it significantly improved the predictive power of the model.
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Students who indicated weak, moderate or strong influence were 0.050, 0.184 and
0.316 times as likely, respectively, to study advanced mathematics as they were not to
study advanced mathematics. According to the Wald chi-square statistic, the overall
effect of FCareer was not statistically significant (χ2

3 = 4.453, p = 0.217) and none of
the groups were statistically significantly different to the students who indicated strong
influence.

The analysis indicates that FCareer did not have a significant effect on students’ inten-
tions to study advanced mathematics. This differs with the result regarding intentions
to study any mathematics in Section 6.6.9 in Chapter 6. In that case, students who felt
that their career was a stronger influence on their intention to study mathematics were
significantly more likely to study any mathematics.

7.6.7 Summary

The following is a summary of all factor variables, indicating whether or not the overall
effect was statistically significant.

Table 7.9: Effect of Factor
Variables on Advanced
Mathematics Intentions

Significant Not significant

Enjoyment ATAR

Prerequisites Friends

Interest Ability

Textbooks

Teachers

Parents

Difficulty

Interest

Career
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Note that FPrereq and FInterest have been included in the ‘Significant’ column despite
the overall effect of those variables not being significant.

According to the results, students’ enjoyment of mathematics, prerequisites for study
and their interest in mathematics all had a significant influence on their intentions to
study mathematics. There may be some collinearity between the variables.

The following logistic regression was used to investigate the impact of all statistically
significant factor variables on Pre fAny. So, FEn joyment, FPrereq and FInterest were en-
tered forward stepwise into the constant model using the likelihood ratio test.

The variables FEn joyment and FPrereq were entered sequentially in that order and at each
step the model was significantly improved.

Table 7.10: Variables Entered in the Model (Factor)

-2 Log likelihood Chi-square Sig.

Step 1 FEnjoyment 186.627 15.361 0.002

Step 2 FInterest 172.240 14.387 0.002

Table 7.11: Variables in the Equation (Factor)

b Std. error Wald Sig. exp(b)

FEnjoyment 10.514 0.015

FInterest 3.164 0.367

Constant −0.252 0.398 0.401 0.526 0.777

The remaining variable FInterest was not added to the model as the overall chi-square
score was not significant (χ2

3 = 2.937, p = 0.402).

The analysis indicates that of all the factor variables in this study FEn joyment and FPrereq

had the most significant effects on students’ intentions to study mathematics. That is,
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students’ enjoyment of mathematics and prerequisite subjects for future study were the
most influential factors. Students who felt that their enjoyment of mathematics and
prerequisites were more influential on their intentions were significantly more likely to
study advanced mathematics.

The result has some similarities to the one regarding intentions to study any mathemat-
ics in Section 6.6.10 in Chapter 6. The two results indicate that prerequisites for fu-
ture study were a significant influence on students’ intentions to study mathematics and
that students who felt they were more influential were more likely to study (advanced)
mathematics. However, this result indicates that students’ enjoyment of mathematics
was significant whereas the other result indicates that the difficulty of mathematics was
significant.

7.7 Teacher’s Practices

This section analyses the relationship between teachers’ practices (as reported by the
students) and the students’ intentions to study advanced mathematics. For more infor-
mation about the variables in this section, see Section 3.1.9 in Chapter 3.

The following is a summary of all teacher’s practices variables, indicating whether or
not the overall effect was statistically significant. An unfilled dot indicates there was not
a statistically significant difference, a filled dot indicates a statistically significant dif-
ference and a dash indicates that this variable was not applicable for the corresponding
study.
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Table 7.12: Effect of Teacher’s Practices Variables on Advanced Mathematics In-
tentions

Intentions Intentions Literacy Attitude

(Adv.) (Any)

Problems on the board ◦ ◦ • ◦

Textbooks to teach new topics ◦ ◦ ◦ ◦

Refers to textbook ◦ • ◦ ◦

Sets investigations ◦ • • •

Teacher roaming ◦ ◦ ◦ •

Uses technology ◦ ◦ • ◦

Problem solving ◦ ◦ • ◦

According to the results, none of the teacher’s practices variables had a significant ef-
fect on students’ intentions to study advanced mathematics. Students had a similar like-
lihood of studying mathematics regardless of the kinds of practices that their teacher
used in their mathematics classes.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 7.

7.8 Required Tasks

This section analyses the relationship between tasks students were required to undertake
(as self-reported) and their intentions to study advanced mathematics. This is distinct
from tasks and practices actually undertaken by the students. The aim of these questions
was to determine how often students were asked or required to do these things, but
leaves open the possibility that students chose not to attempt or complete them. For
more information about these variables, see Section 3.1.10 in Chapter 3.

The following is a summary of all required tasks variables, indicating whether or not
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the overall effect was statistically significant. An unfilled dot indicates there was not
a statistically significant difference, a filled dot indicates a statistically significant dif-
ference and a dash indicates that this variable was not applicable for the corresponding
study.

Table 7.13: Effect of Required Practices Variables on Advanced Mathemat-
ics Intentions

Intentions Intentions Literacy Attitude

(Adv.) (Any)

Solve textbook exercises ◦ ◦ • ◦

Read textbook examples ◦ ◦ ◦ ◦

Read textbook theory ◦ ◦ ◦ ◦

Provide reasoning ◦ ◦ ◦ •

Memorisation ◦ ◦ ◦ •

Complete for homework ◦ ◦ ◦ ◦

According to the results, none of the required tasks variables had a significant effect on
students’ intentions to study advanced mathematics. Students had a similar likelihood
of studying mathematics regardless of the kinds of practices that they were required to
undertake in their mathematics classes.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 7.

7.9 Student’s Practices

This section analyses the relationship between students’ practices (as self-reported) and
their intentions to study advanced mathematics. This is distinct from tasks and practices
that the teacher has assigned the students, as in the previous section. The aim of these
questions was to determine how often students actually attempted these tasks. For more
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information about these variables, see Section 3.1.11 in Chapter 3.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 7.

7.9.1 Help others

The addition of S Helping as a predictor variable to the constant only model produced a
chi-square of 7.045 with p = 0.070. This result was not statistically significant, which
indicates that it did not significantly improve the predictive power of the model.

Students who indicated the practice occurred hardly ever, sometimes, most lessons and
every lesson were 0.125, 0.122, 0.306 and 0.381 times as likely, respectively, to
study advanced mathematics as they were not to study advanced mathematics. Ac-
cording to the Wald chi-square statistic, the overall effect of S Helping was not statis-
tically significant (χ2

3 = 6.564, p = 0.087), but those students who indicated some-
times were statistically significantly different to the students who indicated every lesson
(χ2

1 = 4.386, p = 0.036). The model indicates that the odds of students who indicated
sometimes studying advanced mathematics were 0.320 times that of students who in-
dicated every lesson.

The analysis indicates that S Helping did not have a significant effect on students’ in-
tentions to study advanced mathematics. However, there is a clear difference between
students in the ‘Never or hardly ever’ and ‘Sometimes’ groups and students in the ‘Most
lessons’ and ‘Every lesson’ groups. Those students who helped others more often were
significantly more likely to study advanced mathematics.

This differs to the result regarding intentions to study any mathematics noted in Sec-
tion 6.9.3 in Chapter 6. In that case, there was not a significant difference in the likeli-
hood of students from each group studying any mathematics.

7.9.2 Summary

The following is a summary of all student’s practices variables, indicating whether or
not the overall effect was statistically significant. An unfilled dot indicates there was not
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a statistically significant difference, a filled dot indicates a statistically significant dif-
ference and a dash indicates that this variable was not applicable for the corresponding
study.

Table 7.14: Effect of Student’s Practices Variables on Advanced Mathematics
Intentions

Intentions Intentions Literacy Attitude

(Adv.) (Any)

Individual textbook work ◦ ◦ • •

Textbook work with others ◦ ◦ ◦ •

Group projects ◦ • • •

Help others • ◦ • •

Others help me ◦ ◦ ◦ ◦

Complete for homework ◦ ◦ ◦ ◦

Note that S Helping has been included in the ‘Significant’ column despite the overall
effect of that variable not being significant.

According to the results, only working on helping others had a significant effect on stu-
dents’ intentions to study mathematics. Students had a similar likelihood of studying
mathematics regardless of the kinds of practices that they undertook in their mathe-
matics classes, other than helping other students. However, as helping others also had
significant effects on literacy and attitude, further investigation is required to determine
whether there is an underlying cause (e.g. associations between Literacy and the other
variables).

7.10 Sources

This section analyses the relationship between sources consulted by students outside of
the classroom and their intentions to study advanced mathematics. For more information
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about these variables, see Section 3.1.13 in Chapter 3.

The following is a summary of all sources variables, indicating whether or not the over-
all effect was statistically significant. An unfilled dot indicates there was not a statisti-
cally significant difference, a filled dot indicates a statistically significant difference and
a dash indicates that this variable was not applicable for the corresponding study.

Table 7.15: Effect of Source Variables on Advanced Mathematics Intentions

Intentions Intentions Literacy Attitude

(Adv.) (Any)

Websites ◦ ◦ ◦ •

Textbook ◦ ◦ • •

Other books ◦ ◦ ◦ •

Other students or siblings ◦ ◦ ◦ ◦

Parents ◦ ◦ ◦ •

Teachers ◦ ◦ ◦ ◦

According to the results, none of sources variables had a significant effect on students’
intentions to study advanced mathematics. Students had a similar likelihood of study-
ing mathematics regardless of whether they consulted any of those external sources or
not.

This section does not report models in which there were no significant differences - for
the results of these analyses see Appendix 7.

7.11 Conclusion

The analyses in this chapter have indicated that their were multiple factors in this study
which had a significant effect on students’ intentions to study advanced mathematics.
There were significant factors in many sections including students’ background, attitude
towards mathematics and student’s practices.
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Table 7.16: Significant Variables - Intentions to Study Advanced Math-
ematics

Section Significant variables

Background Sex, expected education, parents’ educa-
tion

Instrumental motivation All variables

Self-concept All variables

Intrinsic motivation All variables

Factors Enjoyment of mathematics, study prereq-
uisites, interest in mathematics

Teacher’s practices -

Required tasks -

Student’s practices Helping others

External sources -

Many of the variables are associated with the same variance. So, when one variable is
already included in the model adding a second variable does not significantly improve
the model because the variance in students’ intentions to study mathematics has already
been accounted for by the first variable. For example, there are obviously conceptual
overlaps between many of the attitude variables. This means from the instrumental
motivation section that only InstS tudy is needed to explain a significant proportion of
the variance.

The aim of this chapter was to construct an overall model which indicates which vari-
ables had the most significant effect on students’ intentions to study advanced mathemat-
ics. Based on models constructed in the summary section of each section, the significant
variables have been considered for inclusion in the overall model. The following details
the results of the overall model.

The following logistic regression was used to investigate the impact on Pre fAny of
all the variables in previous sections that were included in the final models. So, S ex,
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ExEdR, ParEdR, InstS tudy, S el f , Intr, FEn joyment, FPrereq and S Helping were
entered forward stepwise into the constant model using the likelihood ratio test.

The variables Intr, InstS tudy and ParEdR were entered sequentially in that order and
at each step the model was significantly improved.

Table 7.17: Variables Entered in the Model (Advanced Math-
ematics)

-2 Log likelihood Chi-square Sig.

Step 1 Intr 140.473 30.629 0.000

Step 2 InstStudy 121.422 19.051 0.000

Step 3 ParEdR 113.961 7.461 0.006

Table 7.18: Model Summary (Advanced
Mathematics)

Cox Snell R2 Nagelkerke R2

Step 1 0.157 0.256

Step 2 0.242 0.394

Step 3 0.273 0.444

The remaining variables were not added to the model as the overall chi-square scores
were not significant. This indicates that, while they had a significant effect when added
separately, there was a significant overlap in the variance they explained and the variance
explained by the three variables that were added.
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Table 7.19: Variables Not in the
Model (Advanced
Mathematics)

Chi-square Sig.

Sex 3.452 0.063

ExEdR 4.891 0.087

Self 1.219 0.270

FEnjoyment 1.586 0.662

FInterest 4.797 0.187

SHelping 1.160 0.763

Another logistic regression was run with Intr, InstStudy, ParEdR, Inst, S el f , Literacy
and Attitude entered forward stepwise into the constant model using the likelihood ra-
tio test. In the first two steps, Attitude and ParEdR were entered into the model.
However, InstS tudy (χ2

3 = 5.710, p = 0.127), Intr (χ2
1 = 0.026, p = 0.873),

S el f (χ2
1 = 0.926, p = 0.336), Inst (χ2

1 = 1.634, p = 0.201), and Literacy
(χ2

1 = 0.240, p = 0.624) were not entered into the model as they did not produce a
statistically significant improvement in the model.

So, the model indicates that Attitude and ParEdR were better predictors of whether
students intended to study mathematics than S ex, ExEdR, FEn joyment, FInterest, S Helping,

Inst, S el f , Intr and Literacy. There are clear conceptual overlaps between many
of these variables.

Typically, students who felt their enjoyment of and interest in mathematics was a strong
influence on their intentions to study mathematics (i.e. FEn joyment and FInterest) also
had a positive attitude towards mathematics (i.e. Attitude). Students who intended to
study at university (i.e. ExEdR) were more likely to have parents that had studied at
university (i.e. ParEdR).

Now that the construction of the overall model is confirmed, the results of that model
can be discussed in greater detail.
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Table 7.20: Variables in the Equation (Advanced Mathemat-
ics)

b Std. error Wald Sig. exp(b)

Attitude 1.378 0.301 21.004 0.000 3.965

ParEdR −0.973 0.467 4.340 0.037 0.378

Constant −1.608 0.363 19.673 0.000 0.200

According to the Wald chi-square statistic, the overall effect of Attitude (χ2
1 = 21.004, p =

0.000) and ParEdR (χ2
1 = 4.340, p = 0.037) were statistically significant.

After taking into account ParEdR, the odds of students studying advanced mathematics
increases 3.965 times for each unit increase (i.e. approximately one standard devia-
tion) on the attitude scale, Attitude. After taking into account Attitude, the odds of
students whose parents had studied at university studying advanced mathematics were
2.646 times that of students whose parents had not studied at university.

The model estimates that students with an average attitude score whose parents had and
had not studied at university were 0.200 and 0.076 times, respectively, as likely to
study advanced mathematics as they were to not study advanced mathematics. Students
with attitude score approximately one standard deviation above the average whose par-
ents had and had not studied at university were 0.795 and 0.300 times, respectively as
likely to study advanced mathematics as they were not to study advanced mathematics.
Students with attitude score approximately one standard deviation under the average
whose parents had and had not studied at university were 0.050 and 0.019 times, re-
spectively as likely to study advanced mathematics as they were not to study advanced
mathematics.

The issues highlighted in the previous chapter using logistic regression techniques (Sec-
tion 6.11 in Chapter 6) also apply to this chapter. In particular, the low sample size has
caused issues with the computation and interpretation of the analyses. For example, in
the analysis of InstCareer (Section 7.3.2) comparisons with two of the groups is im-
possible because all of the students in those groups indicated they did not intend to
study mathematics. It is likely that with a larger sample size these groups would not be
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completely unbalanced and statistical comparisons would be possible.

The overall model with Attitude and ParEdR as predictor variables is not as compro-
mised as some of the individual analyses or the overall model in Chapter 6. As there is
just one continuous variable and one binary variable, the overall complexity of the model
does not overwhelm the statistical power afforded by the sample size. However, a large
sample size and use of scales (to measure factors such as family capital and classroom
practices) would be an advantage and is a consideration for future research.

The analyses in this chapter indicate that of all the variables in this study Attitude and
ParEdR had the most significant effects on students’ intentions to study mathemat-
ics. That is, students’ overall attitude towards mathematics (i.e. the combined scale
of instrumental motivation, self-concept and intrinsic motivation) and their parents’ ed-
ucation were the most influential factors. Students who had more positive attitudes
towards mathematics and whose parents had a university education were significantly
more likely to study mathematics. In particular, the earlier version of the final model
indicates instrumental and intrinsic motivation were particularly important.

As in Section 6.11 in Chapter 6, it is important to note that Attitude and ParEdR

are just the three best predictor variables from the list outlined in Table 7.16. These
variables are inherently connected with the other variables such as students’ attitude
as measured by the Attitude scale, students’ sex and educational expectations and the
factors influencing their intentions to study mathematics. Chapter 5 established the
significant connection between many of these variables and students’ attitude towards
mathematics.

As a final point it is interesting to revisit the significant variables from this chapter and
compare them to the variables that had a significant effect on students’ intentions to
study any mathematics, as outlined in Chapter 6.
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Table 7.21: Variables Affecting Intentions to Study Mathematics and Advanced
Mathematics

Significant variables

Section Any mathematics Advanced mathematics

Background Sex, expected educa-
tion

Sex, expected educa-
tion, parents’ education

Instrumental motivation All variables All variables

Self-concept All variables All variables

Intrinsic motivation All variables All variables

Factors Enjoyment of math-
ematics, university
entrance score, study
prerequisites, ability at
mathematics, advice of
teachers, difficulty of
mathematics, interest in
mathematics and future
career

Enjoyment of mathe-
matics, study prerequi-
sites, interest in mathe-
matics

Teacher’s practices Referring to the text-
book, setting investiga-
tions, roaming around
the classroom

-

Required tasks - -

Student’s practices Group projects Helping others

External sources - -

Understandably, there were many variables common to both chapters. The analyses
indicate that sex, expected education, instrumental motivation, self-concept, intrinsic
motivation, enjoyment of mathematics, study prerequisites and interest in mathematics
had a significant effect on students’ intentions to study any mathematics and advanced
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mathematics.

Parents’ education had a significant on students’ intentions to study advanced math-
ematics, but not any mathematics. University entrance score, ability at mathematics,
teacher’s advice, the difficulty of mathematics, future career plans and teacher’s prac-
tices were significant in students’ intentions to study any mathematics, but not advanced
mathematics.

Comparing the two sets of variables, the main differences are the influence of teachers
(i.e. their advice and how they interact with their students) and students’ anticipation
of success in mathematics (i.e. whether they they will be good enough at mathematics
to. The advice of teachers and some of teachers’ practices in the classroom were influ-
enced the decision to study any mathematics or not, whereas these factors were not so
important to students when deciding whether to study advanced mathematics.

Whether or not students anticipated they would perform well enough in senior sec-
ondary school mathematics to meet the entrance requirements of their chosen degree
and be able to pursue their chosen career path seemed to be the other deciding factor. It
seems students contemplating studying advanced mathematics or not were more confi-
dent in their ability to succeed in mathematics and were basing the decision on whether
they enjoyed and were interested in mathematics. The relationship between parents’
education and studying advanced mathematics is not so clear.

The analyses in this chapter and in Chapter 6 point to the need to understand the interac-
tions and relationships between these variables and how they effect students’ intentions
to study all varieties of mathematics. Students’ backgrounds, the perceived value of
mathematics to their future studies and careers, their self-belief and self-confidence re-
garding mathematics, their interest in and enjoyment of mathematics and the study and
career pathways open to them are all important and interlinked factors in students de-
ciding to study mathematics.
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Chapter 8

Hierarchical Linear Modelling

8.1 Introduction

The aim of this chapter is to address the research questions: what effect do classroom
behaviours and practices in mathematics classes have on students’ mathematical lit-
eracy? and what effect do classroom behaviours and practices in mathematics classes
have on students’ attitude towards mathematics?. This chapter is an extension of anal-
yses started in Chapters 4 and 5.

An advantage of hierarchical linear modelling is that it can be used to construct complex
models with continuous and categorical variables. The object of this chapter is produce
two overall models that demonstrate which variables have a significant effect on stu-
dents’ mathematical literacy and attitudes towards mathematics, respectively.

Firstly, an overall model is computed for each group of variables (e.g. background and
education variables). The variables which are the best predictors will then be considered
for inclusion in the overall model and this will indicate which factors had the most
significant effect on literacy and attitude.

229
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8.2 Literacy

The aim of this section is to produce an overall model for students’ literacy. The analy-
ses are grouped into eight sections each focusing on a group of variables that have a sim-
ilar focus: students’ background and education, instrumental motivation, self-concept,
intrinsic motivation, teacher’s practices, required tasks, student’s practices and external
sources. The conclusion uses the results of these eight models to construct a single
overall model.

8.2.1 Background and education

The results of the hierarchical linear modelling indicates that Country of Birth, Primary
Language, Expected Education and Parents’ Education had a significant effect on
Literacy. Table 8.1 shows the results of the significance test on that variable for each
model (when compared with the reference group).

Table 8.1: Effect of Background Variables
on Literacy

Fixed Random

Sex 0.189 0.229

Country of Birth 0.000 0.004

Primary Language 0.002 0.040

Expected Education

Non-university 0.016 0.016

Undergraduate 0.025 0.052

Parents’ Education 0.005 0.025

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Literacy.

A two-level conditional model with Country of Birth, Primary Language, Expected
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Education and Parents’ Education as Level 1 predictor variables was computed. The
relationship between all three variables and Literacy was assumed to be fixed across
the groups.

The results indicate that Country of Birth, Expected Education and Parents’ Educa-
tion had statistically significant direct effects on Literacy.

The literacy of non-migrant students was significantly higher than migrants students
(t = −2.272, p = 0.024). Students who expected a non-university (t = −2.448, p =

0.015) or undergraduate (t − 2.456, p = 0.015) education had significantly lower
literacy than students expecting a postgraduate education. Students whose parents had
not been to university had significantly lower literacy than students who parents had
been (t = −3.027, p = 0.003).

However, in this model, English speaking and non-English speaking students had sim-
ilar levels of literacy (t = −1.196, p = 0.234). This is likely due to the strong as-
sociation in this study between having a migrant background and primarily speaking a
language other than English at home. The underlying cause of the differences in liter-
acy is likely due to some common factor between Primary Language and Country of
Birth.

There was still a statistically significant amount of residual variance (χ2
14 = 79.830, p =

0.000) which indicates that after controlling for Country of Birth, Primary Language,
Expected Education and Parents’ Education there was still significant variation be-
tween schools.

The deviance statistic was 667.425 with eight estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

5 = 82.511, p = 0.000).
There was also a statistically significant difference in the deviance statistic between this
model and the models only including Country of Birth (χ2

2 = 64.735, p = 0.000),
Primary Language (χ2

2 = 43.576, p = 0.000), Expected Education (χ2
3 = 61.050, p =

0.000) and Parents’ Education (χ2
4 = 52.122, p = 0.000).

This model was also statistically significantly better than the same model with Primary
Language omitted (χ2

1 = 20.927, p = 0.000). Based on these results, there is enough
evidence to suggest that this model should be accepted in preference to the those other
models.
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This analysis reinforces that students’ country of birth, their educational expectations
and their parents’ education had significant effects on their attitude towards mathemat-
ics. However, further investigation is needed to determine why these factors are impor-
tant and whether there are any underlying factors.

8.2.2 Attitude (Instrumental Motivation)

The results of the analyses of variance in Section 4.3 in Chapter 4 and hierarchical
linear modelling indicate that none of the instrumental motivation variables had a sig-
nificant effect on students’ mathematical literacy. Furthermore, only the model includ-
ing InstWork made a significant improvement over the unconditional model. Table 8.2
shows the results of the significance tests on that variable for each model (when com-
pared with the reference group, denoted by a hyphen).

Table 8.2: Effect of Instrumental Motivation Variables on Literacy

Strongly disagree Disagree Agree Strongly agree

InstWork 0.914 0.254 0.984 -

InstCareer 0.816 0.392 0.293 -

InstS tudy 0.576 0.305 0.962 -

InstJob 0.612 0.748 0.915 -

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Literacy.

As the four variables form the attitude sub-domain of instrumental motivation they can
be considered together using a single scale. So, the instrumental motivation scale Inst
will be introduced to the model to investigate its impact on Literacy.

A two-level conditional model with Inst as a Level 1 predictor variable was computed.
In this model, the relationship between Inst and Literacy was assumed to be fixed
across the groups. Inst was added to the model as uncentred as its average is defined
as 0.0 in this study.
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The results indicate that Inst did not have a statistically significant direct effect on
Literacy (t = 0.333, p = 0.739). Students had similar levels of literacy regardless of
their level of instrumental motivation. There was still a statistically significant amount
of residual variance (χ2

14 = 119.997, p = 0.000) which indicates that after controlling
for Inst there was still significant variation between schools.

The deviance statistic was 733.806 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 16.130, p = 0.000).
Based on these results, there is enough evidence to include Intr (fixed across schools)
in the model.

The same model was computed, but without the assumption that the relationship be-
tween Inst and Literacy was fixed across groups. The deviance statistic was 733.608
with six estimated parameters which was statistically significantly different from the
unconditional model (χ2

3 = 16.328, p = 0.001), but not the previous fixed model
(χ2

2 = 0.198, p = 0.906). Based on these results, there is not enough evidence to
include Inst in the model as random instead of fixed across schools.

Using the model with Inst (fixed across schools) as a basis, InstWork was added to
the model separately to determine whether there was a significant improvement over
the original model. The deviance statistic was 730.724 with seven estimated param-
eters which was not statistically significantly different from the original model (χ2

1 =

2.884, p = 0.085). This indicates that InstWork did not produce a further significant
improvement in the model.

8.2.3 Attitude (Self-concept)

The results of the analyses of variance in Section 4.4 in Chapter 4 and hierarchical linear
modelling indicate that all of the self-concept variables had a significant effect on stu-
dents’ mathematical literacy. Furthermore, each model was a significant improvement
over the unconditional model. Table 8.3 shows the results of the significance tests on
that variable for each model (when compared with the reference group, denoted by a
hyphen).
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Table 8.3: Effect of Self-concept Variables on Literacy

Strongly disagree Disagree Agree Strongly agree

S el fGood−R 0.004 0.002 0.000 -

S el fMarks 0.000 0.000 -

S el fQuick 0.003 0.001 0.001 -

S el fBest 0.000 0.000 0.000 -

S el fUnder 0.000 0.003 0.001 -

Note that the comparison between the ‘Strongly disagree’ and ‘Strongly agree’ groups
for S el fMarks has been discounted due to the relatively small size of the former group.
Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Literacy.

As the five variables form the attitude sub-domain of self-concept they can be considered
together using a single scale. So, the self-concept scale S el f will be introduced to the
model to investigate its impact on Literacy.

A two-level conditional model with S el f as a Level 1 predictor variable was computed.
In this model, the relationship between S el f and Literacy was assumed to be fixed
across the groups. S el f was added to the model as uncentred as its average is defined
as 0.0 in this study.

These results indicate that S el f had a statistically significant direct effect on Literacy
(t = 4.639, p = 0.000). Students with higher levels of self-concept had significantly
higher levels of literacy. There was still a statistically significant amount of residual
variance (χ2

14 = 109.201, p = 0.000) which indicates that after controlling for S el f
there was still significant variation between schools.

The deviance statistic was 671.821 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 78.115, p = 0.000).
Based on these results, there is enough evidence to include S el f (fixed across schools)
in the model.

The same model was computed, but without the assumption that the relationship be-
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tween S el f and Literacy was fixed across groups. The deviance statistic was 667.932
with six estimated parameters which was statistically significantly different from the
unconditional model (χ2

3 = 82.004, p = 0.000), but not the previous fixed model
(χ2

2 = 3.889, p = 0.143). Based on these results, there is not enough evidence to
include S el f in the model as random instead of fixed across schools.

Using the model with S el f (fixed across schools) as a basis, each of the self-concept
variables was added to the model separately to determine whether there was a significant
improvement over the original model. The following table indicates the difference in
deviance between the original model and the model with that variable included and the
result of the chi-square significance test.

Table 8.4: Model Statistics (Self-
concept)

Chi-square d.f. p

SelfGood-R 4.888 3 0.179

SelfMarks 4.739 3 0.190

SelfQuick 4.673 3 0.196

SelfBest 3.806 3 0.282

SelfUnder 8.537 3 0.035

Only the addition of S el fUnder resulted in a further significant improvement in the
model.

8.2.4 Attitude (Intrinsic Motivation)

The results of the analyses of variance in Section 4.5 in Chapter 4 and hierarchical lin-
ear modelling indicate that none of intrinsic motivation variables had a significant effect
on students’ mathematical literacy. However, the models including IntrLook, IntrEn joy

and IntrInterest were a significant improvement over the unconditional model. Table 8.5
shows the results of the significance tests on that variable for each model (when com-
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pared with the reference group, denoted by a hyphen).

Table 8.5: Effect of Intrinsic Motivation Variables on Literacy

Strongly disagree Disagree Agree Strongly agree

IntrRead 0.861 0.846 0.848 -

IntrLook 0.960 0.862 0.709 -

IntrEn joy 0.588 0.760 0.427 -

IntrInterest 0.769 0.473 0.385 -

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Literacy.

As the four variables form the attitude sub-domain of intrinsic motivation they can be
considered together using a single scale. So, the intrinsic motivation scale Intr will be
introduced to the model to investigate its impact on Literacy.

A two-level conditional model with Intr as a Level 1 predictor variable was computed.
In this model, the relationship between Intr and Literacy was assumed to be fixed
across the groups. Intr was added to the model as uncentred as its average is defined
as 0.0 in this study.

These results indicate that Intr did not have a statistically significant direct effect on
Literacy (t = −0.121, p = 0.904). Students had similar levels of literacy regardless
of their level of intrinsic motivation. There was still a statistically significant amount of
residual variance (χ2

14 = 123.070, p = 0.000) which indicates that after controlling for
Intr there was still significant variation between schools.

The deviance statistic was 715.067 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 34.869, p = 0.000).
Based on these results, there is enough evidence to include Intr (fixed across schools)
in the model.

The same model was computed, but without the assumption that the relationship be-
tween Intr and Literacy was fixed across groups. The deviance statistic was 711.117
with six estimated parameters which was statistically significantly different from the
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unconditional model (χ2
3 = 38.819, p = 0.000), but not the previous fixed model

(χ2
2 = 3.950, p = 0.139). Based on these results, there is not enough evidence to

include Intr in the model as random instead of fixed across schools.

Using the model with Intr (fixed across schools) as a basis, IntrLook, IntrEn joy and
IntrInterest were added to the model separately to determine whether there was a signifi-
cant improvement over the original model. The following table indicates the difference
in deviance between the original model and the model with that variable included and
the result of the chi-square significance test.

Table 8.6: Model Statistics (Intrinsic
Motivation)

Chi-square d.f. p

IntrLook 0.748 3 0.862

IntrEnjoy 0.968 3 0.809

IntrInterest 0.866 3 0.834

This indicates that none of the three variables produced a further significant improve-
ment in the model.

8.2.5 Teacher’s Practices

The results of the hierarchical linear modelling indicates that TBoard and TTech had a
significant effect on students’ mathematical literacy. This is similar to the analysis of
variance results in Section 4.6 in Chapter 4, except they also indicated that TInvest had
a significant effect on literacy. However, the model including TBoard, TRe f er, TInvest,

TRoam, TTech and TS trat, respectively, was a significant improvement over the uncon-
ditional model.

Table 8.7 shows the results of the significance tests on that variable for each model
(when compared with the reference group, denoted by a hyphen).
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Table 8.7: Effect of Teacher’s Practices Variables on Literacy

Never or hardly ever Sometimes Most lessons Every lesson

TBoard 0.033 0.029 -

TTopics 0.834 0.378 0.716 -

TRe f er 0.613 0.906 0.654 -

TInvest 0.364 0.395 0.180 -

TRoam 0.646 0.178 0.570 -

TTech - 0.011 0.659

TS trat 0.406 0.310 0.123 -

Note that where a cell is blank it denotes that the comparison between that group
and the reference group was discounted due to the relatively small size of the former
group.

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Literacy.

A two-level conditional model with TBoard and TTech as Level 1 predictor variables
was computed. In this model, the relationship between TBoard and TTech and Literacy
was assumed to be fixed across the groups.

These results indicate that TBoard and TTech had statistically significant direct ef-
fects on Literacy. Students whose teachers solved problems on the whiteboard more
frequently and used technology less frequently had significantly higher levels of lit-
eracy. There was still a statistically significant amount of residual variance (χ2

14 =

114.147, p = 0.000) which indicates that after controlling for the predictor variables
there was still significant variation between schools.

The deviance statistic was 711.720 with nine estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

6 = 38.216, p = 0.000).
There was also a statistically improvement over the TBoard only (χ2

3 = 26.680, p =

0.000) and the TTech only (χ2
3 = 8.711, p = 0.033) models. Based on these results,

there is enough evidence to include both TBoard and TTech (fixed across schools) in the
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model.

Using the model with TBoard and TTech (fixed across schools) as a basis, each of the re-
maining variables (that significantly improved on the unconditional model) were added
to the model separately to determine whether there was a significant improvement over
the original model. The following table indicates the difference in deviance between the
original model and the model with that variable included and the result of the chi-square
significance test.

Table 8.8: Model Statistics
(Teacher’s Practices)

Chi-square d.f. p

TRefer 10.135 3 0.017

TInvest 3.786 3 0.285

TRoam 1.903 3 0.593

TStrat 1.925 3 0.588

Only the addition of TRe f er significantly improved on the model including TBoard and
TTech. However, the improvement in the model was relatively small and the model still
indicates that TRe f er did not have a significant effect on Literacy, it is unlikely to be
included in the overall model.

8.2.6 Required Practices

The results of the analyses of variance in Section 4.7 in Chapter 4 and hierarchical linear
modelling indicate that only RExer had a significant effect on students’ mathematical lit-
eracy. However, the model including RExer, RExamp, RMem and RHome, respectively,
was a significant improvement over the unconditional model.

Table 8.9 shows the results of the significance tests on that variable for each model
(when compared with the reference group, denoted by a hyphen).
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Table 8.9: Effect of Required Practices Variables on Literacy

Never or hardly ever Sometimes Most lessons Every lesson

RExer 0.005 0.143 -

RExamp 0.763 0.239 0.176 -

RTheory 0.738 0.532 0.508 -

RReason 0.088 0.324 0.507 -

RMem 0.916 0.141 0.333 -

RHome 0.495 0.589 0.096 -

Note that where a cell is blank it denotes that the comparison between that group
and the reference group was discounted due to the relatively small size of the former
group.

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Literacy.

Using the model with RExer (fixed across schools) as a basis, each of the remaining
variables (that significantly improved on the unconditional model) were added to the
model separately to determine whether there was a significant improvement over the
original model. The following table indicates the difference in deviance between the
original model and the model with that variable included and the result of the chi-square
significance test.

Table 8.10: Model Statistics (Re-
quired Practices)

Chi-square d.f. p

RExamp 8.456 3 0.037

RMem 13.130 3 0.005

RHome 16.808 3 0.001
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The addition of all three variables significantly improved on the model including RExer.

Those three variables will be considered for inclusion in the overall model, despite the
analyses indicating that they did not have a significant effect on literacy.

8.2.7 Student’s Practices

The results of the analyses of variance in Section 4.8 in Chapter 4 and hierarchical
linear modelling indicate that S Indiv, S Invest and S Helping had significant effects on
students’ mathematical literacy. However, the model including S Indiv, S Other, S Invest,

S Helping, S Helped and S Method, respectively, was a significant improvement over the
unconditional model.

Table 8.11 shows the results of the significance tests on that variable for each model
(when compared with the reference group, denoted by a hyphen).

Table 8.11: Effect of Student’s Practices Variables on Literacy

Never or hardly ever Sometimes Most lessons Every lesson

S Indiv 0.005 0.143 -

S Other 0.855 0.633 0.617 -

S Invest - 0.152 0.004

S Helping 0.022 0.040 0.153 -

S Helped 0.439 0.967 0.519 -

S Method 0.708 0.433 0.631 -

Note that where a cell is blank it denotes that the comparison between that group
and the reference group was discounted due to the relatively small size of the former
group.

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Literacy.

A two-level conditional model with S Indiv and S Invest as Level 1 predictor variables
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was computed. In this model, the relationship between S Indiv and S Invest and Literacy
was assumed to be fixed across the groups.

These results still indicate that S Indiv and S Invest had statistically significant direct ef-
fects on Literacy. The comparisons with the ‘Never or hardly ever’ group in S Indiv and
the ‘Every lesson’ group in S Invest can be discounted due to the relatively low number
of respondents in those groups. Students in the ‘Sometimes’ group in S Indiv had statis-
tically lower literacy than students in the ‘Every lesson’ group (t = −2.723, p = 0.007).
Students in the ‘Most lessons’ group in S Invest had statistically lower literacy than stu-
dents in the ‘Never or hardly ever’ group (t = −2.924, p = 0.004). There was still a
statistically significant amount of residual variance (χ2

14 = 91.395, p = 0.000) which
indicates that after controlling for the predictor variables there was still significant vari-
ation between schools.

The deviance statistic was 713.393 with nine estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

6 = 36.543, p = 0.000).
There was also a statistically improvement over the S Indiv only (χ2

3 = 9.887, p =

0.020) and the S Invest only (χ2
3 = 9.005, p = 0.029) models. Based on these results,

there is enough evidence to include both S Indiv and S Invest (fixed across schools) in
the model.

Following on from that result, a two-level conditional model with S Indiv, S Invest and
S Helping as Level 1 predictor variables was computed. In this model, the relationship
between S Indiv, S Invest and S Helping and Literacy was assumed to be fixed across
the groups.

The results for S Indiv and S Invest are similar to previous model above. These re-
sults also indicate that S Helping had a statistically significant direct effect on Literacy.
Students in the ‘Never or hardly ever’ (t = −2.467, p = 0.015) and ‘Sometimes’
(t = −2.392, p = 0.018) groups had significantly lower literacy than students in the
‘Every lesson’ group. There was still a statistically significant amount of residual vari-
ance (χ2

14 = 87.496, p = 0.000) which indicates that after controlling for the predictor
variables there was still significant variation between schools.

The deviance statistic was 700.469 with twelve estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

9 = 49.467, p = 0.000)
and the previous model (χ2

3 = 12.924, p = 0.005). Based on these results, there is
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enough evidence to include S Indiv, S Invest and S Helping (fixed across schools) in the
model.

Using that model as a basis, each of the remaining variables (that significantly improved
on the unconditional model) were added to the model separately to determine whether
there was a significant improvement over the original model. The following table in-
dicates the difference in deviance between the original model and the model with that
variable included and the result of the chi-square significance test.

Table 8.12: Model Statistics (Stu-
dent’s Practices)

Chi-square d.f. p

SOther 1.539 3 0.673

SHelped 1.233 3 0.745

SMethod 0.315 3 0.957

None of the variables produced a statistically significant improvement over ‘Final Model
5’ so they will not be considered for inclusion in the overall model.

8.2.8 Source

The results of the hierarchical linear modelling indicate that none of the external sources
variables had a significant effect on students’ mathematical literacy. The analyses of
variance in Section 4.10 in Chapter 4 were similar, but indicated that S oText had a
significant effect. However, the model including each variable, respectively, was a sig-
nificant improvement over the unconditional model.

Table 8.13 shows the results of the significance test on that variable for each model
(when compared with the reference group).



244 CHAPTER 8. HIERARCHICAL LINEAR MODELLING

Table 8.13: Effect of Source
Variables on Liter-
acy

Fixed Random

S oWeb 0.789 0.729

S oText 0.285

S oBooks 0.319 0.332

S oPeers 0.707 0.956

S oParent 0.436 0.454

S oTeacher 0.541 0.460

The random model for S oText could not be computed due to insufficient data. Based on
those analyses, the following hierarchical linear model was used to further investigate
the impact of the significant variables on Literacy.

Using the model with S oWeb as a basis, each of the remaining variables (that signif-
icantly improved on the unconditional model) were added to the model separately to
determine whether there was a significant improvement over the original model. The
following table indicates the difference in deviance between the original model and the
model with that variable included and the result of the chi-square significance test.

Table 8.14: Model Statistics (Source)

Chi-square d.f. p

SoText 1.243 1 0.264

SoBooks 5.675 1 0.016

SoPeers 5.762 1 0.016

SoParent 6.590 1 0.010

SoTeacher 14.891 1 0.000
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The variables S oBooks, S oPeers, S oParent and S oTeacher produced a statistically sig-
nificant improvement over the model with only S oWeb so they will be considered for
inclusion in the overall model.

8.2.9 Conclusion

The analyses in this chapter have indicated that their were multiple factors in this study
which had a significant effect on students’ mathematical literacy. There were signif-
icant factors in almost every section including students’ background, attitude towards
mathematics, teacher’s practices and student’s practices.

Table 8.15: Significant Variables - Literacy

Section Significant variables

Background Country of birth, primary language, ex-
pected education and parents’ education

Instrumental motivation -

Self-concept All variables

Intrinsic motivation -

Teacher’s practices Solving problems on the whiteboard and
using technology

Required tasks Solving exercises from the textbook

Student’s practices Individual textbook work, group projects
and helping other students

External sources -

These individual analyses are similar to the individual analyses in Chapter 4. All vari-
ables that the hierarchical linear modelling indicated were significant were also indi-
cated to be significant by the analyses of variance. However, the results of the previous
chapter did indicate that teachers setting investigations and students using the textbook
outside of class also had a significant effect on literacy.
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Many of the variables are associated with the same variance. So, when one variable is
already included in the model adding a second variable does not significantly reduce the
deviance in the model because the variance in literacy has already been accounted for
by the first variable. For example, there are (by design) conceptual overlaps between
the self-concept variables and the self-concept scale S el f is a better predictor than any
of the individual variables.

The aim of this chapter was to construct an overall model which indicates which vari-
ables had the most significant effect on students’ mathematical literacy.

Based on models constructed in the summary section of each section, the significant
variables have been considered for inclusion in the overall model. The variables that
were identified as significant in the summary models were CoBR, ExEdR, ParEdR,

S el f , TBoard, TTech, RExer, S Indiv, S Invest and S Helping. As each individual was
added separately a new model was computed to investigate whether this variable should
be included or not.

Starting with background variables model, the next variable to be considered for in-
clusion into the overall model was S el f . The deviance statistic was 618.390 with
eight estimated parameters which was statistically significantly different to ‘Background
Summary Model’ (χ2

1 = 69.962, p = 0.000) and ‘Self-concept Summary Model’
(χ2

4 = 53.431, p = 0.000). Based on these results, there is enough evidence to accept
this model in preference to those other two models. The full details of this ‘Step 1’
model are presented in Appendix B.

The next variable TBoard was considered for inclusion into the overall model. However,
the three t-tests indicated that TBoard did not have a statistically significant effect on
Literacy and its addition did not statistically significantly improve the model (χ2

3 =

3.776, p = 0.286). This variable was not included in the overall model.

The next variable to be considered was TTech. The deviance statistic was 598.915 with
eleven estimated parameters which was statistically significantly different to the ‘Step
1’ model (χ2

3 = 19.475, p = 0.000). Based on these results, there was enough evidence
to accept this model in preference to the previous model. The full details of this ‘Step
2’ model are presented in Appendix B.

The next two variables RExer and S Indiv were considered (separately) for inclusion
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into the overall model. However, the t-tests indicated that neither RExer or S Indiv had
a statistically significant effect on Literacy. The addition of S Indiv did not statistically
significantly improve the model (χ2

3 = 6.266, p = 0.098). Despite the addition of
RExer significantly improving the model (χ2

3 = 8.753, p = 0.032), it will be not be
considered for inclusion until all other significant variables have been exhausted.

The next variable to be considered was S Invest. The deviance statistic was 585.065
with fourteen estimated parameters which was statistically significantly different to the
‘Step 2’ model (χ2

3 = 13.850, p = 0.004). Based on these results, there was enough
evidence to accept this model (Step 3) in preference to the previous model.

The next variable S Helping was considered for inclusion into the overall model. How-
ever, the three t-tests indicated that S Helping did not have a statistically significant
effect on Literacy and its addition did not statistically significantly improve the model
(χ2

3 = 4.207, p = 0.239). This variable was not included in the overall model.

All remaining variables – ones that the summary models previously indicated did not
have a significant effect on Literacy, but that significantly improved the summary mod-
els when included – were then considered for inclusion the overall model. These results
are presented in Appendix B.

Based on the results, it was decided that the this model would be considered the final
overall model for this chapter. The full results of that model are presented here.

The following is the two-level conditional model with CoBR, ExEdR, ParEdR, S el f ,
TTech and S Invest as Level 1 predictor variables. In this model the relationship between
each of the variables and Literacy was assumed to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(CoBR)i, j + β2, j(ExEdNU)i, j + β3, j(ExEdUG)i, j

+ β4, j(ParEdR)i, j + β5, j(Self)i, j

+ β6, j(TechS)i, j + β7, j(TechM)i, j + β8, j(TechE)i, j

+ β9, j(InvestS)i, j + β10, j(InvestM)i, j + β11, j(InvestE)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 11)
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Table 8.16: Overall Model (Fixed Effects) (Literacy)

Coeff. Std. error t ratio d.f. p

γ0,0 549.406 16.210 33.894 14 0.000

γ1,0 −25.654 12.980 −1.976 149 0.050

γ2,0 −32.424 15.640 −2.073 149 0.040

γ3,0 −26.030 12.379 −2.103 149 0.037

γ4,0 35.521 11.126 3.193 149 0.002

γ5,0 25.360 5.628 4.506 149 0.000

γ6,0 −27.007 10.951 −2.466 149 0.015

γ7,0 12.880 16.833 0.765 149 0.445

γ8,0 −36.222 34.780 −1.041 149 0.299

γ9,0 −30.983 12.462 −2.486 149 0.014

γ10,0 −41.344 15.835 −2.611 149 0.010

γ11,0 13.241 38.462 0.344 149 0.731

Table 8.17: Overall Model (Variance Components)
(Literacy)

Std. dev. Var. comp. d.f. χ2 p

u0 33.731 1137.772 14 63.426 0.000

r 63.064 3977.119

These results indicate that all of the variables had a statistically significant direct effect
on Literacy when controlling for the other variables.

Figure 8.1 shows all statistically significant variables in the overall model with corre-
sponding coefficient. Only student-level effects are shown in the diagram. For categor-
ical variables which have been split into several dummy variables, only the statistically
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significant dummy variables are shown.

Literacy
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* denotes p<.100, ** denotes p<.050, *** denotes p<.001

ParEd
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Figure 8.1: Student-level Effects in the Overall Model (Literacy)

The t-test indicates that literacy of students born in Australia was statistically signifi-
cant higher than students born overseas (t = −1.976, p = 0.050). The t-tests indicates
that literacy of students expecting to study a postgraduate degree was statistically signif-
icant higher than students not expecting to study at university (t = −32.424, p = 0.040)
or expecting to study an undergraduate degree (t = −26.030, p = 0.037). The t-test
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indicates that literacy of students whose parents studied at university was statistically
significant higher than students whose parents did not (t = 35.521, p = 0.002). The
t-test indicates that students one unit (i.e. approximately one standard deviation) apart
on the self-concept scale had significantly different levels of literacy (t = 25.360, p =

0.000).

The t-test indicates that literacy of students whose teachers used technology “never
or hardly ever” was statistically significant higher than students whose teachers used
technology “sometimes” (t = −27.007, p = 0.015). It is important to note that the
other two t-tests indicate there was not a significant difference between the ‘Never
or hardly ever’ group and the ‘Most lessons’ and ‘Every lesson’ groups. However,
approximately 85% of students were in the ‘Never or hardly ever’ and ‘Sometimes’
groups. The relatively low sample size of this study renders comparisons with the two
smaller groups difficult, especially in such a complex model.

The t-tests indicates that literacy of students who worked on group projects “never or
hardly ever” was statistically significant higher than students who did so “sometimes”
(t = −30.983, p = 0.014) or “most lessons” (t = −41.344, p = 0.010). The t-test
indicates that there was not a significant difference between the ‘Never or hardly ever’
group and the ‘Every lesson’ group - but the relatively small size of the ‘Every lesson’
group renders comparisons impossible.

There was still a statistically significant amount of residual variance (χ2
14 = 63.426, p =

0.000) which indicates that after controlling for those variables there was still signifi-
cant variation between schools. That is, there was still a significant amount of variance
that was not explained by the variables included in this model.

This analysis and the other analyses in this chapter highlight issues with this research.
Many of these issues have arisen in previous chapters and have also been discussed
in Section 4.11 in Chapter 4, Section 6.11 in Chapter 6 and Section 7.11 in Chap-
ter 7.

The relatively small sample size was often detrimental to the analysis. Throughout this
chapter there have been difficulties making meaningful comparisons between groups de-
fined by the variables because of the low number of respondents in some of the groups.
In particular for this chapter, it meant that in many cases it was not possible to com-
pute models in which the relationship between the variable and literacy was assumed
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to be random across schools. There was not sufficient data to be able to compute these
more complex models and even for cases in which they could be computed they were
restricted to a subset of the schools in the study.

Unfortunately, this meant that this chapter could not address the issue of the streaming
of classes by ability which was first discussed in Chapter 4. For most of the models in
this chapter it had to be assumed that the variable was fixed across schools, so changes
across schools could not be investigated. This could be addressed in future studies by
collecting a larger sample, possibly including multiple classes within each school.

The use of polytomous items also increases the complexity of the model and places
greater burdens on the model. One way of addressing this (and thus also reducing the
need for a larger sample) would be to make more use of continuous variables. In partic-
ular, scales could be derived from polytomous items in the way in which the instrumen-
tal motivation, self-concept and intrinsic motivation scales were derived for individual
items. These scales could include family capital in the students’ background section,
teacher-directed instruction in the teacher’s practices section and individual work in the
student’s practices section. Using these scales it would be much easier to investigate
issues such as the streaming of classes.

Another way of expanding the scope of the research and taking more advantage of the
power of hierarchical linear modelling would be to include teachers and parents within
the study. Separate surveys could be constructed for teachers and parents to further in-
vestigate factors such as students’ family life and background, the culture of the school,
the resources available and the training and attitude of the teacher. The teacher sur-
vey would allow for school-level variables to be included in hierarchical linear models
and, if multiple classes from each school were included, class-level variables. However,
this does place additional burdens on the participants in the research and increases the
overall complexity of the research and the resources required to undertake it.

The analyses in this chapter indicate that of all the variables in this study students’ coun-
try of birth, expected education, parents’ education, self-concept and teachers’ use of
technology and doing group projects had the most significant effects on students’ math-
ematical literacy. Students who were born in Australia, who had higher education ex-
pectations, whose parents had studied at university, who had high levels of self-concept,
whose teachers set investigations less frequently and who did group projects less fre-
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quently had significantly higher levels of mathematical literacy.

However, it is important to note that these variables are just the best predictor variables
from the list outlined in Table 8.15. There are many interactions and connections be-
tween these variables - such as increased likelihood of students born overseas primarily
speaking a language other than English at home. Chapter 4 established the significant
connection between many of these variables and students’ mathematical literacy.

8.3 Attitude

The aim of this section is to produce an overall model for students’ attitude. The anal-
yses are grouped into five sections each focusing on a group of variables that have a
similar focus: students’ background and education, teacher’s practices, required tasks,
student’s practices and external sources. The conclusion uses the results of these five
models to construct a single overall model.

8.3.1 Background and Education

The results of the analyses of variance in Section 5.2 in Chapter 5 and hierarchical linear
modelling indicates that S ex, Primary Language and Expected Education had a
significant effect on Attitude.

Table 8.18 shows the results of the significance test on that variable for each model
(when compared with the reference group).
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Table 8.18: Effect of Background Variables
on Attitude

Fixed Random

Sex 0.006 0.014

Country of Birth 0.149 0.258

Primary Language 0.004 0.032

Expected Education

Non-university 0.000 0.000

Undergraduate 0.000 0.004

Parents’ Education 0.409 0.465

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Attitude.

A two-level conditional model with S ex, Primary Language and Expected Educa-
tion as Level 1 predictor variables was computed. The relationship between all three
variables and Attitude was assumed to be fixed across the groups.

The results indicate that S ex, Primary Language and Expected Education had sta-
tistically significant direct effects on Attitude.

The attitude of male students (t = 2.843, p = 0.005) and those whose primary lan-
guage was not English (t = 2.345, p = 0.020) had a significantly more positive at-
titude towards mathematics than female students and those who primary language was
English, respectively. Students who expected a non-university (t = −3.446, p = 0.000)
or undergraduate (t − 3.634, p = 0.000) education had a significantly less positive
attitude than students expecting a postgraduate education.

There was still a statistically significant amount of residual variance (χ2
14 = 37.543, p =

0.002) which indicates that after controlling for S ex, Primary Language and Ex-
pected Education there was still significant variation between schools.

The deviance statistic was 611.185 with seven estimated parameters which was statis-
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tically significantly different from the unconditional model (χ2
4 = 55.672, p = 0.000).

There was also a significant difference in the deviance statistic between this model
and the models only including S ex (χ2

3 = 48.083, p = 0.000), Primary Lan-
guage (χ2

3 = 32.236, p = 0.000) and Expected Education (χ2
2 = 29.054, p = 0.000).

Based on these results, there is enough evidence to suggest that this model should be
accepted in preference to the those other models.

This analysis reinforces that students’ sex, the language they primarily spoke at home
and their educational expectations had significant effects on their attitude towards math-
ematics. However, further investigation is needed to determine why these factors are
important and whether there are any underlying factors.

8.3.2 Teacher’s Practices

The results of the hierarchical linear modelling indicates that only TRoam had a sig-
nificant effect on students’ attitude towards mathematics. This is similar to the results
of the analyses of variance in Section 5.3 in Chapter 5, however those analyses also
indicated that TInvest had a significant effect. However, the models including TInvest,

TRoam and TTech, respectively, were a significant improvement over the unconditional
model.

Table 8.19 shows the results of the significance tests on that variable for each model
(when compared with the reference group, denoted by a hyphen).
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Table 8.19: Effect of Teacher’s Practices Variables on Attitude

Never or hardly ever Sometimes Most lessons Every lesson

TBoard 0.487 0.811 0.863 -

TTopics 0.709 0.608 0.819 -

TRe f er 0.691 0.884 0.298 -

TInvest - 0.449 0.069 0.169

TRoam 0.000 0.271 -

TTech - 0.212 0.619 0.707

TS trat 0.476 0.909 0.969 -

Note that where a cell is blank it denotes that the comparison between that group and
the reference group was discounted due to the relatively small size of the former group.
Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Attitude.

Using the model with TRoam (fixed across schools) as a basis, each of the remaining
variables (that significantly improved on the unconditional model) were added to the
model separately to determine whether there was a significant improvement over the
original model. The following table indicates the difference in deviance between the
original model and the model with that variable included and the result of the chi-square
significance test.

Table 8.20: Model Statistics
(Teacher’s Practices)

Chi-square d.f. p

TInvest 11.142 3 0.011

TTech 5.575 3 0.113

The addition of TInvest significantly improved on the model including TRoam. That
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variable will be considered for inclusion in the overall model, despite the analysis indi-
cating that it did not have a significant effect on attitude.

8.3.3 Required Practices

The results of the hierarchical linear modelling indicates that only RMem had a signifi-
cant effect on students’ attitude towards mathematics. This is similar to the results of the
analyses of variance in Section 5.4 in Chapter 5, however those analyses also indicated
that RReason had a significant effect. However, the model including RMem and RHome,

respectively, was a significant improvement over the unconditional model.

Table 8.21 shows the results of the significance tests on that variable for each model
(when compared with the reference group, denoted by a hyphen).

Table 8.21: Effect of Required Practices Variables on Attitude

Never or hardly ever Sometimes Most lessons Every lesson

RExer 0.202 0.536 0.943 -

RExamp 0.254 0.939 0.821 -

RTheory 0.292 0.656 0.753 -

RReason 0.429 0.087 0.776 -

RMem 0.005 0.086 0.020 -

RHome 0.432 0.183 0.401 -

Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Attitude.

Using the model with RMem (fixed across schools) as a basis, RHome was added to
the model to determine whether there was a significant improvement over the original
model. The addition of RHome significantly improved on the model including TRoam

(χ2
3 = 13.693, p = 0.004). So RHome will be considered for inclusion in the overall

model, despite the analysis indicating that it did not have a significant effect on atti-
tude.
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8.3.4 Student’s Practices

The results of the hierarchical linear modelling indicates that S Indiv, S Invest and S Helping

had a significant effect on students’ attitude towards mathematics. This is similar to the
results of the analyses of variance in Section 5.5 in Chapter 5, except those analyses
also indicated that S Other had a significant effect on attitude. However, the model in-
cluding S Indiv, S Other, S Invest, S Helping and S Helped, respectively, was a significant
improvement over the unconditional model.

Table 8.22 shows the results of the significance tests on that variable for each model
(when compared with the reference group, denoted by a hyphen).

Table 8.22: Effect of Student’s Practices Variables on Attitude

Never or hardly ever Sometimes Most lessons Every lesson

S Indiv 0.002 0.011 0.080 -

S Other 0.999 0.424 -

S Invest - 0.006 0.013

S Helping 0.000 0.000 0.000 -

S Helped 0.091 0.296 0.814 -

S Method 0.854 0.363 0.093 -

Note that where a cell is blank it denotes that the comparison between that group and
the reference group was discounted due to the relatively small size of the former group.
Based on those analyses, the following hierarchical linear model was used to further
investigate the impact of the significant variables on Attitude.

Starting with the model with only S Indiv as a predictor variable, the variables S Invest

and S Helping were added step by step to that model. Each addition to the model re-
sulted in a significant improvement to the model and the models indicated that all three
variables had a significant effect on Attitude.

A two-level conditional model with S Indiv, S Invest, S Helping and S Helped as Level 1
predictor variables. In this model, the relationship between S Indiv, S Invest, S Helping
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and S Helped and Attitude was assumed to be fixed across the groups.

The results also indicate that S Helped had a statistically significant direct effect on
Attitude. The latter two t-tests (p = 0.000 and p = 0.000, respectively) indicate
that there was a significant difference in attitude between those respective groups and
the ‘Never or hardly ever’ group. There was still a statistically significant amount of
residual variance (χ2

14 = 35.659, p = 0.001) which indicates that after controlling for
the predictor variables there was still significant variation between schools.

The deviance statistic was 591.172 with fifteen estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

12 = 75.685, p = 0.000)
and the previous model (χ2

3 = 26.581, p = 0.000). Based on these results, there
is enough evidence to include S Indiv, S Invest, S Helping and S Helped (fixed across
schools) in the model.

The addition of S Other to that model made a statistically significant improvement on the
model (χ2

3147.423, p = 0.000). While the model indicated that S Other did not have
a significant effect on Attitude, it will still be considered for inclusion in the overall
model.

8.3.5 Source

The results of the hierarchical linear modelling indicate that S oWeb, S oText and S oBooks

had a significant effect on students’ attitude to mathematics. This is similar to the re-
sults of the analyses of variance in Section 5.7 in Chapter 5, except those analyses also
indicated that S Parent had a significant effect on attitude. However, the models includ-
ing S oWeb, S oText, S oBooks, S oPeers, S oParent and S oTeacher, respectively, were a
significant improvement over the unconditional model.

Table 8.23 shows the results of the significance test on that variable for each model
(when compared with the reference group).
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Table 8.23: Effect of Source
Variables on Atti-
tude

Fixed Random

S oWeb 0.016 0.058

S oText 0.022

S oBooks 0.001 0.023

S oPeers 0.986 0.881

S oParent 0.850 0.607

S oTeacher 0.944 0.805

The random model for S oText could not be computed due to insufficient data. Based on
those analyses, the following hierarchical linear model was used to further investigate
the impact of the significant variables on Attitude.

Starting with the model with only S oWeb as a predictor variable, the variable S oText

was added to the model. This resulted in a significant improvement to the model and
the model indicated that both variables had a significant effect on Attitude.

A two-level conditional model with S oWeb, S oText and S oBooks as Level 1 predictor
variables was computed. In this model, the relationship between S oWeb, S oText and
S oBooks and Attitude was assumed to be fixed across the groups.

Unlike the previous model, this model indicates that S oWeb and S oText did not have
a statistically significant direct effect on Attitude at the α = 0.050 level. The model
does indicate that S oBooks had a statistically significant direct effect on Attitude (t =

2.680, p = 0.008). There was still a statistically significant amount of residual variance
(χ2

14 = 32.475, p = 0.004) which indicates that after controlling for the predictor
variables there was still significant variation between schools.

The deviance statistic was 464.557 with six estimated parameters which was statisti-
cally significantly different from the previous model (χ2

1 = 176.007, p = 0.000). Based
on these results, there is enough evidence to include S oWeb, S oText and S oBooks (fixed
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across schools) in the model.

Using that model as a basis, each of the remaining variables (that significantly improved
on the unconditional model) were added to the model separately to determine whether
there was a significant improvement over the original model. The following table in-
dicates the difference in deviance between the original model and the model with that
variable included and the result of the chi-square significance test.

Table 8.24: Model Statistics (Source)

Chi-square d.f. p

SoPeers 167.673 1 0.000

SoParent 162.491 1 0.000

SoTeacher 152.210 1 0.000

The addition of all three variables significantly improved on the model. Those variables
will be considered for inclusion in the overall model, despite the analysis indicating that
they did not have a significant effect on attitude.

8.3.6 Conclusion

The analyses in this chapter have indicated that there were multiple factors in this study
which had a significant effect on students’ attitudes towards mathematics. There were
significant factors in all sections including students’ background, teacher’s practices,
student’s practices and external sources.
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Table 8.25: Significant Variables - Attitude

Section Significant variables

Background Sex, primary language and expected edu-
cation

Teacher’s practices Teacher roaming the classroom

Required tasks Memorisation

Student’s practices Individual textbook work, group projects
and helping other students

External sources Consulting websites, the prescribed text-
book and other books

These individual analyses are similar to the individual analyses in Chapter 5. All vari-
ables that the hierarchical linear modelling indicated were significant were also indi-
cated to be significant by the analyses of variance. However, the results of the previous
chapter did indicate that parent’s education, the teacher requiring students to provide
mathematical reasoning and students doing textbook work with others also had a signif-
icant effect on attitude.

Many of the variables are associated with the same variance. So, when one variable is
already included in the model adding a second variable does not significantly reduce
the deviance in the model because the variance in attitude has already been accounted
for by the first variable. For example, students using websites outside of class are more
likely to use the textbook and other books outside of class as well.

The aim of this chapter was to construct an overall model which indicates which vari-
ables had the most significant effect on students’ attitudes towards mathematics.

Based on models constructed in the summary section of each section, the significant
variables have been considered for inclusion in the overall model. The variables that
were identified as significant in the summary models were S ex, Lang, ExEd, TRoam,

RMem, S Indiv, S Invest, S Helping, S Helped, S oWeb, S oText and S oBooks. As each in-
dividual was added separately a new model was computed to investigate whether this
variable should be included or not.
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Starting with the background variables model, the next variable to be considered for
inclusion into the overall model was TRoam. The deviance statistic was 597.028 with
ten estimated parameters which was statistically significantly different to ‘Background
Summary Model’ (χ2

3 = 14.158, p = 0.003) and the TRoam only model (χ2
4 =

56.625, p = 0.000). Based on these results, there was enough evidence to accept this
model in preference to those other two models.

The next variable to be considered for inclusion into the overall model was RMem. The
deviance statistic was 579.401 with thirteen estimated parameters which was statisti-
cally significantly different to the previous model (χ2

3 = 16.627, p = 0.000). Based
on these results, there was enough evidence to accept this model in preference to the
previous model.

The next variable to be considered for inclusion into the overall model was S Indiv. The
deviance statistic was 560.367 with sixteen estimated parameters which was statisti-
cally significantly different to the previous model (χ2

3 = 19.034, p = 0.000). Based
on these results, there was enough evidence to accept this model in preference to the
previous model.

The next variable S Invest was considered for inclusion into the overall model. How-
ever, the three t-tests indicated that it did not have a statistically significant effect on
Attitude and its addition did not statistically significantly improve the model (χ2

3 =

5.933, p = 0.113).

The next variable to be considered for inclusion into the overall model was S Helping.

The deviance statistic was 543.493 with nineteen estimated parameters which was
statistically significantly different to the previous model (χ2

3 = 16.874, p = 0.001).
Based on these results, there was enough evidence to accept this model in preference to
the previous model.

The next variable to be considered for inclusion into the overall model was S Helped.

The deviance statistic was 525.972 with twenty-two estimated parameters which was
statistically significantly different to the previous model (χ2

3 = 17.521, p = 0.000).
Based on these results, there was enough evidence to accept this model in preference to
the previous model.

The next variable to be considered for inclusion into the overall model was S oWeb.
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The deviance statistic was 509.444 with twenty-two estimated parameters which was
statistically significantly different to the previous model (χ2

1 = 16.529, p = 0.000).
Based on these results, there was enough evidence to accept this model (Step 6) in
preference to the previous model.

The next variables considered for inclusion into the overall model were S oText and
S oBooks. However, the respective t-tests indicated that they did not have a statistically
significant effect on Attitude and their addition did not statistically significantly im-
prove the model (χ2

1 = 0.991, p = 0.320 and χ2
1 = 3.444, p = 0.060, respectively).

These variables were not included in the model.

The variable Literacy was also considered for inclusion into the overall model. How-
ever, the t-test indicated that it did not have a statistically significant effect (t =

1.717, p = 0.088) and its inclusion meant that the two ExEd dummy variables were
not statistically significant (t = −1.431, p = 0.155 and t = −1.717, p = 0.088, re-
spectively). It is likely that this is due to the connection between mathematical literacy
and expected education which has been noted in Section 4.2.4 in Chapter 4 and Section
8.2.1. Furthermore, the addition of Literacy did not statistically significant improve
the model (χ2

1 = 3.357, p = 0.063).

All remaining variables – ones that the summary models previously indicated did not
have a significant effect on Attitude, but that significantly improved the summary mod-
els when included – were then considered for inclusion the overall model.

Based on the results, it was decided that the this model would be considered the final
overall model for this chapter. The full results of that model are presented here.

The following is the two-level conditional model with S ex, Lang, ExEd, TRoam,

RMem, S Indiv, S Helping, S Helped and S oWeb as Level 1 predictor variables. The rela-
tionship between all three variables and Attitude was assumed to be fixed across the
groups.
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(Attitude)i, j = β0, j + β1, j(Sex)i, j + β2, j(Lang)i, j + β3, j(ExEdNU)i, j + β4, j(ExEdUG)i, j

+ β5, j(RoamN)i, j + β6, j(RoamS)i, j + β7, j(RoamM)i, j

+ β8, j(MemN)i, j + β9, j(MemS)i, j + β10, j(MemM)i, j

+ β11, j(IndivN)i, j + β12, j(IndivS)i, j + β13, j(IndivM)i, j

+ β14, j(HelpingN)i, j + β15, j(HelpingS)i, j + β16, j(HelpingM)i, j

+ β17, j(HelpedN)i, j + β18, j(HelpedS)i, j + β19, j(HelpedM)i, j

+ β20, j(SoWeb)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 20)
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Table 8.26: Overall Model (Fixed Effects) (Atti-
tude)

Coeff. Std. error t ratio d.f. p

γ0,0 0.885 0.300 2.947 14 0.011

γ1,0 0.335 0.127 2.635 131 0.009

γ2,0 0.339 0.160 2.115 131 0.036

γ3,0 −0.351 0.187 −1.878 131 0.063

γ4,0 −0.315 0.144 −2.186 131 0.031

γ5,0 0.136 0.298 0.456 131 0.649

γ6,0 −0.422 0.184 −2.301 131 0.023

γ7,0 −0.013 0.144 −0.090 131 0.928

γ8,0 −0.761 0.315 −2.413 131 0.017

γ9,0 −0.296 0.187 −1.589 131 0.114

γ10,0 −0.390 0.161 −2.418 131 0.017

γ11,0 −0.929 0.311 −2.993 131 0.003

γ12,0 −0.284 0.194 −1.459 131 0.147

γ13,0 −0.280 0.168 −1.666 131 0.098

γ14,0 −1.049 0.280 −3.745 131 0.000

γ15,0 −0.902 0.200 −4.504 131 0.000

γ16,0 −0.685 0.198 −3.459 131 0.000

γ17,0 0.737 0.266 2.768 131 0.006

γ18,0 0.547 0.254 2.155 131 0.033

γ19,0 0.091 0.260 0.349 131 0.728

γ20,0 0.259 0.125 2.081 131 0.039



266 CHAPTER 8. HIERARCHICAL LINEAR MODELLING

Table 8.27: Overall Model (Variance Components)
(Attitude)

Std. dev. Var. comp. d.f. χ2 p

u0 0.311 0.097 14 39.441 0.000

r 0.711 0.506

These results indicate that all of the variables had a statistically significant direct effect
on Attitude when controlling for the other variables.

Figure 8.2 shows all statistically significant variables in the overall model with corre-
sponding coefficient. Only student-level effects are shown in the diagram. For categor-
ical variables which have been split into several dummy variables, only the statistically
significant dummy variables are shown.
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Attitude

Sex

Lang

0.335**

0.339**

UG
-0.315**

S
-0.422**

N
-0.761**

M
-0.390**

N
-0.929**

N
-1.049*** S

-0.902***

M
-0.685***

N
0.737** S

0.547**
0.259**

* denotes p<.100, ** denotes p<.050, *** denotes p<.001

ExEd

Roam

Mem

Indiv

Helping

Helped SoWeb

Figure 8.2: Student-level Effects in the Overall Model (Attitude)

The t-test indicates that male students had a statistically significantly more positive
attitude than female students (t = −0.335, p = 0.009). The t-test indicates that stu-
dents born overseas had a statistically significantly more positive attitude than students
born in Australia (t = 0.339, p = 0.036). The two t-tests indicates that students who
expected to study a postgraduate degree had a statistically significantly more positive
attitude than students expecting to study an undergraduate degree (t = −0.315, p =

0.031).
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The t-test indicates that students whose teachers roamed around “every lesson” had
a statistically significantly more positive attitude than students whose teachers roamed
around “sometimes” (t = −0.422, p = 0.023). It is important to note that the other
two t-tests indicate there was not a statistically significant difference between the ‘Ev-
ery lesson’ group and the ‘Most lessons’ (t = −0.013, p = 0.928) and ‘Never or
hardly ever’ (t = 0.136, p = 0.649) groups. This reflects the result in Section D.3 in
Appendix D. The relatively low number of respondents in the ‘Never or hardly ever’
group renders comparisons with that group difficult. However, discounting that group,
students whose teachers roam around the classroom at least most lessons have more
positive attitudes towards mathematics.

The two t-tests indicates that students who were required to practise memorisation
“every lesson” had a statistically significantly more positive attitude than students who
were required to practise memorisation “never or hardly ever” (t = −0.761, p = 0.017)
or “most lessons” (t = −0.390, p = 0.017). It is important to note that the other t-test
indicates there was not a statistically significant difference between the ‘Every lesson’
group and the ‘Sometimes’ group (t = −0.422, p = 0.023). This reflects the result in
Section D.4 in Appendix D. It appears that this is due to a slightly higher mean in the
‘Sometimes’ group and a higher standard error compared to the ‘Most lessons’ group.
A larger sample size would help to establish a definite conclusion in this case.

The t-test indicates that students whose did individual textbook work “every lesson”
had a statistically significantly more positive attitude than students who did individual
textbook work “never or hardly ever” (t = −0.929, p = 0.003). It is important to note
that the other two t-tests indicate there was not a statistically significant difference
between the ‘Every lesson’ group and the ‘Most lessons’ (t = −0.280, p = 0.098)
and ‘Sometimes’ (t = −0.284, p = 0.147) groups. This is similar to the result in
Section D.5 in Appendix D - except in that case there was also a significant difference
with the ‘Sometimes’ group.

The three t-tests indicates that students who helped others “every lesson” had a sta-
tistically significantly more positive attitude than students who helped others “never or
hardly ever” (t = −1.049, p = 0.000), “sometimes” (t = −0.902, p = 0.000) and
“most lessons” (t = −0.685, p = 0.000).

The two t-tests indicates that students who were helped by others “every lesson” had a
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statistically significantly less positive attitude than students who were helped by others
“never or hardly ever” (t = 0.737, p = 0.006) or “sometimes” (t = 0.547, p =

0.033). It is important to note that the other t-test indicates there was not a statistically
significant difference between the ‘Every lesson’ group and the ‘Most lessons’ group
(t = 0.091, p = 0.728). This does not reflect the result in Section D.5 in Appendix D
or Section 5.5.6 in Chapter 5. This indicates that, after taking into account the other
variables, being helped by other students has a significant effect on students’ attitudes
towards mathematics. However, this does not address the issue of causality - students
may need the help of students because they do not have a positive attitude towards
mathematics and are disengaged and unmotivated.

The t-test indicates that students who consulted websites outside of class had a statis-
tically significantly more positive attitude than students who did not (t = 0.259, p =

0.039). However, this does not resolve the issue of causality - students with positive
attitudes towards mathematics may be motivated read more widely about mathematics.
Replacing this variable with either one of the other significant external sources variables
(S oText or S oBooks) would obtain a similar result.

There was still a statistically significant amount of residual variance (χ2
14 = 39.441, p =

0.000) which indicates that after controlling for those variables there was still signifi-
cant variation between schools. That is, there was still a significant amount of variance
that was not explained by the variables included in this model.

This analysis and the other analyses in this chapter highlight issues with this research.
Many of these issues have arisen in previous chapters and have also been discussed in
Section 4.11 in Chapter 4, Section 6.11 in Chapter 6, Section 7.11 in Chapter 7 and
Section 8.2.9 in Chapter 8. The issues of sample size, the streaming of classes by
ability, the complexity of polytomous items, the greater use of constructed scales and
surveys including parents and teachers will not be recovered here because they have
been covered in those previous sections.

One issue that arose with increasingly complex models was the reduction in the number
of records (i.e. students) due to incomplete data. The analyses in this chapter used run-
time deletion of records, i.e. students with incomplete data that was necessary for each
model were removed when that model was computed. For example, if a student had
not indicated their sex on the survey they had to be omitted from any model with the
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variable S ex included.

There were 183 records in the unconditional model which was subsequently reduced
to 155 records for the ‘Step 6’ model. Only students with valid data for the S ex,
Lang, ExEd, TRoam, RMem, S Indiv, S Helping, S Helped and S oWeb variables could
be included in the ‘Step 6’ model. While it does not affect this model, this problem
could be worse if there was a greater use of scales as suggested in other chapters. If,
for example, a scale measuring the frequency of teacher-directed instruction was to be
formed from five items then s scale score could not normally be calculated for any
student that did not give a valid response to any one of those five items. This could
be addressed by data imputation techniques, but they have their own comprises and
difficulties and increase the complexity of the research.

Future studies may also consider doing separate sets of analyses on each of three sub-
domains (instrumental motivation, self-concept and intrinsic motivation) that comprise
students’ attitudes towards mathematics in this study. Many of the variables in this
study may have a particularly strong or weak effect on one of the domains in particular.
However, it would be advisable to do this with a selected reduced list of the variables
otherwise the analysis would be inefficient and burdensome. This reduced list could be
selected after reviewing similar studies and other literature to determine which variables
may be significant and conceptually important. This would be a confirmatory mode of
analysis rather than an exploratory mode of analysis.

The analyses in this chapter indicate that of all the variables in this study students’
sex, the language they primarily spoke at home, their expected education, whether they
consulted websites outside of class and how frequently their teachers roamed they class-
room, they were required to practise memorisation, they did individual textbook work,
they helped others and they had others help them had the most significant effects on
their attitudes towards mathematics. Students who were male, who primarily spoke a
language other than English at home, who had higher education expectations, whose
teachers roamed the classroom more frequently, who were required to practise mem-
orisation more frequently, who did individual textbook work and helped others more
frequently, who were helped by others less frequently and who consulted websites out-
side of class had significantly more positive attitudes towards mathematics.

However, it is important to note that these variables are just the best predictor vari-
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ables from the list outlined in Table 8.25. There are many interactions and connections
between these variables - such as increased likelihood of students consulted websites
outside of class also using the textbook and other mathematics books outside of class.
Chapter 5 established the significant connection between many of these variables and
students’ attitudes towards mathematics.

As a final point it is interesting to revisit the significant variables from this chapter and
compare them to the variables that had a significant effect on students’ mathematical
literacy, as outlined in Chapter 8. Common variables are in bold.

Table 8.28: Variables Affecting Literacy and Attitude

Section Literacy Attitude

Background Country of birth, pri-
mary language, ex-
pected education and
parents’ education

Sex, primary lan-
guage and expected
education

Instrumental motivation - -

Self-concept All variables -

Intrinsic motivation - -

Teacher’s practices Solving problems on
the whiteboard and us-
ing technology

Roaming the classroom

Required tasks Solving exercises from
the textbook

Memorisation

Student’s practices Individual textbook
work, group projects
and helping other
students

Individual textbook
work, group projects
and helping other
students

External sources - Consulting websites,
the prescribed textbook
and other books
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There were many variables common to both chapters. The analyses indicate that pri-
mary language, expected education, individual textbook work, group projects and help-
ing other students had a significant effect on students’ mathematical literacy and their
attitudes towards mathematics.

In most cases the common variables had a similar relationship to literacy as they did to
attitude - higher levels of literacy followed the same pattern as more positive attitudes.
However, this is not the case for primary language or group projects. Students who
primarily spoke English at home had higher levels of literacy, but less positive attitudes
towards mathematics. Students who did group projects more often had lower levels of
literacy, but more positive attitudes towards mathematics.

These differences and the other differences provide intriguing contrasts.

Why do female students have a less positive attitude towards mathematics if they have
similar levels of literacy to male students? Do female students feel less appreciative of
the value of mathematics to their future studies and careers (instrumental motivation),
confident about their mathematical ability and achievements (self-concept) or interested
in mathematics itself (intrinsic motivation)?

Presuming they attend similar schools, what factors are in effect in households that
do not primarily speak English that mean those students have a more positive attitude
towards mathematics despite their levels of literacy? However, the analysis in Sec-
tion 8.2.1 in Chapter 8 did indicate that the relationship between language and literacy
varied between schools - so perhaps the difference is the schools that these students are
attending?

Does doing group projects actually have that effect on literacy and attitude or is it in-
dicative of some other factors? In what circumstances are teachers more likely to set
group projects for their class? Are the group projects being set all similar or do teachers
devise and customise them to suit their class?

If using external sources like websites, their textbook and other books outside of class
has a positive effect on students’ attitudes (or vice versa), why does this not also lead
to higher levels of literacy? Are the students seeking out material that is related to their
class work or are they seeking out material that they find more engaging and interest-
ing?
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The analyses in this section and in Section 8.2 point to the need to understand the inter-
actions and relationships between these variables and how they effect students’ literacy
and attitude.
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Chapter 9

Conclusion

“ Maths is one of the subjects I would definately do in year 12, but it’s not
that important unless you want to do “Rocket Science.” Though, a little
knowledge about it is still needed. ”

[Student B2]

“ I believe that maths is a very important part in my education. Up to this
point, I can not see how maths can be useful in one way or another but as I
continue further into my career I think this will become quite clear. ”

[Student B19]

This research concerned practices in mathematics classrooms and students’ mathemat-
ical literacy, attitudes towards mathematics and future intentions to study mathematics.
In particular, the research addressed three questions.

1. What effect do students’ and teachers’ behaviours and practices in mathematics
classes have on students’ mathematical literacy?

2. What effect do students’ and teachers’ behaviours and practices in mathematics
classes have on students’ attitudes towards mathematics?

3. What effect do students’ and teachers’ behaviours and practices in mathematics
classes have on students’ future intentions to study mathematics?

This research focused on Year 10 and Year 11 students in mathematics classes in Ade-
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laide and surrounding regions. These students were chosen as the subjects of the re-
search because they are undergoing a period of transition (from junior to senior sec-
ondary school) and approaching the end of the compulsory mathematics subjects in the
school curriculum. These students are choosing what subjects they will study in Year
11 and Year 12. These subjects are part of pathways to future study and employment
and these choices can have important influences on students post-school options.

The first phase of this research was the literature review which informed the focus of the
research, the research questions and how the research was conducted. It established the
motivation behind the research and the importance of mathematics education. There has
been widespread concern about students participation in mathematics due to declining
enrolment rates in some mathematics subjects. Mathematics is an important enabling
subject and mathematical literacy is important across a wide range of fields and occu-
pations.

The literature review also demonstrated a wide range of research concerned with math-
ematical literacy, attitudes towards mathematics, future intentions, teachers’ and stu-
dents’ classroom practices and students’ background with regards to mathematics edu-
cation. This literature helped refine the focus the research, prompted the investigation
of classroom practices and helped to define the research questions.

The statistical techniques used throughout this research are supported by the use of
the same and similar techniques in the research cited in the literature review. This
demonstrated that those techniques are widely used and recognised in contemporary
research and suitable and applicable to the variables and concepts under consideration
in this research.

The second phase of this research was conducting participant observation in mathe-
matics classes. This research was primarily interested in what happens “inside the
classroom” - what teachers and students do during mathematics lessons - so the par-
ticipant observation was important in establishing what happens in contemporary class-
rooms.

The participant observation provided first hand experience and observations of the prac-
tices of teachers and students within the classroom and other features of the classroom
environment (such as the technology available to the teacher). Along with the literature
review (which included major international studies such as OECD’s PISA and IEA’s
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TIMSS), the participant observation informed the development of the student survey.
The items which asked students what they and their teachers did in the classroom were
based on the practices that were observed and noted during the participant observa-
tion.

The third component of this research was the implementation of the student survey
and mathematics test. The data collected in this component was vital for later statisti-
cal analyses. The development of the survey and test were informed by the literature
review and participant observation. The data collection included marking the mathe-
matics tests, coding the responses, recording and cleaning the data and preparing the
data for the statistical analyses.

The fourth component of this research was the statistical analysis of the survey and
test data collected from the students. There were three statistical techniques primarily
used in the analysis (plus Rasch modelling) which is detailed across five main chapters
depending on the outcome variable under consideration.

The first technique used was analysis of variance which is suited for investigating the
impact of categorical variables on continuous outcomes. Analyses of variance were
used in Chapters 4 and 5 to analyse the impact of students’ background, their teachers’
practices and their practices on their mathematical literacy and attitude towards math-
ematics. Scale estimates of literacy and attitude used in these chapters were computed
using Rasch modelling. These two chapters were intended as a “first pass” exploratory
technique to identify significant variables and relationships and consider each variable
individually before utilising more complex forms of analysis.

The second technique used was logistic regression which is suited for investigating the
impact of categorical and continuous variables on categorical outcomes. Logistic re-
gressions were used in Chapters 6 and 7 to analyse the impact of students’ background,
their teachers’ practices and their practices, literacy and attitude on their intentions to
study any mathematics and advanced mathematics in Year 12. The intended purpose of
these two chapters was to construct an overall model to identify which factors were the
most influential on students’ intentions to study mathematics.

The third technique used was hierarchical linear modelling which is suited for inves-
tigating the impact of categorical and continuous variables on a continuous outcome
in which the sample is stratified on multiple levels. This built and expanded on the
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work in previous chapters that had used analysis of variance techniques. Hierarchical
linear modelling was used in Chapter 8 to analyse the impact of students’ background,
their teachers’ practices and their practices on their mathematical literacy and attitude
towards mathematics while taking into account the fact that students were clustered
within their classes/schools. The intended purpose of these two chapters was to con-
struct an overall model to identify which factors had the greatest effect on students’
literacy and attitude.

9.1 Main Findings

The following four sections summarise the main findings of this research in the areas
of mathematical literacy, attitudes towards mathematics, intentions to study any mathe-
matics and intentions to study advanced mathematics.

9.1.1 Mathematical literacy

This section summarises the results of the research question: what effect do students’
and teachers’ behaviours and practices in mathematics classes have on students’ math-
ematical literacy?

The initial analyses in Chapter 4 identified several factors which had a significant effect
on students’ literacy. The analysis indicated that country of birth, primary language
spoken at home, educational expectations, parents’ education, self-concept regarding
mathematics, teachers solving problems on whiteboards, solving textbook exercises,
being assigned investigations, the use of technology, helping other students, working on
group projects and using the textbook outside of class were all associated with signif-
icant differences in students’ literacy. These results were supported in almost all cases
by the individual analyses in Chapter 8.

These individual analyses did not take into account that some of the factors may be
related. The analyses could not determine whether some variables were actually asso-
ciated with the same variance in literacy, i.e. there is some common underlying cause
behind the apparent effect of the variables. For example, a substantial proportion of
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the effect associated with country of birth could be caused by differences in students’
primary language. It would appear that country of birth has a significant effect because
students born overseas were more likely to speak a language other than English at home.
So, in that case, after accounting for the effect of primary language, the effect of country
of birth is no longer significant.

This common variance was investigated using the construction of summary models for
each group of variables in Chapter 8. It was suspected that similar variables (e.g. back-
ground variables or attitude variables) would be most likely to be related, so summary
models were constructed to determine which variables were the best fit for the mod-
els.

These models indicated that country of birth, educational expectations, parents’ edu-
cation, self-concept regarding mathematics, teachers solving problems on whiteboards,
the use of technology, solving textbook exercises, being assigned investigations and
helping other students were the variables which best explained the variance in literacy.
These variables were used as candidates in the construction of an overall model.

Recognising that some of these variables might still be related, an overall model was
constructed in which these significant variables were added step by step. If the statis-
tical tests indicated that a variable was not significant then it was not included in the
model.

The overall model in Section 8.2.9 in Chapter 8 included country of birth, educational
expectations, parents’ education, self-concept regarding mathematics, the use of tech-
nology and being assigned investigations. All these variables are still significant even
after accounting for all the other variables in the model. This model indicates that a
number of important differences amongst the students.

Students born in Australia had higher levels of literacy than students born overseas who
had migrated to Australia. Reasons for this may include language barriers, differences
between school systems and difficulty settling in a new country.

Students expecting to attain a postgraduate degree had higher levels of literacy than
students not expecting to study at university or only expecting to attain an undergraduate
degree. The unusually high proportion of students expecting to attain a postgraduate
degree suggests these responses should be taken as a proxy for their aspirations.
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It is not clear whether students with higher expectations are more likely to be better at
mathematics or whether students who are better at mathematics are more likely to have
higher expectations (or whether they effect each other). Literacy and expectations could
also both be related to general school aptitude or attitude.

Students whose parents had studied at university had higher levels of literacy than stu-
dents whose parents did not study at university. Reasons for this could include factors
relating to socio-economic status which are not controlled for in this model.

Students who had higher levels of self-concept, i.e. self-belief regarding their mathe-
matical ability, had higher levels of literacy than other students. Self-concept is related
to prior achievement and ability in mathematics, which are not controlled for in this
model.

Students whose teachers used technology less frequently had higher literacy than other
students. Students who worked on group projects less frequently had higher literacy
than other students. The common practice of streaming mathematics classes by ability
means it is difficult to judge these results.

It may be that teachers adjust their instructional practices depending on the ability of
the class and that these results reflect that. If this is not the cause then it is not clear
what is causing the difference between these groups. These factors may be masking
some other significant factors that were not included in this study. If these practices are
indeed the cause then it must be determined what it is about these practices that causes
the differences and how they can be changed.

The significant factors cover three main areas: students’ backgrounds (i.e. the expe-
riences they bring with them to their mathematics classes and their home situation),
attitudes towards mathematics (i.e. how they relate to mathematics) and classroom prac-
tices (i.e. what happens inside their classrooms).

This suggests that future mathematics education research and initiatives may wish to
focus on helping migrant students (whose schooling may have been disrupted or who
lack competency in English), students with relatively low family capital (e.g. students
whose families find it difficult to support them going to university) and students to have
positive experiences of mathematics (inside and outside the classroom).

Important considerations for future research are the influence of students’ earlier expe-
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riences of mathematics and how students’ backgrounds can mediate their experience of
mathematics inside and outside the classroom.

This study involved Year 10 and Year 11 students because they were at or approaching
an important transition point in their education and making decisions that would influ-
ence their future studies and careers. This study did not address how fixed students’
literacy is by the time they reach senior secondary school.

Students may need continuing support in the later years of secondary school, but their
relationship with mathematics may be indelibly shaped by experiences in the earlier
years. It may be that the focus of future research needs to be on classroom behaviours
and practices in earlier years when students’ orientations to mathematics are still being
formed.

Considering the importance of students’ backgrounds, another avenue of further inves-
tigation is how these backgrounds can mediate other influential factors. For example,
students with relatively low competency in English may benefit from classroom prac-
tices based on exercises, memorisation and repetition whereas other students may bene-
fit from more contextual and conceptual work. In another example, students with lower
educational expectations may benefit more from instruction that emphasises the use of
mathematics in practice whereas a student intending to study at university may be more
receptive to abstract work because they believe it benefits their later studies.

In these cases, different classroom practices and behaviours have a differential effect de-
pending on the students’ backgrounds and experiences outside of the classroom. Future
research and initiatives may benefit from considering multiple models of the mathemat-
ics classroom rather than “one size fits all.”

9.1.2 Attitudes towards mathematics

This section summarises the results of the research question: what effect do students’
and teachers’ behaviours and practices in mathematics classes have on students’ atti-
tudes towards mathematics?

The initial analyses in Chapter 5 identified several factors which had a significant effect
on students’ attitudes. The analysis indicated that sex, educational expectations, parents’
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education, future intentions to study mathematics, teachers roaming the class, math-
ematical reasoning, individual and group textbook work, working on group projects,
helping other students and consulting websites, the textbook, other mathematics books
and parents outside of class were all associated with significant differences in students’
attitudes. These results were supported in almost all cases by the individual analyses
in Chapter 8. The analyses in Chapter 8 also indicated that primary language spoken at
home was also associated with significant differences in attitudes.

These individual analyses did not take into account that some of the factors may be
related. The analyses could not determine whether some variables were actually asso-
ciated with the same variance in attitude, i.e. there is some common underlying cause
behind the apparent effect of the variables. For example, a substantial proportion of the
effect associated with consulting websites and consulting the textbook may be associ-
ated. So, in that case, after accounting for the effect of consulting websites, the effect of
consulting the textbook is no longer significant.

This common variance was investigated using the construction of summary models for
each group of variables in Chapter 8. It was suspected that similar variables (e.g. back-
ground variables or consulting external sources variables) would be most likely to be
related, so summary models were constructed to determine which variables were the
best fit for the models.

These models indicated that sex, primary language, educational expectations, teachers
roaming the class, memorisation tasks, individual textbook work, working on group
projects, helping other students, being helped by others and consulting websites, the
textbook and other books outside of class were the variables which best explained the
variance in attitude. These variables were used as candidates in the construction of an
overall model.

Recognising that some of these variables might still be related, an overall model was
constructed in which these significant variables were added step by step. If the statis-
tical tests indicated that a variable was not significant then it was not included in the
model.

The overall model in Section 8.3.6 in Chapter 8 included sex, primary language, educa-
tional expectations, teachers roaming the class, individual textbook work, helping other
students, being helped by others and consulting websites outside of class. All these vari-
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ables are still significant even after accounting for all the other variables in the model.
This model indicates that a number of important differences amongst the students.

Male students had more positive attitudes than female students. This is a result that
requires further investigation, especially considering that female and male students had
similar levels of literacy. This suggests there are variables outside of the scope of this
study that changed how female and male students think about mathematics.

Students who primarily spoke a language other than English at home had more positive
attitudes than students who primarily spoke English at home. Considering that speaking
English at home was associated with higher levels of literacy, this prompts further in-
vestigation as to what are the effective differences between these two groups that causes
this result.

Students expecting to attain a postgraduate degree had more positive attitudes than stu-
dents not expecting to study at university or only expecting to attain an undergraduate
degree. The unusually high proportion of students expecting to attain a postgraduate
degree suggests these responses should be taken as a proxy for their aspirations.

It is not clear whether students with higher expectations are more likely to be positive
towards mathematics or whether students who are more positive towards mathematics
are more likely to have higher expectations (or whether they effect each other). Attitude
and expectations could also both be related to general school aptitude or attitude.

Students whose teachers roamed the classroom more frequently had more positive atti-
tudes than other students. Roaming the class (i.e. the teacher moving around the class-
room and helping students as they did individual work) was one of the notable features
of the classroom recorded during the participant observation in this study. This suggests
students benefit from short one-on-one interactions with the teacher and a teacher who
closely monitors the progress of students in the class (or from another aspect of teachers
who are more likely to roam the class).

Students who were required to practise memorisation more frequently had more positive
attitudes than other students. This result appears to be counter-intuitive - memorisation
and rote learning are not usually activities with positive connotations. Further investi-
gation is needed into this result to determine the connection between memorisation and
attitude and whether it is connected to one particular sub-domain of attitude in particu-
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lar.

One possible explanation is that students that have practised memorisation tasks more
frequently feel that they have stronger feelings of mastery towards mathematics, i.e.
they feel more positive towards mathematics once they have practised and mastered
topics. This could certainly contribute to their self-concept (i.e. confidence in their abil-
ity) and perhaps their instrumental motivation (i.e. they see the utility of mathematics),
but it is less clear how this could be connected to their intrinsic motivation (i.e. interest
in mathematics).

Students who did individual textbook work and helped other students more frequently
and were helped by other students less frequently had more positive attitudes than other
students. Initially it appears as if these three factors are all related to students’ literacy.
It could be suggested that students with higher levels of literacy are more likely to do
individual work and help others are less likely to be helped and the difference in attitude
is due to differences in literacy.

However, when literacy was included in the model statistical tests indicated that it did
not have a significant effect. Further investigation is needed to determine why these vari-
ables are associated with attitudes towards mathematics. It may be that, similar to the
effect of memorisation practice, students benefited from feelings of mastery when they
regularly completed banks of textbook exercises and could demonstrate their knowledge
to other students.

Students who consulted websites outside of class had more positive attitudes than stu-
dents who did not. When considered separately this variable and the ones related to
consulting textbooks, other books and parents were all significant. This suggests that it
was consulting other sources in general (rather than any of these in particular) that was
associated with more positive attitudes. However, a reasonable explanation is that stu-
dents with more positive attitudes are more likely to engage with mathematics outside
of class than other students.

The significant factors cover two areas: students’ backgrounds and classroom prac-
tices. Future research into mathematics education has to consider students’ attitudes
towards mathematics in these two dimensions. How are students’ attitudes shaped by
their background and the experiences they have outside of the classroom? How are
students’ attitudes shaped by what happens inside the classroom?
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Are there any significant interactions between students’ background and classroom
practices in terms of their attitude? Do students with different family, cultural and ed-
ucational backgrounds respond differently to certain classroom practices? Do students
not intending to study at university prefer mathematics education grounded in real-life
examples and practice instead of more abstract and conceptual work? Do students from
non-English backgrounds prefer textbook-based exercises rather than projects and group
work with other students?

Particularly concerning is that despite having similar levels of literacy, female students
have less positive attitudes towards mathematics than male students. How are back-
ground factors (e.g. cultural attitudes, parents, friends, popular culture) and classroom
factors (e.g. teachers, ways of teaching) involved in creating this disparity between
females and males?

However, this also presents an opportunity and challenge in mathematics education.
The results of this study show that the overall engagement with mathematics could be
significantly improved by bringing the attitude of female students up to parity with male
students (as is the case with their levels of mathematical literacy). Future research can
focus on whether the instrumental motivation, self-concept or intrinsic motivation of
female students needs particular attention and specific strategies to address the defici-
ets.

9.1.3 Intentions to study mathematics

This section begins the summary of the results of the research question: what effect
do students’ and teachers’ behaviours and practices in mathematics classes have on
students’ future intentions to study mathematics?

The initial analyses regarding studying intentions to study any mathematics at all in Year
12 in Chapter 6 identified several factors which had a significant influence on students’
intentions. The analyses indicated that sex, educational expectations, attitudes towards
mathematics, enjoyment of mathematics, university entrance score, study prerequisites,
students’ perceptions of their ability, the advice of teacher, the perceived difficulty of
mathematics, future career considerations, teachers referring to the textbook, being as-
signed investigations, teachers roaming the classroom and working on group projects
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were all associated with a significant effect on students’ intentions to study any mathe-
matics.

These individual analyses did not take into account that some of the factors may be
related. The analyses could not determine whether some variables were actually associ-
ated with the same variance in future intentions, i.e. there is some common underlying
cause behind the apparent effect of the variables. For example, a substantial proportion
of the effect associated with university entrance score and study prerequisites may be
associated. So, in that case, after accounting for the effect of one, the effect of the other
is no longer significant.

This common variance was investigated using the construction of summary models for
each group of variables in Chapter 6. It was suspected that similar variables (e.g. back-
ground variables) would be most likely to be related, so summary models were con-
structed to determine which variables were the best fit for the models.

These models indicated that sex, educational expectations, attitudes towards mathemat-
ics, study prerequisites, the perceived difficulty of mathematics, teachers referring to
the textbook and working on group projects were all possible candidates for inclusion
in the final model. These variables were used to construct an overall model that sought
to explain the variation in students’ intentions to study any mathematics.

The overall model in Section 6.11 in Chapter 6 included the instrumental motivation
and self-concept sub-domains of attitudes towards mathematics. The significant factors
cover the same general area: students’ attitudes towards mathematics.

This model indicates that students who were more positive about the value of mathe-
matics with regards to their studies and careers were significantly more likely to study
any mathematics than students who were less positive about the value of mathematics.
This model also indicates that, separately from the effect of the instrumental motivation,
students who were more positive about their ability to learn and “do” mathematics were
significantly more likely to study any mathematics than students who were less positive
about themselves in relation to mathematics.

This suggests that future mathematics education research and initiatives may wish to fo-
cus on helping students to have positive experiences of mathematics (inside and outside
the classroom). This emphasises the importance of studying students’ attitudes towards
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mathematics and reiterates the need to further investigate the factors that affect attitude
such as sex and classroom practices.

The analysis indicates that students’ instrumental motivation and self-concept are im-
portant and should be included in the model separately, i.e. the individual effect of
each domain is important and they have independent effects on students’ intentions to
study mathematics. Future initiatives to address the enrolment rates in mathematics
must focus on how useful and relevant mathematics is to students’ careers and further
studies and improving students’ self-confidence and self-belief in relation to mathemat-
ics.

While not included in the final model (because of the strong and related effects of atti-
tudes towards mathematics), it is important to note significant factors such as university
entrance score, study prerequisites and the advice of teachers and the role that they play
in students’ intentions.

In particular, the importance of university entrance score and study prerequisites sug-
gests that students may see mathematics in secondary school as “a means to an end,” i.e.
simply a necessary and required step in achieving their ultimate career and study goals
rather than something important in and of itself. It highlights a concern that if universi-
ties make entry into certain courses and degrees easier (e.g. by removing mathematics
as a prerequisite school subject), then students will be less likely to study mathematics
in school.

9.1.4 Intentions to study advanced mathematics

This section concludes the summary of the results of the research question: what ef-
fect do students’ and teachers’ behaviours and practices in mathematics classes have
students’ future intentions to study mathematics?

The initial analyses regarding studying intentions to study advanced mathematics in
Year 12 in Chapter 7 identified several factors which had a significant influence on stu-
dents’ intentions. The analyses indicated that sex, educational expectations, parents’ ed-
ucation, attitudes towards mathematics, enjoyment of mathematics, study prerequisites,
interest in mathematics and helping other students were all associated with a significant
effect on students intentions’ to study advanced mathematics.
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These individual analyses did not take into account that some of the factors may be
related. The analyses could not determine whether some variables were actually associ-
ated with the same variance in future intentions, i.e. there is some common underlying
cause behind the apparent effect of the variables. For example, a substantial proportion
of the effect associated with enjoyment of mathematics and interest in mathematics may
be associated. So, in that case, after accounting for the effect of one, the effect of the
other is no longer significant.

This common variance was investigated using the construction of summary models for
each group of variables in Chapter 7. It was suspected that similar variables (e.g. back-
ground variables) would be most likely to be related, so summary models were con-
structed to determine which variables were the best fit for the models.

These models indicated that sex, educational expectations, parents’ education, attitudes
towards mathematics, enjoy of mathematics, study prerequisites and helping other stu-
dents were all possible candidates for inclusion in the final model. These variables
were used to construct an overall model that sought to explain the variation in students’
intentions to study advanced mathematics.

The overall model in Section 7.11 in Chapter 7 included attitudes towards mathematics
and parents’ education. The significant factors cover two areas: students’ backgrounds
(i.e. the experiences they bring with them to their mathematics classes and their home
situation) and their attitudes towards mathematics.

Students with more positive attitudes towards mathematics were more likely to study
advanced mathematics than students with less positive attitudes towards mathematics.
Students whose parents studied at university (regardless of field of study) were more
likely to study advanced mathematics than students whose parents did not study at uni-
versity.

This suggests that future mathematics education research and initiatives may wish to
focus on helping students with relatively low family capital (e.g. students whose fam-
ilies find it difficult to support them going to university) and students to have positive
experiences of mathematics (inside and outside the classroom).

This study has shown how important students’ attitudes are to their intentions to study
any kind of mathematics in the future. Attitudes are a better predictor of students’
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intentions than their mathematical literacy. Students need to see the importance and
value of mathematics, feel confident about doing mathematics and have an interest in
the things they are learning.

Attitudes towards mathematics can be improved by work in the classroom and other
direct interventions with the students. However, the influence of students’ backgrounds
(and specifically their parents’ education) may be more intractable and difficult to ad-
dress with student-level initiatives. Parents’ education is likely to be only one part
of the story, so further investigation is needed into what elements of students’ family,
economic and social background influence their participation in mathematics and how
participation can be improved.

The individual analyses demonstrated there were many common influences on students’
intentions to study any mathematics and advanced mathematics. Common influences
included sex, educational expectations, attitudes towards mathematics and prerequisites
needed for future study, which emphasises the importance of these influences.

Some of the notable differences between the influences on intentions to study any math-
ematics and advanced mathematics were the influence of teachers and students’ an-
ticipations of success in mathematics. The advice of teachers and their practices in
the classroom were not significant influences on students intentions to study advanced
mathematics.

This suggests that students who might otherwise not study mathematics need the support
and encouragement of their teachers in particular. If their teacher does not support them,
they will be significantly less likely to study mathematics. It also suggests that these stu-
dents may have a “fear of failure” in mathematics and they might avoid mathematics if
they believe that they can achieve better school results by studying other subjects.

Similarly, students choosing advanced mathematics were more influenced by their en-
joyment of and interest in mathematics rather than their mathematical ability and the
perceived difficulty of mathematics. Seemingly these students were more confident that
they would succeed in mathematics if they chose that pathway and were more concerned
about whether it was something they would like to pursue further in their studies and
careers.

This suggests that these students may benefit from being challenged in mathematics



290 CHAPTER 9. CONCLUSION

and provided with curriculum material and classroom practices that extends them and
invigorates their interest in mathematics. These students need to be exposed to the
complexities and intricacies of mathematics and be allowed to develop their interest in
exciting fields of mathematics.

9.2 Limitations

The following section describes the limitations of this research and explains the cause of
these limitations and possible effects on the analyses and conclusions in this study.

9.2.1 Sample size

The generalisability of the results from this study were limited by the sample size. When
accounting for all components of this research - the participant observation and adminis-
tration of the survey and test - a total of approximately 420 students in 27 classes across
26 schools were involved.

The limits on the financial resources available for this research and the time constraints
of doctoral research meant that it would have been difficult to include more students and
schools in this research.

The researcher in this study was solely responsible for contacting schools, visiting the
schools to explain the research, deliver and collect the survey and administer the mathe-
matics test, marking the test and collating and recording the data. In a larger study, each
of those roles would have required a greater time and financial commitment.

The limits on the sample size mean that some sections of the student population may
have been under-represented in the sample and this restricted the statistical analysis in
some regards.

The number of male and female students in this study was sufficient for statistical anal-
yses to investigate the effect of sex on students’ literacy, attitude and future intentions.
However, the relatively small proportion of overseas-born students in the sample means
that sub-groups within that population (such as refugees and children of skilled mi-
grants) may not be sufficiently represented.
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The sample size also caused issues when several variables, complex categorical vari-
ables with a large number of responses or variables with heavily skewed responses were
included in the analysis.

When summary models were being constructed using logistic regression or hierarchical
linear modelling techniques several variables needed to be included in the final models.
This required the exclusion of students for whom there was no valid data for any one of
those several variables. This missing data reduced the already relatively small sample
even further, but this would not have been as problematic with a larger initial sample
size.

The variables concerning students’ perceptions of effective teaching and learning meth-
ods have six valid response codes. When the relatively small sample size was distributed
over the six valid responses, it meant that the groups were too small for effective analy-
ses. This could also be resolved in future with a more appropriate survey design (which
reduced the number of possible responses or was designed with the possibility of col-
lapsing several responses into one).

Heavily skewed responses also mean that some groups were too small for effective anal-
yses. In this case, a larger sample may not have encountered this issue (even with the
same group proportions) because the number of students in each group would be suffi-
cient. For example, if 10 percent of students respond that their teacher uses technology
every lesson this may be a problem for a sample of 100 students (in which case the
group only contains 10 students), but not for a sample of 500 (in which case the group
contains 50 students).

9.2.2 Participation

This study relied on the participation and cooperation of the schools - specifically math-
ematics coordinators, mathematics teachers and their students (with the consent of their
parents or guardians).

The first point of contact for the researcher was the mathematics coordinator. The math-
ematics coordinator had to agree to research being conducted in the school (and seek the
permission of the principal). If the coordinator approved the research, they then sought
the participation of one of their mathematics teachers. In some cases the coordinator
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was the also the teacher of the class chosen to participate in the research. It was then up
to students (and their parents or guardians) if they would participate.

The research could not proceed without approval at each of those steps. This was nec-
essary to conduct ethically appropriate and correct research, but it also presented a dif-
ficulty. In some cases, the researcher received no response from schools despite follow
up phone calls. There may have been a factor of self-selection which was unknown and
could not be controlled.

While almost all students participated in the research if their class was involved, there
were some students who did not participate because either they or their parents or
guardians did not want to participate. Additionally, there were some students who failed
to return the required consent forms despite all efforts to ensure they were returned (de-
spite no apparent objections to the research).

The researcher was appreciative that the primary priority of the schools and teachers
had to be their students and their learning. Participating in the survey and test compo-
nent of the research required, at a minimum, a “double” lesson (i.e. a single period of
two adjacent lessons) which (at most schools) represented 40 percent of mathematics
lesson time for a week. This had to be accommodated by the teacher without unduly
compromising their teaching plan for the year.

Concerns about the participation of schools also meant that any perceived barriers to
participation were minimised to maintain a reasonable rate of participation. The choice
of which class in the school would participate in the research was left up to the staff

at the school. The researcher was concerned that placing requirements on which class
was chosen (e.g. only selecting the top streamed ability class) would deter schools from
participating.

9.2.3 Streaming

Closely related to concerns about school participation was the streaming of classes by
ability. It is a common practice in Australian secondary schools to stream students by
ability, i.e. place students in classes based on their perceived mathematical ability so that
all students in each class are at a similar level. For the first year of secondary school,
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this may be done on the basis of an entrance test. For subsequent years, it can be done
on the basis of the students’ academic achievement in mathematics.

The researcher was concerned that if the research required a particular streamed class
(e.g. the intermediate class) to participate then the research may have been too diffi-
cult to accommodate or perceived as too onerous. Also, as each school streams their
classes independently, their was no consistent basis for comparing classes from differ-
ent schools. An intermediate ability class at one school may have equivalent ability to
a low ability or high ability class at another school. Schools may also choose not to
stream classes by ability.

So, for the purposes of this research there was no practicable or effective way of choos-
ing which types of classes would participate or knowing the composition of the class
prior to selection. The consequence of this is difficulty in interpretation of some of the
analyses and some limits on the generalisability of the results.

In particular, there are concerns when analysing the effect of classroom-based variables
on students’ literacy. As was noted in the discussion of the analyses, teachers may
adjust their instructional practices depending on the (perceived) ability of students in
the class.

For example, when teaching “high ability” students a teacher may be more confident
that students will learn new material quickly and consequently be more likely to set the
students individual work from the textbook. When teaching a lower ability class, that
same teacher may structure lessons with more focus on the whiteboard and explaining
problems step-by-step until they are satisfied the students are proficient enough to start
individual work.

So, on first appraisal, analyses of these teaching practices could indicate that setting
individual textbook work more frequently improves literacy, but solving problems on
the whiteboard more frequently does not improve literacy. However, this is just a con-
sequence of the teacher changing their instructional practices according to the needs of
the class and the higher ability class demonstrating higher levels of literacy.

The intention in this study was to address this issue by using hierarchical linear mod-
elling. It was hoped that multi-level modelling would take into account the stratified
nature of the sample (the nesting of students within participating schools) and reveal
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if the relationship between certain instructional practices and literacy varied between
schools. However, this was not possible as there was not enough data to compute these
more complex models

In hierarchical linear modelling, allowing the relationship between a variable and the
outcome to vary across groups means an additional parameter must be added to the
model. This additional parameter places a greater burden of complexity on the model
and the relatively small groups and overall sample in this study was not sufficient to
cope with this additional complexity.

9.2.4 Causality

The issue of streaming is in some regards a particular instance of the issue of causality.
The issue in that particular case is that it is unknown whether the prior streaming of
classes caused the result or whether it is unrelated.

The study was cross-sectional in design, i.e. a cross-section of South Australian math-
ematics students were sampled, surveyed and tested at one point in time. There are
other designs in which there are multiple time points in the one study, e.g. longitudinal
surveys. Cross-sectional studies tend to be easier to implement, require fewer resources
and are not prone to attrition over time.

The main drawback of a cross-sectional study compared to those with multiple time
points is that the direction of causality can be difficult or impossible to determine.

This is not an issue for some variables for which the causality is clear because they are
fixed or highly likely to occur prior to the outcome under consideration. For example,
if there is a difference between the literacy of male and female students it is clear that
this is somehow related to their sex (as literacy levels cannot change students’ sex).
Another example is the highest level of parents’ education - in the majority cases parents
would have achieved their highest level of education before students had begun their
education.

Causality is an issue when considering teachers’ and students’ practices within and out-
side the classroom and their effect on students’ literacy and attitude.

For example, the analysis may indicate a difference in intrinsic motivation (i.e. inter-
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est) towards mathematics between students who read books about mathematics at home
and those who do not. In this case, it is not clear in which direction the causality lies.
Students with more interest in mathematics may choose to read more books or students
who read books about mathematics may have developed a greater interest in mathemat-
ics.

The cross-sectional design of this study (and the lack of available data about students
prior to the research) means that prior literacy and attitude cannot be taken into account.
This study was only a ‘snapshot’ of a single point in time and could not measure trends
over time (which could be achieved by a study with a longitudinal design).

In the example about books above, if a measure of students’ intrinsic motivation a year
ago was available then this study could have asked whether students had read books
about mathematics at home in the past year and see whether there was any change in
their intrinsic motivation.

9.2.5 Breadth of the sample

The breadth of the sample refers to how well the sample covered the actual population
of students.

Due to time and resource limitations the pool of schools available to be selected in the
sample had to be reduced from the full list. Each selected school was visited at least
twice (once to explain the research and once to administer the test) and some schools
were visited a third time (to collect the student survey).

Due to the difficulties associated with travelling to the regional locations, regional schools
had to be removed from the list. This means that students living and attending schools
in regional parts of South Australia were not included in this research.

Due to the relatively small size of the sample, it was difficult to get representative sam-
ples of small, but highly diverse groups. For example, students who migrate to South
Australia from another country have a wide variety of backgrounds and prior experi-
ences and have very different experiences of life in South Australia.

Some students and their families have been accepted as humanitarian refugees and may
not have had a high level of education prior to arriving in Australia. Other families may
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have moved from a relatively wealthy country such as the United Kingdom to take up
a high-level employment opportunity in Australia. It is difficult for such a relatively
small sample to properly represent these diverse experiences when the migrant group
represents a relatively small proportion of the sample.

9.2.6 Depth of the sample

The depth of the sample refers to depth of the sample within the schools. In each
participating school one class was selected to participate in the research, as opposed to
selecting a sample from that school across all classes or selecting multiple classes. So,
the sample in this study represents only a single class at each school and it cannot reflect
the diversity and variance between classes in the same school.

As only one class is selected from each school, it collapses those two levels into a
single level and removes one possible layer of analysis. Students in the study are
nested within classes/schools rather than the nested within classes that are nested within
schools (which is more representative of the actual circumstances).

So, any variables which could be attributed to the class (e.g. characteristics of the
teacher) would then be attributed to the school even though other classes within the
school may be different.

The decision to only include one class per school was made to reduce the burden of
the research on teachers and schools (and hopefully increase the likelihood they would
participate) and to make the best use of the limited time and resources that were avail-
able. It was decided that including multiple classes per school would mean that less
schools would have been selected in the sample, e.g. 16 classes in 8 schools rather than
16 classes in 16 schools.

Selecting a sample of students from across all classes in the school was dismissed be-
cause of the logistical difficulties of gathering students from a number of classes to
participate in the mathematics test at the same time. Mathematics classes in a school are
often scheduled at different times and on different days (and often some of them share
the same teacher). It would have been disruptive to the students normal schedules for
them to gather at one place and time for the purposes of the research and the researcher
feels that schools would have considered this too difficult to accommodate.
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9.2.7 Student survey

The study was also limited because no class- or school-level variables were included in
this study. This is partly because only one class per school was selected to participate in
the research. It is also because including class- and school-level variables would have
required additional instruments (like teacher and principal surveys) and this would have
shifted the focus away from students. The researcher was concerned that teachers and
schools would be less likely to participate in the research if they perceived that they
were also a subject of analysis.

The study also did not include a survey of students’ parents and instead relied on infor-
mation provided about the parents through the student survey. The researcher felt that a
survey of parents was too far removed from the focus on the students and that sufficient
information could be collected through the student survey.

The researcher was also mindful that he would not have a chance to explain the research
directly to parents in the same way that he could for the students by visiting their class.
The only contact with parents was via a letter sent home through the students explaining
the research and supplying a consent form for their consideration. The researcher was
also doubtful of the efficacy of a parent survey and the response rate that would be
achieved.

However, choosing to limit the research to the student survey (and mathematics test)
means that there were no class- or school-level variables available for the multi-level
modelling and the variance in students’ literacy, attitude and future intentions associated
with their parents and upbringing is left unexplained.

9.2.8 Timing

This research was affected by the time constraints of doctoral research and the phases
of the school year. It was originally intended that the research would involve Year 10
students in the second half of 2011 (ideally Term 4). However, there were difficulties
which meant that this was not possible.

The researcher had not fully anticipated the busy school schedule in Term 4 (including
teachers writing end-of-year students reports and students in some schools studying for
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and sitting end-of-year exams) and that in many schools Year 10 students often cease
regular classes weeks before the official end of the year. Not enough schools were
available to participate in the research at this time so it had to be postponed.

Research in a functioning environment such as a school requires coordination of the
availability of the teachers, the students and the researchers and the cooperation of all
parties. The research has to be conducted during the school term when students and
teachers are accessible, but it must fit in with the other demands and requirements that
exist within the school environment.

Ideally, the students would have been reflecting upon their experiences of Year 10 math-
ematics classes. For this reason, it was not suitable to study Year 10 students during
Term 1 or 2 of 2012 because they would not have a substantial portion of the year to
reflect upon, they would not yet be receiving programmed career guidance and they
would not have gone through the process of making their subject choices for the next
year.

However, the research could not be put on hold until Term 3 or 4 of 2012 and the
researcher wished to avoid the problems encountered in 2011 with the availability of
schools. It was decided that the best compromise was to study Year 11 students as early
as possible in the year (ideally Term 1) and ask them to reflect upon their experiences
in the past year.

Most classes participated in the research during Term 1 or 2 of 2012, however the data
collection component was not complete until Term 3 of 2012 due to difficulties success-
fully contacting schools and scheduling the research around class and school activities.
However, this means there was a gap of up to half a school year in the participation
of students and that students completing the survey later in the year may have been
reflecting (in part) on their experiences of Year 11 mathematics.

9.3 Future Research

The following section outlines some suggestions and recommendations for future re-
search. These ideas have their genesis in the limitations of the research outlined above
and the analyses that have been undertaken in this study.
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9.3.1 Background variables

This study chose to focus on the classroom practices of teachers and students and stu-
dents’ literacy, attitude and future intentions. Some variables concerning students’ back-
ground were included as explanatory variables and as a benchmark for the other vari-
ables - in particular sex, primary language, country of birth, expected education and
parents’ education.

However, the significance of those background variables and their effect on literacy,
attitude and future intentions suggests that it could be beneficial to study these variables
more closely in future research. Though a greater focus on students’ background should
not be to the detriment of the classroom practices variables.

Students’ background can provide valuable context into students’ experience of math-
ematics and their outcomes in mathematics, so these variables should be considered as
aid to further study of practices inside and outside the classroom.

When choosing background variables for inclusion, it would be valuable to consider the
variables included in the PISA and TIMSS studies. These studies can point to which
variables may have a significant effect, but including similar variables also increases the
opportunity to compare and contrast results with the results from these studies.

Information about students’ background could include their general attitude towards
school (e.g. whether they enjoy school), the types of recreational activities in which
they participate (e.g. creative arts, constructing objects with building blocks, coding
and creating video games), the resources they have at home (e.g. books about science
and mathematics), the involvement of their parents (e.g. activities to encourage learn-
ing, encouragement to consider tertiary education), their social networks (e.g. study
habits of their friends, whether their friends are considering attending university), their
motivation towards school (e.g. their motivation to complete their school certificate)
and their historical self-concept (e.g. responses to the statement ‘I have always been
good at maths’).

These background variables are important and interesting variables in their own right.
However, they may also have mediating effects on the impact of other variables on
attitudes, literacy and future intentions. Students who have friends intending to do fur-
ther study may work better in group situations in class or be more influenced by their
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friends when choosing study and career pathways. Attitudes towards mathematics may
be less important to students’ future intentions if they have more positive attitudes to-
wards school in general. These are potentially important and interesting links that future
research can explore.

9.3.2 Teacher and parent surveys

In addition to further information about students’ background, more information about
their parents’ background and their teachers could also be useful.

From the student survey used in this study some information about their parents’ was
discernible. The primary language students spoke at home and their country of birth
were, for the purposes of this study, considered as reasonably reliable proxies of their
parents’ primary language and their migrant status. The survey also explicitly asked
about the level of parents’ education.

A direct survey of parents could provide further information about students’ back-
ground, upbringing and home life to provide further context. Information could include
migrant status (e.g. reason for migration, type of migration), occupation (e.g. industry,
occupation type), family composition (e.g. number of siblings), educational background
(e.g. field of education), social networks (e.g. family acquaintances with mathematical
backgrounds), educational support and expectations (e.g. expectations that students will
do tertiary study, help provided with homework) and attitudes towards mathematics and
education (e.g. value of mathematics).

This would provide further student-level data for analysis. Variables such as those de-
scribed above would provide more information about individual students, but in its orig-
inal form that data would still only pertain to individual students.

However, a survey of teachers could provide information about the personal character-
istics of the teacher and general information about the school and thus generate class-
and school-level data for analysis with multi-level modelling.

A direct survey of teachers could provide information about each teacher’s education
(e.g. field of study), professional development (e.g. participation in teaching work-
shops), attitudes towards mathematics, classroom practices (e.g. changing practices
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to suit higher ability classes, use of technology) and level of support (e.g. classroom
resources available) and the characteristics of each school (e.g. class sizes, available
resources, size of the school).

These data would pertain to all students in that class and potentially all students in that
school. Multi-level modelling with data such as this should produce a better representa-
tion of the actual structure of the classroom and students’ education. It would a useful
step in explaining more of the variance in attitudes, literacy and future intentions and
investigating whether the variance lies between students, between classes or between
schools.

As with the student survey, future research could consider which class- and school-
level variables are included in the PISA and TIMSS studies to get an indication of
which variables are important and improve the ability to compare results between the
studies.

9.3.3 Higher-level variables

The inclusion of parent and teacher surveys would also be important because it would
provide higher-level variables to use in the analysis, i.e. variables at levels in which
students are nested such as classes and schools. There are also other ways of includ-
ing higher-level variables, such as publicly available data on the schools or data from
requested from the Australian Curriculum and Reporting Authority.

Higher-level variables would be useful with any of the analytical techniques used in this
study, but they are particularly relevant to hierarchical linear modelling (and multi-level
modelling in general). Hierarchical linear modelling explicitly takes into account the
nested and multi-level nature of the data and the results can be analysed.

For example, the model can account for the fact that predictor variables such as student
literacy, the number of years of experience of the class teacher and the overall size of the
school are characteristics of the student, the class and the school, respectively. Analysis
of the model can determine whether there is a significant variation between students,
classes and schools based on these variables.

This analysis can determine whether the relationship between predictor variables and
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the outcome variable significantly differs between classes within the same schools or
between schools. For example, this could help investigate the relationship between
students’ socio-economic status and attitude towards mathematics when accounting for
the socio-economic status of the school overall or whether the difference in literacy
between male and female students with male or female teachers.

A typical Year 10 or Year 11 student in Australia is situated under, in ascending order,
their mathematics class, school and jurisdiction (e.g. the South Australian education
system). There may also be other intersecting and overlapping structures (both formal
and informal) such as geography/region (e.g. metropolitan, regional and rural), school
size, school system (e.g. public, independent and Catholic) and school type (e.g. sec-
ondary school, senior secondary school, combined primary and secondary school). In
some ways, the better the model can represent the actual structures in the place the better
the model will be at explaining variance.

If the structures described above have an influence on students’ attitudes, literacy or
future intentions, then the model should represent these as faithfully as possible.

9.3.4 Scales

The variables concerning the classroom practices of students and teachers were based
on the style of the items included in previous PISA and TIMSS cycles. However, since
the student survey was finalised for this study there have been developments and im-
provements in the survey items used in both studies.

In particular, the PISA 2012 cycle included more items from which scales could be
constructed. These scales concern concepts like teacher’s orientation to student learning
and classroom behaviour and discipline. The use of such scales, while increasing the
statistical workload for the study, is advantageous because it allows a great flexibility in
the statistical analysis of the underlying concepts.

This study encountered difficulties in using Likert-style responses into the analysis be-
cause of the complexity of including three dummy variables in the model. The re-
quirement of having (at least) three separate parameters included in the model broadly
increases the required sample size and data quality. However, a constructed scale vari-
able not only allows for a greater granularity in responses, it also reduces the complexity
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of the model because only a single variable needs to be added to the model (and thus
potentially only one extra parameter).

Properly constructed and tested these scales can be effective analytical tools and allow
a better representation of the underlying practices than single responses. However, as
multiple responses investigating the same dimension are needed to construct a scale,
their use needs to be balanced with the overall length and breadth of the survey. Missing
data also poses a problem for constructing scale variables because the scale relies on
having available (or imputed data) for each item in the scale (meaning that nothing can
be missing).

9.3.5 Differential item functioning

Rasch modelling allows for the analysis of differential item functioning. This means
analysis of whether an item is functioning differently for students with different charac-
teristics, i.e. it is biased towards certain groups of students.

It is common to analyse cognitive items to determine whether they are biased against
students whose first or primary language is not the language of the item. In this case,
differential item functioning can be used to determine if observed differences on that
item are due to students’ language competencies rather than the cognitive dimension that
item was intended to measure (e.g. mathematics ability). It is used to determine if non-
English speaking students were not answering a mathematics item correctly because
they did not understand the written question (not because they did not understand the
mathematics).

Differential item functioning is also commonly used to determine if items function dif-
ferently for male and female students. It could theoretically be applied to other student
characteristics as well, if it was suspected that this was causing the items to not function
correctly by being a measure of a trait not under consideration.

If problematic items can be identified through a pilot study, then they can be modified
or removed prior to the main study. If problematic items are only identified after the
administration of the survey or test, then they can be removed from the construction
of the scale (with requisite caution). This assists in mitigating sources of bias in the
study.
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9.3.6 Externalised and internalised learning

Two of the scales that future research could consider are the frequency of externalised
learning and the frequency of internalised learning which were identified as potentially
significant in this study. The results from Chapters 4 and 5 suggested that externalised
learning had a greater influence on attitudes and literacy than internalised learning. The
results are not conclusive, but warrant further investigation.

In this case “externalised learning” refers to processes and practices which result in the
production of some output that can be graded or assessed. This could include solving
exercises from the textbook (which results in the student recording the solution steps
and answer in their exercise book), working on assignments and projects (which results
in a piece of work to be submitted for grading) and producing a poster that detailed the
results of probability experiment. A survey could include items which assess how fre-
quently students undertook these activities and a scale of the frequency of externalised
learning could be constructed.

In this case “internalised learning” refers to processes and practices which do not result
in the production of some graded output, but are instead about students’ conceptual
understanding and comprehension. This could include reading theory and examples
from the textbook, watching the teacher solve an exercise on the whiteboard or watching
a video about mathematics. A survey could include items which assess how frequently
students undertook these activities and a scale of the frequency of internalised learning
could be constructed.

However, this is just one possible avenue of research suggested by the analyses in this
study. The same pool of survey items could be used to construct other scales, such as
a scale of the frequency of teacher-directed instruction (i.e. how frequently the teacher
is controlling and directing the learning rather than the students) or scales of the fre-
quency of individual, group and whole class learning (i.e. how frequently the students
are working alone, in a small group or together as a whole class).

Using the same pool of survey items to construct multiple scales means that more po-
tential factors can be investigated without increasing the length and burden of the survey
to an unmanageable extent. However, it would be prudent to identify these scales and
the necessary items before designing and administering the survey in order to ensure
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compatibility and the risk of “fishing” for a conclusive result by testing multiple hy-
potheses.

9.3.7 Model construction

An important consideration is the strategy or algorithm for model construction when
using techniques like logistic regressions and hierarchical linear modelling.

In this study, statistical tests were used to determine whether there was a significant
improvement in the model when including a new predictor variable. However, this was
done without consideration to the order in which the variables were added to the model.
This had the potential to mask some significant variables although this risk was miti-
gated by running separate analyses with each variable separately prior to constructing
the overall models.

Using a validated scheme or algorithm to construct the model may improve the repeata-
bility of the analysis (i.e. a different researcher with the same data would produce the
same or similar results) and make the analysis less susceptible to interpretation. An
algorithm may potentially reduce the amount of computation needed by removing the
need to compute single variable models first, though this procedure is more suited to
confirmatory rather than exploratory studies in which the significant variables have al-
ready been pre-identified.

9.3.8 Sampling

As identified in the limitations section, there were various impediments on gathering a
truly representative sample of South Australian mathematics students. In this sample,
schools were stratified by sector (public, independent and Catholic) and then selected
from a list of schools in each of the sectors ordered by socio-economic status. This was
a relatively simple sampling scheme, but one suited to a relatively small study.

Usually it is advised the samples are stratified on some variable of interest under con-
sideration, e.g. geographic location when the research is concerned with differences
between suburban and regional schools or school type when the research is concerned
with single sex and coeducational schools. However, this research was concerned with
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classroom practices and there was no way to determine this prior to conducting the
research.

Future research may want to consider sampling techniques that take into account student
sex, class sizes and socio-economic status in order to obtain a representative sample.
This is suggested because the sample in this study there was an imbalance of male and
female students (relative to the population) and class sizes.

Future research may also be able to account for socio-economic status at the student-
or class-level rather than just the school-level and account for the proportions of socio-
economic levels in the population. This would help account for student variations within
schools, e.g. low socio-economic status students attending high socio-economic status
schools.

9.3.9 Data manipulation

Weighting may be another way of improving the generalisability of the research and ob-
taining a properly representative sample. It is common in major studies such as the PISA
and TIMSS studies to compute a unique weight for each student based on a number of
criteria and use this weight in the analysis. It may be easier and more resource effec-
tive to implement an effective weighting scheme than implement some of the sampling
techniques recommended.

Another issue that arose during the analysis was that of missing data. As the logistic
regressions and hierarchical linear models became more complex (as more variables
were included), more students had to be excluded from the analysis (as they did not have
a valid response on at least one included variable). This potentially has consequences for
the quality of the sample and the generalisability of the results if students with certain
characteristics are more likely to have missing data.

Missing data is particularly a problem when creating scale variables. Construction of
the scale (e.g. using Rasch modelling) relies on valid responses for all the items under
consideration - if a student had missing data for one item then a scale score cannot be
calculated for them. This is particularly problematic because a relatively small number
of invalid or missing responses can prevent the construction of a relatively large number
of scales.
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For example, suppose that a student has 10 missing responses out of 100 items and
there are 10 scales to be constructed out of 10 items each. If the missing responses all
relate to one scale then the other nine scale scores can still be estimated. If each of
the missing responses relate to a different scale then none of the scale scores can be
estimated (without further statistical work).

There are strategies for mitigating the effect of missing data that future research may
want to consider. In particular, imputation can substitute valid values for missing values
in a probabilistic way. For example, if a student did not provide a valid response for
a self-concept attitude item then a valid response could be substituted based on their
responses on the other self-concept attitude items.

9.3.10 Multiple time points

Though it adds to the complexity of the research and (potentially) the time and resources
required, future research may want to consider collecting data from multiple time points
in a study with a longitudinal design.

This study asked students to reflect upon their experiences in mathematics classes over
the past year of their schooling and measured current literacy, attitude and future in-
tentions. However, this represents a small proportion of students’ total experience of
school and mathematics. As identified in the limitations of the research section above,
this leads to uncertainty regarding the causality of the some of the effects.

Ideally, research into this area would take into account changes in students’ literacy,
attitude and future intentions over time in some way. If students’ prior levels of literary
and attitude were known, more definitive conclusions could be drawn regarding the ef-
fect of classrooms practices. A follow up study which traced students’ actual outcomes
(e.g. subject selection, post-school education) and compared them to students’ future
intentions would be informative. Follow up studies can investigate whether intentions
and expectations were fulfilled and test any predictions made in the original study.

However, there are challenges with any kind of longitudinal study. Future research
may consider including extant data wherever possible in order to reduce the associated
difficulties of collecting it first hand. Future research may wish to investigate whether
it is possible, feasible and useful to access students’ scores on the National Assessment
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Program - Literacy and Numeracy (NAPLAN) tests which students take in Years 3, 5, 7
and 9.

There are, however, significant ethical, access and suitability considerations associated
with NAPLAN data. At a minimum, consent would be needed to link the data and
permission would need to be granted by the Australian Curriculum, Assessment and
Reporting Authority (ACARA). It would also need to be established that NAPLAN
scores are a useful and valid predictor for future literacy.

9.3.11 Formative experiences

Are students’ attitudes towards mathematics significantly ingrained by the time they
reach secondary school? Are their primary school teachers (who are often their regular
classroom teachers) more influential than their secondary school teachers (who they
might only see for mathematics classes)? Are their attitudes influenced by their parents
and instilled in them from an early age? What interventions to improve attitudes towards
mathematics should be targeted at students in secondary schools?

Future research may want to consider placing a greater emphasis on students’ formative
experiences of mathematics. It may be that research in this area would benefit from
focusing on earlier years in students’ mathematical development.

This research chose to focus on Year 10 and Year 11 students because they are under-
going a transition from junior to senior secondary school, making significant subject
choices for the first time, receiving career guidance and making decisions that will im-
pact their future education and careers.

Future research may want to consider the extent to which students’ attitudes towards
mathematics are ingrained, how much they can fluctuate from year to year or within
years and if there are particularly important milestones in students’ relationship with
mathematics.
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9.3.12 Models of learning and teaching

Another possible avenue for investigation that would enhance this research is to connect
it contemporary models of learning and teaching. These models, such as Vygotsky’s
zone of proximal development and scaffolding, Bloom’s taxonomy and others, could
inform the development of scales regarding teachers’ and students’ practices and assist
in their interpretation.

In addition to providing useful analytical tools, the investigation of contemporary mod-
els would also increase the relevance of the research to teachers, teacher educators and
policy makers by grounding the analysis in common and familiar practises. In this way,
future research may be able to develop suggestions for good practice that are relevant
and readily implementable.

9.3.13 Inter-disciplinary approach

From the beginning, this research was designed with an inter-disciplinary outlook. This
research has combined the perspectives of mathematicians and the theoretical and method-
ological perspectives of education research. The voice of mathematicians is expressed
through this research, but it also belongs in the education tradition. It was productive
to incorporate both disciplines to achieve common aims. Future research should con-
sider sharing similar inter-disciplinary perspectives in order to achieve outcomes that
everyone can own and of which they can be proud.
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“ I know that maths is important in everyones lives and that I will need some
type of maths for whatever job I get in the future.

This is the reason why I try really hard at maths. ”

[Student A11]

“ I believe that maths is one of the most important subjects in our education.
Even though it is very important, it is useless in our lifetime unless we want
to do further study with it ”

[Student B3]



Bibliography

ACER (2012). Statistical tables - PISA 2012. http://www.acer.edu.au/ozpisa/
statistical-tables-pisa-2012 [Accessed: 6 September 2015].

Ainley, J. (1995). Students views of their schools. Unicorn, 21(3):3–16.

Ainley, J., Kos, J., and Nicholas, M. (2008). Participation in science, mathematics
and technology in Australian education. Technical report, Australian Council for
Education Research.

Ainley, J. and Sheret, M. (1992). Progress through high school: A study of senior
secondary schooling in New South Wales. Technical report, Australian Council for
Educational Research.

Alagumalai, S. (2013). On scholarship: Scope, opportunities and challenges. In Excel-
lence in Scholarship: Transcending Transdisciplinarity in Teacher Education. Sense
Publishers.

Aldridge, J. M., Fraser, B. J., and Huang, T.-C. I. (1999). Investigating classroom
environments in Taiwan and Australia with multiple research methods. The Journal
of Educational Research, 93(1):48–62.

Anderson, J. O., Rogers, W. T., Klinger, D. A., Ungerleider, C., Glickman, V., and
Anderson, B. (2006). Student and school correlates of mathematics achievement:
Models of school performance based on pan-Canadian student assessment. Canadian
Journal of Education, 29(3):706–730.

Attard, C. (2011). “My favourite subject is maths. For some reason no-one really agrees
with me”: Student perspectives of mathematics teaching and learning in the upper
primary classroom. Mathematics Education Research Journal, 23:363–377.

311



312 BIBLIOGRAPHY

Berry, J. and Sahlberg, P. (2006). Accountability affects the use of small group learning
in school mathematics. Nordic Studies in Mathematics Education, 11(1):3–29.

Boaler, J. (1997). Setting, social class and survival of the quickest. British Educational
Research Journal, 23(5):575–595.

Bradley, K., Sampson, S., and Royal, K. (2006). Applying the Rasch rating scale model
to gain insights into students’ conceptualisation of quality mathematics instruction.
Mathematics Education Research Journal, 18(2):11–26.

Brinkworth, P. and Truran, J. (1998). Research Report of a Study of the Influences on
Students’ Reasons for Studying or Not Studying Mathematics. Flinders University of
South Australia (School of Education).

Cann, R. (2009). Girls’ participation in post-16 mathematics: A view from pupils in
Wales. Gender and Education, 21(6):651–669.

Chiu, M. M. (2010). Effects of inequality, family and school on mathematics achieve-
ment: Country and student differences. Social Forces, 88(4):1645–1676.

Chouinard, R. and Roy, N. (2008). Changes in high-school students’ competence be-
liefs, utility value and achievement goals in mathematics. British Journal of Educa-
tional Psychology, 78:31–50.

Clarkson, P. C. (1992). Language and mathematics: A comparison of bilingual and
monolingual students of mathematics. Educational Studies in Mathematics, 23:417–
429.

Clarkson, P. C. (2006). Australian Vietnamese students learning mathematics: High
ability bilinguals and their use of their languages. Educational Studies in Mathemat-
ics, 64:191–215.

Cohen, J., Cohen, P., West, S. G., and Aiken, L. S. (2003). Applied Multiple Re-
gression/Correlation Analysis for the Behavioral Sciences. Lawrence Erlbaum As-
sociates, third edition.

Cox, D. R. and Solomon, P. J. (2003). Components of Variance. Chapman & Hall/CRC.



BIBLIOGRAPHY 313

Curtis, D. and Denton, R. (2003). The authentic performance-based assessment of
problem-solving. Technical report, National Centre for Vocational Education Re-
search.

Curtis, D., Mlotkowski, P., and Lumsden, M. (2012). Bridging the gap: Who takes a
gap year and and why? Technical report, National Centre for Vocational Education
Research.

Department of Education and Children’s Services (2004). R-10 Mathematics: Teaching
Resource. Government of South Australia.

Fieger, P. (2012). Measuring student satisfaction for the Student Outcomes Survey.
Technical report, National Centre for Vocational Education Research.

Foy, P., Arora, A., and Stanco, G. M. (2013). TIMSS 2011 user guide for the interna-
tional database. Technical report, TIMSS and PIRLS International Study Center.

Fullarton, S., Walker, M., Ainley, J., and Hillman, K. (2003). Patterns of participation
in Year 12. Technical report, Australian Council for Educational Research.

Gemici, S., Bednarz, A., Karmel, T., and Lim, P. (2014). The factors affecting the educa-
tional and occupational aspirations of young Australians. Technical report, National
Centre for Vocational Education Research.

Gemici, S., Lim, P., and Karmel, T. (2013). The impact of schools on young people’s
transition to university. Technical report, National Centre for Vocational Education
Research.

Goos, M., Galbraith, P., Renshaw, P., and Geiger, V. (2000). Reshaping teacher and
student roles in technology-enriched classrooms. Mathematics Education Research
Journal, 12(3):303–320.

Haggarty, L. and Pepin, B. (2002). An investigation of mathematics textbooks and their
use in English, French and German classrooms: Who gets an opportunity to learn
what? British Educational Research Journal, 28(4):567–590.

Hemmings, B., Grootenboer, P., and Kay, R. (2011). Predicting mathematics achieve-
ment: The influence of prior achievement and attitudes. International Journal of
Science and Mathematics Education, 9:691–705.



314 BIBLIOGRAPHY

Hiebert, J., Gallimore, R., Garnier, H., Givvin, K. B., Hollingsworth, H., Jacobs, J.,
Chui, A. M.-Y., Wearne, D., Smith, M., Kersting, N., Manaster, A., Tseng, E., Etter-
beek, W., Manaster, C., Gonzales, P., and Stigler, J. (2003). Teaching mathematics
in seven countries: Results from the TIMSS 1999 Video Study. Technical report,
National Center for Education Statistics.

Hollingsworth, H., Lokan, J., and McCrae, B. (2003). Teaching mathematics in Aus-
tralia: Results from the TIMSS 1999 Video Study. Technical report, Australian Coun-
cil for Educational Research.

Hosmer, D. W. and Lemeshow, S. (2000). Applied Logistic Regression. John Wiley &
Sons, second edition.

Ingram, N. (2008). Who a student sits near to in maths: Tension between social and
mathematical identities. In Goos, M., Brown, R., and Makar, K., editors, Proced-
ding of the 31st Annual Conference of the Mathematics Education Research Group
of Australia.

Ismail, N. A. (2009). Understanding the gap in mathematics achievement of Malaysian
students. The Journal of Educational Research, 102(5):389–394.

John, D. (2004). Identifying the key factors affecting the chance of passing vocational
education and training subjects. Technical report, National Centre for Vocational
Education Research.

Khoo, S. T. and Ainley, J. (2005). Attitudes, intentions and participation. Technical
report, Australian Council for Educational Research.
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Appendix A

Literacy

This appendix provides additional data that pertains to analyses and discussion in Chap-
ter 4.

The statistics for the total differ for each grouping variable as they are calculated based
on the respondents who had valid data for that grouping variable. So, totals are the total
of all students who gave a valid response for each variable.

A.1 Analysis of Variance

Table A.1 shows descriptives statistics for Literacy by a range of variables. The table
shows the scaled score in which the sample mean has been set at 500 and the sample
standard deviation has been set at 100.

Table A.1: Descriptive statistics for Literacy

N % Mean Std. dev. Std. error

Sex Female 76 38.0 504 83.1 9.5

Male 124 62.0 510 96.7 8.7

Total 200 508 91.6 6.5

CoB Australia 157 78.5 516 86.6 6.9
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N % Mean Std. dev. Std. error

Other 43 21.5 477 103.5 15.8

Total 200 507 91.6 6.5

Lang English 155 79.5 517 84.3 6.8

Other 40 20.5 484 109.7 17.3

Total 195 510 90.8 6.5

ExEd Non-university 40 20.3 462 68.3 10.8

Undergraduate 92 46.7 500 86.5 9.0

Postgraduate 65 33.0 551 94.5 11.7

Total 197 509 91.6 6.5

ParEd Non-university 113 58.5 480 79.0 7.4

University 80 41.5 547 94.6 10.6

Total 193 508 91.7 6.6

InstWork Strongly disagree 2 1.0 494 109.4 77.4

Disagree 13 6.6 505 90.4 25.1

Agree 99 50.3 505 95.4 9.6

Strongly agree 83 42.1 512 89.8 9.9

Total 197 508 92.1 6.6

InstCareer Strongly disagree 3 1.5 463 56.2 32.4

Disagree 10 5.0 451 71.6 22.6

Agree 91 45.7 504 92.1 9.7

Strongly agree 95 47.7 520 92.1 9.5

Total 199 508 91.7 6.5

InstStudy Strongly disagree 3 1.5 426 94.8 54.7

Disagree 35 17.5 492 84.3 14.3

Agree 95 47.5 513 94.6 9.7

Strongly agree 67 33.5 513 90.1 11.0
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N % Mean Std. dev. Std. error

Total 200 508 91.6 6.5

InstJob Strongly disagree 4 2.0 479 55.4 27.7

Disagree 28 14.1 517 65.5 12.4

Agree 117 59.1 509 100.4 9.3

Strongly agree 49 24.7 503 87.1 12.4

Total 198 496 92.0 6.5

SelfGood-R Strongly disagree 9 4.5 452 59.7 19.9

Disagree 25 12.6 469 73.4 14.7

Agree 113 57.1 498 89.0 8.4

Strongly agree 51 25.8 559 89.5 12.5

Total 198 508 91.7 6.5

SelfMarks Strongly disagree 3 1.5 473 54.6 31.5

Disagree 28 14.1 463 60.5 11.4

Agree 133 67.2 499 88.8 7.7

Strongly agree 34 17.2 578 92.5 15.9

Total 198 507 91.9 6.5

SelfQuick Strongly disagree 12 6.1 453 75.1 21.7

Disagree 53 26.8 483 70.4 9.7

Agree 101 51.0 506 91.9 9.1

Strongly agree 32 16.2 577 94.6 16.7

Total 198 508 91.9 6.5

SelfBest Strongly disagree 19 9.6 457 68.3 15.7

Disagree 58 29.3 482 73.0 9.6

Agree 77 38.9 504 89.2 10.2

Strongly agree 44 22.2 567 97.2 14.7

Total 198 507 91.3 6.5
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N % Mean Std. dev. Std. error

SelfUnder Strongly disagree 28 14.4 465 70.2 13.3

Disagree 63 32.5 505 91.0 11.5

Agree 86 44.3 516 91.3 9.9

Strongly agree 17 8.8 576 81.6 19.8

Total 194 510 91.0 6.5

IntrRead Strongly disagree 26 13.0 498 70.1 13.8

Disagree 103 51.5 504 91.8 9.1

Agree 57 28.5 518 90.1 12.0

Strongly agree 14 7.0 514 130.1 34.8

Total 200 508 91.6 6.5

IntrLook Strongly disagree 14 7.1 489 56.6 15.1

Disagree 93 47.2 512 88.3 9.2

Agree 75 38.1 507 103.4 11.9

Strongly agree 15 7.6 514 83.1 21.5

Total 197 508 91.9 6.5

IntrEnjoy Strongly disagree 22 11.2 478 76.9 16.4

Disagree 83 42.3 513 88.0 9.7

Agree 72 36.7 511 96.3 11.4

Strongly agree 19 9.7 518 110.4 25.3

Total 196 509 92.3 6.6

IntrInterest Strongly disagree 9 4.6 497 68.2 22.7

Disagree 54 27.6 493 80.4 10.9

Agree 109 55.6 514 92.4 8.9

Strongly agree 24 12.2 518 116.1 23.7

Total 196 508 91.5 6.5

PrefAny No 20 11.2 491 82.6 18.5
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N % Mean Std. dev. Std. error

Yes 159 88.8 517 92.5 7.3

Total 179 514 91.6 6.9

PrefOrd None 20 11.2 491 82.6 18.5

Fourth 16 8.9 477 81.0 20.3

Third 21 11.7 523 83.9 18.3

Second 44 24.6 522 93.2 14.1

First 78 43.6 521 96.1 10.9

Total 179 514 91.6 6.9

PrefAdv No 142 79.3 508 91.7 7.69

Yes 37 20.7 538 88.8 14.60

Total 179 514 91.6 6.85

TBoard Never or hardly ever 8 4.0 465 54.8 19.4

Sometimes 38 19.1 480 95.1 15.4

Most lessons 79 39.7 492 74.2 8.4

Every lesson 74 37.2 544 99.4 11.6

Total 199 508 91.7 6.5

TTopics Never or hardly ever 13 6.5 497 58.3 16.2

Sometimes 48 24.1 489 92.3 13.3

Most lessons 87 43.7 504 88.5 9.5

Every lesson 51 25.6 536 99.0 13.9

Total 199 508 91.7 6.5

TRefer Never or hardly ever 17 8.6 499 55.6 13.5

Sometimes 56 28.4 506 93.3 12.5

Most lessons 84 42.6 513 85.9 9.4

Every lesson 40 20.3 514 106.9 16.9

Total 197 510 90.1 6.4
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N % Mean Std. dev. Std. error

TInvest Never or hardly ever 64 32.7 533 87.7 11.0

Sometimes 86 43.9 507 99.8 10.8

Most lessons 35 17.9 491 64.6 10.9

Every lesson 11 5.6 453 85.9 25.9

Total 196 510 91.4 6.5

TRoam Never or hardly ever 14 7.1 496 100.2 26.8

Sometimes 37 18.7 508 92.6 15.2

Most lessons 64 32.3 513 94.7 11.8

Every lesson 83 41.9 507 89.3 9.8

Total 198 508 91.9 6.5

TTech Never or hardly ever 94 47.7 530 93.3 9.6

Sometimes 73 37.1 492 92.6 10.8

Most lessons 25 12.7 494 67.5 13.5

Every lesson 5 2.5 436 61.4 27.5

Total 197 509 91.6 6.5

TStrat Never or hardly ever 5 2.5 500 34.7 15.5

Sometimes 53 26.8 508 94.5 13.0

Most lessons 93 47.0 524 99.2 10.3

Every lesson 47 23.7 479 69.8 10.2

Total 198 508 91.9 6.5

RExer Never or hardly ever 9 4.5 479 81.6 21.2

Sometimes 21 10.6 448 68.7 15.0

Most lessons 60 30.2 490 76.5 9.9

Every lesson 109 54.8 531 97.0 9.3

Total 199 508 91.8 6.5

RExamp Never or hardly ever 16 8.0 515 97.9 24.5
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N % Mean Std. dev. Std. error

Sometimes 52 26.1 498 77.8 10.8

Most lessons 86 43.2 501 91.0 9.8

Every lesson 45 22.6 527 103.3 15.4

Total 199 507 91.3 6.5

RTheory Never or hardly ever 26 13.0 529 79.5 15.6

Sometimes 76 38.0 506 97.2 11.2

Most lessons 76 38.0 504 91.6 10.5

Every lesson 22 11.0 502 87.2 18.6

Total 200 508 91.6 6.5

RReason Never or hardly ever 13 6.5 458 55.1 15.3

Sometimes 85 42.7 508 88.8 9.6

Most lessons 77 38.7 517 104.5 11.9

Every lesson 24 12.1 507 65.9 13.5

Total 199 508 91.7 6.5

RMem Never or hardly ever 8 4.1 490 41.7 14.8

Sometimes 56 28.4 508 96.4 12.9

Most lessons 96 48.7 508 93.8 9.6

Every lesson 37 18.8 513 84.4 13.9

Total 197 508 90.9 6.5

RHome Never or hardly ever 2 1.0 512 51.7 36.6

Sometimes 26 13.2 496 92.0 18.0

Most lessons 106 53.8 500 95.6 9.3

Every lesson 63 32.0 527 82.7 10.4

Total 197 508 91.3 6.5

SIndiv Never or hardly ever 11 5.6 492 67.4 20.3

Sometimes 57 28.9 471 79.7 10.6
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N % Mean Std. dev. Std. error

Most lessons 94 47.7 514 80.5 8.3

Every lesson 35 17.8 567 107.8 18.2

Total 197 509 90.5 6.4

SOther Never or hardly ever 18 9.1 503 61.4 14.5

Sometimes 57 28.9 515 102.0 13.5

Most lessons 90 45.7 504 85.8 9.0

Every lesson 32 16.2 518 97.7 17.3

Total 197 509 90.5 6.4

SInvest Never or hardly ever 65 33.0 541 99.2 12.3

Sometimes 93 47.2 503 81.5 8.5

Most lessons 36 18.3 465 78.5 13.1

Every lesson 3 1.5 563 34.7 20.0

Total 197 509 90.5 6.4

SHelping Never or hardly ever 15 7.7 468 70.3 18.2

Sometimes 79 40.3 497 85.7 9.6

Most lessons 74 37.8 518 98.5 11.4

Every lesson 28 14.3 549 75.2 14.2

Total 196 510 90.3 6.4

SHelped Never or hardly ever 33 16.8 517 88.9 15.5

Sometimes 90 45.7 499 94.9 10.0

Most lessons 57 28.9 516 91.0 12.1

Every lesson 17 8.6 527 65.4 15.9

Total 197 509 90.5 6.4

SMethod Never or hardly ever 14 7.1 495 81.7 21.8

Sometimes 62 31.5 505 91.1 11.6

Most lessons 97 49.2 514 90.2 9.2



A.1. ANALYSIS OF VARIANCE 327

N % Mean Std. dev. Std. error

Every lesson 24 12.2 512 99.2 20.3

Total 197 509 90.5 6.4

EExer Least effective 34 19.7 505 87.7 15.0

42 24.3 505 81.4 12.6

30 17.3 524 93.6 17.1

22 12.7 518 72.8 15.5

16 9.2 491 102.4 25.6

Most effective 29 16.8 552 98.1 18.2

Total 173 517 89.5 6.8

EExamp Least effective 14 8.1 516 52.2 14.0

34 19.7 526 81.6 14.0

40 23.1 515 80.6 12.8

29 16.8 520 103.1 19.1

33 19.1 527 114.0 19.8

Most effective 23 13.3 486 75.1 15.7

Total 173 517 89.5 6.8

EExplain Least effective 5 2.9 483 54.4 24.3

11 6.4 546 111.0 33.5

26 15.1 524 104.9 20.6

25 14.5 519 108.4 21.7

36 20.9 521 68.0 11.3

Most effective 69 40.1 509 85.8 10.3

Total 172 517 89.7 6.8

ESolve Least effective 5 2.9 529 140.6 62.9

19 11.0 493 71.7 16.5

28 16.3 532 87.3 16.5
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N % Mean Std. dev. Std. error

46 26.7 524 95.0 14.0

47 27.3 507 90.5 13.2

Most effective 27 15.7 521 85.3 16.4

Total 172 517 89.7 6.8

EOthers Least effective 15 8.7 534 113.0 29.2

32 18.6 521 104.0 18.4

31 18.0 502 98.9 17.8

37 21.5 512 86.2 14.2

28 16.3 528 70.4 13.3

Most effective 29 16.9 516 73.1 13.6

Total 172 517 89.7 6.8

ETech Least effective 90 52.3 519 93.3 9.8

31 18.0 528 97.9 17.6

19 11.0 495 66.6 15.3

12 7.0 507 64.0 18.5

6 3.5 532 61.0 24.9

Most effective 14 8.1 506 108.3 28.9

Total 172 517 89.7 6.8

SoWeb No 125 64.4 508 88.4 7.9

Yes 69 35.6 512 98.9 11.9

Total 194 510 92.0 6.6

SoText No 16 8.2 461 89.4 22.4

Yes 180 91.8 513 91.3 6.8

Total 196 509 92.0 6.6

SoBooks No 112 58.0 515 94.4 8.9

Yes 81 42.0 503 89.3 9.9



A.1. ANALYSIS OF VARIANCE 329

N % Mean Std. dev. Std. error

Total 193 510 92.2 6.6

SoPeers No 36 18.8 496 95.3 15.9

Yes 156 81.3 514 91.7 7.3

Total 192 510 92.3 6.7

SoParent No 83 43.0 518 88.8 9.7

Yes 110 57.0 504 94.7 9.0

Total 193 510 92.2 6.6

SoTeacher No 40 20.8 499 95.1 15.0

Yes 152 79.2 511 89.4 7.3

Total 192 508 90.5 6.5

Table A.2 shows the results of the analyses of variance where Literacy is the outcome
variable across a range of categorical grouping variables.

Table A.2: Analyses of variance for Literacy

S.S. d.f. M.S. F Sig.

Sex Between 0.589 1 0.589 0.175 0.677

Within 668.353 198 3.376

CoB Between 20.239 1 20.239 6.178 0.014

Within 648.703 198 3.276

Lang Between 13.705 1 13.705 4.222 0.041

Within 626.458 198 3.246

ExEd Between 84.596 2 42.298 14.275 0.000

Within 574.837 194 2.963

ParEd Between 82.588 1 82.588 27.930 0.000

Within 564.791 191 2.957
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S.S. d.f. M.S. F Sig.

InstWork Between 0.985 3 0.328 0.095 0.963

Within 666.256 193 3.452

InstCareer Between 21.333 3 7.111 2.146 0.096

Within 646.155 195 3.314

InstStudy Between 13.072 3 4.357 1.302 0.275

Within 655.870 196 3.346

InstJob Between 2.733 3 0.911 0.266 0.850

Within 664.736 194 3.426

SelfGood-R Between 84.457 3 28.152 9.424 0.000

Within 579.530 194 2.987

SelfMarks Between 94.304 3 31.435 10.670 0.000

Within 571.539 194 2.946

SelfQuick Between 88.484 3 29.495 9.908 0.000

Within 577.534 194 2.977

SelfBest Between 98.019 3 32.673 11.318 0.000

Within 560.056 194 2.887

SelfUnder Between 53.931 3 17.977 5.829 0.001

Within 585.951 190 3.084

IntrRead Between 4.425 3 1.475 0.435 0.728

Within 664.517 196 3.390

IntrLook Between 2.799 3 0.933 0.273 0.845

Within 659.726 193 3.418

IntrEnjoy Between 9.947 3 3.316 0.971 0.408

Within 655.617 192 3.415

IntrInterest Between 7.986 3 2.662 0.791 0.500
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S.S. d.f. M.S. F Sig.

Within 645.734 192 3.363

PrefAny Between 4.812 1 4.812 1.434 0.233

Within 594.091 177 3.356

PrefOrd Between 16.094 4 4.024 1.201 0.312

Within 582.808 174 3.349

PrefAdv Between 10.718 1 10.718 3.225 0.074

Within 588.185 177 3.323

TBoard Between 63.926 3 21.309 6.884 0.000

Within 603.561 195 3.095

TTopics Between 24.653 3 8.218 2.493 0.061

Within 542.834 195 3.297

TRefer Between 1.634 3 0.545 0.165 0.920

Within 635.568 193 3.293

TInvest Between 33.373 3 11.124 3.448 0.018

Within 619.407 192 3.226

TRoam Between 1.615 3 0.538 0.157 0.925

Within 664.403 194 3.425

TTech Between 38.022 3 12.674 3.936 0.009

Within 621.410 193 3.220

TStrat Between 25.746 3 8.582 2.600 0.053

Within 640.272 194 3.300

RExer Between 63.701 3 21.234 6.849 0.000

Within 604.566 195 3.100

RExamp Between 10.531 3 3.510 1.051 0.371

Within 651.268 195 3.340

RTheory Between 5.483 3 1.828 0.540 0.656
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S.S. d.f. M.S. F Sig.

Within 663.459 196 3.385

RReason Between 15.085 3 5.028 1.503 0.215

Within 652.403 195 3.346

RMem Between 1.397 3 0.466 0.139 0.937

Within 547.241 193 3.354

RHome Between 13.643 3 4.548 1.371 0.253

Within 640.249 193 3.317

SIndiv Between 82.639 3 27.546 9.480 0.000

Within 560.786 193 2.906

SOther Between 3.090 3 1.030 0.310 0.818

Within 640.335 193 3.318

SInvest Between 59.071 3 19.690 6.503 0.000

Within 584.354 193 3.028

SHelping Between 34.691 3 11.564 3.688 0.013

Within 602.036 192 3.136

SHelped Between 7.874 3 2.625 0.797 0.497

Within 635.550 193 3.293

SMethod Between 2.328 3 0.776 0.234 0.873

Within 641.096 193 3.322

EExer Between 23.705 5 4.741 1.500 0.192

Within 527.823 167 3.161

EExamp Between 11.475 5 2.295 0.710 0.617

Within 540.052 167 3.234

EExplain Between 8.296 5 1.659 0.508 0.770

Within 542.552 166 3.268

ESolve Between 10.260 5 2.052 0.630 0.677
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S.S. d.f. M.S. F Sig.

Within 540.588 166 3.257

EOthers Between 6.477 5 1.295 0.395 0.852

Within 544.371 166 3.279

ETech Between 7.045 5 1.409 0.430 0.827

Within 544.069 166 3.278

SoWeb Between 0.257 1 0.257 0.075 0.784

Within 654.371 192 3.408

SoText Between 15.818 1 15.818 4.754 0.030

Within 645.490 194 3.327

SoBooks Between 2.536 1 2.536 0.743 0.390

Within 651.622 191 3.412

SoPeers Between 3.521 1 3.521 1.031 0.311

Within 649.076 190 3.416

SoParent Between 3.377 1 3.377 0.991 0.321

Within 650.781 191 3.407

SoTeacher Between 1.902 1 1.902 0.578 0.448

Within 624.751 190 3.288

Table A.3 shows the results of Tukey’s test for cases in which the analysis of variance
above was significant. The table shows difference between the means and standard
errors based on the unscaled Literacy score, however this does not affect the outcome
of the significance tests.

Table A.3: Tukey’s tests for Literacy

Mean diff. Std. error Sig.

ExEd Undergrad. Non-uni. 0.773 0.326 0.049

Postgrad. Non-uni. 1.788 0.346 0.000
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Mean diff. Std. error Sig.

Undergrad. 1.015 0.279 0.001

SelfGood-R Disagree Strongly disagree 0.342 0.672 0.957

Agree Strongly disagree 0.926 0.599 0.411

Disagree 0.584 0.382 0.422

Strongly agree Strongly disagree 2.147 0.625 0.004

Disagree 1.805 0.422 0.000

Agree 1.221 0.291 0.000

SelfMarks Disagree Strongly disagree −0.185 1.043 0.998

Agree Strongly disagree 0.535 1.002 0.951

Disagree 0.721 0.356 0.185

Strongly agree Strongly disagree 2.107 1.034 0.178

Disagree 2.292 0.438 0.000

Agree 1.572 0.330 0.000

SelfQuick Disagree Strongly disagree 0.604 0.552 0.693

Agree Strongly disagree 1.061 0.527 0.186

Disagree 0.457 0.293 0.403

Strongly agree Strongly disagree 2.478 0.584 0.000

Disagree 1.874 0.386 0.000

Agree 1.417 0.350 0.000

SelfBest Disagree Strongly disagree 0.490 0.449 0.695

Agree Strongly disagree 0.934 0.435 0.142

Disagree 0.444 0.295 0.437

Strongly agree Strongly disagree 2.202 0.466 0.000

Disagree 1.712 0.340 0.000

Agree 1.268 0.321 0.001

SelfUnder Disagree Strongly disagree 0.803 0.399 0.187
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Mean diff. Std. error Sig.

Agree Strongly disagree 1.017 0.382 0.042

Disagree 0.215 0.291 0.882

Strongly agree Strongly disagree 2.217 0.540 0.000

Disagree 1.414 0.480 0.019

Agree 1.199 0.466 0.052

TBoard Sometimes Never or hardly ever 0.312 0.684 0.968

Most lessons Never or hardly ever 0.550 0.652 0.834

Sometimes 0.238 0.347 0.903

Every lesson Never or hardly ever 1.586 0.655 0.076

Sometimes 1.274 0.351 0.002

Most lessons 1.036 0.285 0.002

TInvest Sometimes Never or hardly ever −0.516 0.297 0.306

Most lessons Never or hardly ever −0.839 0.378 0.121

Sometimes −0.324 0.360 0.805

Every lesson Never or hardly ever −0.839 0.586 0.033

Sometimes −1.094 0.575 0.231

Most lessons −0.770 0.621 0.602

TTech Sometimes Never or hardly ever −0.761 0.280 0.036

Most lessons Never or hardly ever −0.720 0.404 0.285

Sometimes 0.041 0.416 0.100

Every lesson Never or hardly ever −1.883 0.824 0.105

Sometimes −1.121 0.829 0.531

Most lessons −1.163 0.879 0.550

TStrat Sometimes Never or hardly ever 0.154 0.850 0.998

Most lessons Never or hardly ever 0.477 0.834 0.940

Sometimes 0.323 0.313 0.731
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Mean diff. Std. error Sig.

Every lesson Never or hardly ever −0.428 0.855 0.959

Sometimes −0.583 0.364 0.380

Most lessons −0.905 0.325 0.030

RExer Sometimes Never or hardly ever −0.611 0.702 0.820

Most lessons Never or hardly ever 0.227 0.629 0.984

Sometimes 0.837 0.446 0.242

Every lesson Never or hardly ever 1.044 0.611 0.322

Sometimes 1.654 0.420 0.001

Most lessons 0.817 0.283 0.022

SIndiv Sometimes Never or hardly ever −0.420 0.561 0.877

Most lessons Never or hardly ever 0.449 0.543 0.842

Sometimes 0.869 0.286 0.014

Every lesson Never or hardly ever 1.504 0.589 0.055

Sometimes 1.924 0.366 0.000

Most lessons 1.054 0.338 0.011

SInvest Sometimes Never or hardly ever −0.742 0.281 0.045

Most lessons Never or hardly ever −1.521 0.362 0.000

Sometimes −0.779 0.342 0.106

Every lesson Never or hardly ever 0.460 1.027 0.970

Sometimes 1.201 1.021 0.642

Most lessons 1.980 1.046 0.234

SHelping* Sometimes Never or hardly ever 0.570 0.411 0.521

Most lessons Never or hardly ever 0.998 0.430 0.118

Sometimes 0.429 0.300 0.482

Every lesson Never or hardly ever 1.607 0.462 0.008

Sometimes 1.037 0.344 0.020
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Mean diff. Std. error Sig.

Most lessons 0.609 0.365 0.350

Note that in the case of S Helping, marked by asterisk, the Games-Howell test was used
instead of Tukey’s test due a violation in the assumption of homogeneity.

A.2 PISA and TIMSS

Table A.4 shows the results for the 2012 and 2003 PISA cycles for cases in which this
study and those studies share a common variable (OECD, 2012, 2003).

Table A.4: PISA 2012 and 2003 results for mathematical literacy

2012 2003

% Mean Std. error % Mean Std. error

Sex

Female 48.5 498 2.0 49.2 522 2.7

Male 51.5 510 2.4 50.8 527 3.0

Country of Birth

Australia 89.7 506 1.7 88.1 525 2.1

Other 10.3 514 3.6 11.9 528 4.9

Primary Language

English 90.2 507 1.5 91.1 527 2.1

Other 9.7 518 5.5 8.9 516 5.8

Expected Education

Less than junior secondary 0.6 407 22.8

Junior secondary 2.7 423 5.6

Vocational cert. 3.7 454 5.1

Senior secondary 12.7 487 4.7
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2012 2003

% Mean Std. error % Mean Std. error

Cert. IV 10.0 472 2.9

(Adv.) diploma 8.0 499 3.9

University 62.4 553 2.1

Mother’s Education

Non-university 68.2 491 1.5 72.2 514 2.3

University 31.8 543 2.6 27.8 559 3.2

Father’s Education

Non-university 68.9 492 1.6 69.6 513 2.0

University 31.1 551 2.7 30.4 564 3.1

InstWork

Strongly disagree 3.5 461 5.69 4.1 487 5.24

Disagree 12.2 492 3.25 13.0 514 3.43

Agree 50.4 498 2.04 54.3 521 2.20

Strongly agree 33.9 531 2.26 28.6 545 2.68

InstCareer

Strongly disagree 4.1 454 5.45 4.0 473 5.79

Disagree 9.8 479 3.54 9.3 500 4.77

Agree 50.9 497 2.14 55.2 520 2.18

Strongly agree 35.2 536 2.10 31.4 549 2.60

InstStudy

Strongly disagree 6.6 473 4.03 6.3 488 5.13

Disagree 19.7 491 2.65 20.0 513 2.57

Agree 41.7 500 2.34 44.5 521 2.38

Strongly agree 32.1 533 2.31 29.2 549 2.63

InstJob
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2012 2003

% Mean Std. error % Mean Std. error

Strongly disagree 5.2 474 4.71 4.7 495 6.55

Disagree 14.9 504 3.36 16.3 526 3.09

Agree 50.8 502 2.00 55.2 523 2.10

Strongly agree 29.2 523 2.35 23.8 537 2.84

SelfGood-R

Strongly disagree 13.6 443 2.57 9.7 459 4.55

Disagree 22.9 463 2.20 22.6 484 2.42

Agree 47.0 520 2.00 52.3 538 2.04

Strongly agree 16.4 571 3.21 15.4 586 3.33

SelfMarks

Strongly disagree 7.0 430 4.35 6.8 459 5.27

Disagree 28.5 469 2.14 28.4 495 2.34

Agree 49.9 517 1.84 52.3 539 2.26

Strongly agree 14.6 570 3.58 12.5 579 4.03

SelfQuick

Strongly disagree 10.3 442 3.38 8.8 462 5.35

Disagree 35.6 481 1.95 34.9 501 2.08

Agree 42.0 524 2.43 46.6 545 2.33

Strongly agree 12.2 562 4.05 9.7 582 3.75

SelfBest

Strongly disagree 25.5 462 2.05 22.1 485 2.73

Disagree 34.6 493 1.93 39.7 512 2.08

Agree 25.2 527 3.06 26.5 555 2.33

Strongly agree 14.7 568 3.57 11.7 582 3.75

SelfUnder
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2012 2003

% Mean Std. error % Mean Std. error

Strongly disagree 18.5 458 2.75 16.9 486 3.63

Disagree 41.4 494 1.94 44.7 513 2.00

Agree 32.6 533 2.57 32.2 554 2.63

Strongly agree 7.5 559 4.42 6.2 576 5.03

IntrRead

Strongly disagree 19.6 473 2.88 22.3 499 3.55

Disagree 45.6 504 1.97 49.4 527 2.28

Agree 28.6 526 2.67 24.4 540 2.66

Strongly agree 6.2 552 6.00 3.9 557 5.05

IntrLook

Strongly disagree 15.7 474 2.74 19.8 501 3.29

Disagree 39.0 503 2.01 43.5 525 2.28

Agree 35.2 518 2.49 31.0 540 2.45

Strongly agree 10.0 537 4.39 5.7 539 4.98

IntrEnjoy

Strongly disagree 19.2 476 2.96 19.5 500 3.39

Disagree 41.8 498 1.98 44.8 518 2.20

Agree 28.5 524 2.87 29.2 547 2.80

Strongly agree 10.5 554 3.67 6.6 556 4.99

IntrInterest

Strongly disagree 11.9 469 3.54 11.8 496 3.62

Disagree 34.4 494 1.88 37.6 517 2.46

Agree 40.6 517 2.25 41.5 535 2.51

Strongly agree 13.1 546 3.67 9.1 556 4.62
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Table A.5 shows the results for the 2011 TIMSS cycle for cases in which this study and
that study share a common variable (Thomson et al., 2012).

Table A.5: TIMSS 2011 results for mathematics achievement

% Mean Std. error

Expected Education Do not know 15 524 6.7

Senior secondary 22 454 4.6

Post-secondary 30 487 4.0

Undergraduate 14 543 6.7

Postgraduate 20 561 8.2

Parents’ Education Less than senior secondary 6 437 9.6

Senior secondary 25 480 7.0

Post-secondary 36 499 4.9

University 33 569 9.9

A.3 Other

Tables A.6 and A.7 are cross-tabulation frequency tables referred to in Chapter 4.

Table A.6: Comparison of Expected Education and Parents’
Education

Parents’ Education

Non-uni. Uni. Total

Ex. Ed. Non-uni. 29 (22.4) 9 (15.6) 38

Undergrad. 51 (52.5) 38 (36.5) 89

Postgrad. 32 (37.1) 31 (25.9) 63

Total 112 78 190
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Note: figures in brackets are the expected values (based on the respective row and col-
umn totals) for the adjacent cells to the left.

Table A.7: Comparison of Country of Birth and Primary Language

Primary Language

English Other Total

Country of Birth Australia 139 (121.6) 14 (16.2) 153

Other 16 (33.4) 26 (23.8) 42

Total 155 40 195

Note: figures in brackets are the expected values (based on the respective row and col-
umn totals) for the adjacent cells to the left.



Appendix B

Literacy (HLM)

This appendix provides additional data that pertains to analyses and discussion in Sec-
tion 8.2 in Chapter 8. The following are hierarchical linear models that have been com-
puted for the purposes of the analysis.

B.1 Unconditional Model

The following is the two-level unconditional model with Literacy as the outcome.

(Literacy)i, j = β0, j + ri, j

β0, j = γ0,0 + u0, j

Table B.1: Unconditional (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 509.416 14.828 34.354 14 0.000

343
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Table B.2: Unconditional (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.983 2807.181 14 125.113 0.000

r 73.332 5377.518

The variability between classrooms was statistically significant which supports the two
level modelling of the clustering of scores within classrooms. The deviance statistic was
749.936 with three estimated parameters.

B.2 Background

B.2.1 Sex

The following is the two-level conditional model with S ex as a Level 1 predictor vari-
able. In this model the relationship between S ex and Literacy was assumed to be
fixed across the groups.

(Literacy)i, j = β0, j + β1, j(Sex)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table B.3: Literacy by Sex (Fixed Model) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 499.705 16.700 29.923 14 0.000

γ1,0 15.619 11.854 1.318 184 0.189
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Table B.4: Literacy by Sex (Fixed Model) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.669 2880.346 14 128.439 0.000

r 73.129 5347.789

The deviance statistic was 748.222 with four estimated parameters which was not
statistically significantly different from the unconditional model (χ2

1 = 1.714, p =

0.187). Based on these results, there is not enough evidence to include S ex (fixed
across schools) in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S ex and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(Sex)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table B.5: Literacy by Sex (Random) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 500.424 15.017 33.324 14 0.000

γ1,0 15.149 12.045 1.258 14 0.229
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Table B.6: Literacy by Sex (Random) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 46.328 2146.271 12 34.158 0.000

u1 11.058 122.288 12 3.862 0.986

r 72.986 5326.979

The chi-square tests above were based on 13 of the 15 schools because of insufficient
data from the other two schools.

The deviance statistic was 747.288 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 2.648, p = 0.449)
or the previous fixed model (χ2

2 = 0.934, p = 0.817). Based on these results, there
is not enough evidence to include S ex in the model as random instead of fixed across
schools.

B.2.2 Country of birth

The following is the two-level conditional model with Country of Birth as a Level
1 predictor variable. In this model the relationship between Country of Birth and
Literacy was assumed to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(CoB)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0
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Table B.7: Literacy by Country of Birth (Recate-
gorised) (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 521.964 15.568 33.527 14 0.000

γ1,0 −51.295 13.271 −3.865 184 0.000

Table B.8: Literacy by Country of Birth (Recate-
gorised) (Fixed) (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 54.953 3019.833 14 141.966 0.000

r 70.591 4983.121

The deviance statistic was 735.621 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 14.315, p = 0.000).
Based on these results, there is enough evidence to suggest Country of Birth (fixed
across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Country of Birth and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(CoB)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table B.9: Literacy by Country of Birth (Recate-
gorised) (Random) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 521.375 14.246 36.598 14 0.000

γ1,0 −52.456 15.092 −3.476 14 0.004

Table B.10: Literacy by Country of Birth (Recate-
gorised) (Random) (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 49.811 2481.123 11 69.385 0.000

u1 25.127 631.377 11 10.386 0.496

r 69.801 4872.161

The chi-square tests above were based on 12 of the 15 schools because of insufficient
data from the other two schools.

The deviance statistic was 732.160 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 17.766, p = 0.000),
but not to the fixed model above (χ2

2 = 3.461, p = 0.177). Based on these results,
there is not enough evidence to suggest that Country of Birth should be included in the
model as random instead of fixed across schools.

B.2.3 Primary language

The following is the two-level conditional model with Primary Language as a Level
1 predictor variable. In this model the relationship between Primary Language and
Literacy was assumed to be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(LangR)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table B.11: Literacy by Primary Language (Recate-
gorised) (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 518.563 15.166 34.192 14 0.000

γ1,0 −43.687 13.857 −3.153 179 0.002

Table B.12: Literacy by Primary Language (Recate-
gorised) (Fixed) (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.559 2868.583 14 128.486 0.000

r 71.349 5090.617

The deviance statistic was 719.090 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 30.846, p = 0.000).
Based on these results, there is enough evidence to suggest Primary Language (fixed
across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Primary Language and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(LangR)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j



350 APPENDIX B. LITERACY (HLM)

Table B.13: Literacy by Primary Language (Recate-
gorised) (Random) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 518.806 13.515 38.387 14 0.000

γ1,0 −45.589 20.121 −2.266 14 0.040

Table B.14: Literacy by Primary Language (Recate-
gorised) (Random) (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 49.032 2404.157 10 68.849 0.000

u1 50.922 2593.090 10 24.258 0.007

r 68.573 4702.228

The chi-square tests above were based on 11 of the 15 schools because of insufficient
data from the other four schools.

The deviance statistic was 711.001 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 38.935, p = 0.000)
and the fixed model above (χ2

2 = 8.089, p = 0.018). Based on these results, there is
enough evidence to suggest that Primary Language should be included in the model
as random instead of fixed across schools.

B.2.4 Expected education

The following is the two-level conditional model with Expected Education as a Level
1 predictor variable. In this model the relationship between Expected Education and
Literacy was assumed to be fixed across the groups. The variable has been dummy
coded as two binary variables, ExEdX, where:
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X Category

NU Non-university education

UG Undergraduate degree or equivalent

and ‘Postgraduate degree or equivalent’ is the reference category represented as a score
of zero on both variables.

(Literacy)i, j = β0, j + β1, j(ExEdNU)i, j + β2, j(ExEdUG)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

β2, j = γ2,0

Table B.15: Literacy by Expected Education (Fixed)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 532.145 15.687 33.922 14 0.000

γ1,0 −40.950 16.784 −2.440 180 0.016

γ2,0 −28.597 12.649 −2.261 180 0.025

Table B.16: Literacy by Expected Education (Fixed)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 47.117 2220.040 14 102.712 0.000

r 72.605 5271.552
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The deviance statistic was 728.475 with five estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

2 = 21.461, p = 0.000).
Based on these results, there is enough evidence to suggest that Expected Educa-
tion (fixed across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Expected Education and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(ExEdNU)i, j + β2, j(ExEdUG)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

β2, j = γ2,0 + u2, j

Table B.17: Literacy by Expected Education (Ran-
dom) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 530.349 16.856 31.464 14 0.000

γ1,0 -47.064 17.097 -2.753 14 0.016

γ2,0 -27.235 12.838 -2.121 14 0.052

Table B.18: Literacy by Expected Education (Ran-
dom) (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.301 2735.436 10 57.525 0.000

u1 19.127 365.829 10 6.972 0.728

u2 6.294 39.617 10 3.648 0.962

r 72.452 5249.309
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The chi-square tests above were based on 11 of the 15 schools because of insufficient
data from the other four schools.

The deviance statistic was 727.246 with ten estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

7 = 22.690, p = 0.002,
but not the fixed model (χ2

5 = 1.229, p = 0.942). Based on these results, there is not
enough evidence to suggest that Expected Education should be included in the model
as random instead of fixed across schools.

B.2.5 Parents’ education

The following is the two-level conditional model with Parents’ Education as a Level
1 predictor variable. In this model the relationship between Parents’ Education and
Literacy was assumed to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(ParEd)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table B.19: Literacy by Parents’ Education (Fixed)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 495.057 14.142 35.006 14 0.000

γ1,0 33.692 11.951 2.819 177 0.005
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Table B.20: Literacy by Parents’ Education (Fixed)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 45.629 2082.008 14 90.927 0.000

r 73.711 5433.349

The deviance statistic was 719.547 with four estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

1 = 30.389, p =

0.000). Based on these results, there is enough evidence to suggest that Parents’ Edu-
cation (fixed across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Parents’ Education and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(ParEdR)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table B.21: Literacy by Parents’ Education (Random)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 491.754 11.660 42.175 14 0.000

γ1,0 33.180 13.244 2.505 14 0.025
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Table B.22: Literacy by Parents’ Education (Random)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 34.856 1214.962 13 37.994 0.000

u1 22.331 495.667 13 16.468 0.224

r 73.227 5362.128

The chi-square tests above were based on 14 of the 15 schools because of insufficient
data from the other schools.

The deviance statistic was 716.998 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 32.938, p = 0.000),
but not the fixed model (χ2

2 = 2.549, p = 0.280). Based on these results, there is not
enough evidence to suggest that Parents’ Education should be included in the model
as random instead of fixed across schools.

B.2.6 Summary

The following is the two-level conditional model with Country of Birth, Primary Lan-
guage, Expected Education and Parents’ Education as Level 1 predictor variables.
The relationship between all three variables and Literacy was assumed to be fixed
across the groups.

(Literacy)i, j = β0, j + β1, j(CoB)i, j + β2, j(Lang)i, j + β3, j(ExEdNU)i, j

+ β4, j(ExEdUG)i, j + β5, j(ParEd)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 5)
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Table B.23: Literacy by Background Variables (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 530.302 15.928 33.293 14 0.000

γ1,0 −35.962 15.826 −2.272 165 0.024

γ2,0 −19.389 16.217 −1.196 165 0.234

γ3,0 −40.501 16.548 −2.448 165 0.015

γ4,0 −30.605 12.460 −2.456 165 0.015

γ5,0 35.395 11.692 −3.027 165 0.003

Table B.24: Literacy by Background Variables (Vari-
ance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 41.696 1738.568 14 79.830 0.000

r 70.275 4938.578

The deviance statistic was 667.425 with eight estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

5 = 82.511, p = 0.000).
There was also a statistically significant difference in the deviance statistic between this
model and the models only including Country of Birth (χ2

2 = 64.735, p = 0.000),
Primary Language (χ2

2 = 43.576, p = 0.000), Expected Education (Recategorised)
(χ2

3 = 61.050, p = 0.000) and Parents’ Education (Recategorised) (χ2
4 = 52.122, p =

0.000).

This model was also statistically significantly better than the same model with Primary
Language omitted (χ2

1 = 20.927, p = 0.000). Based on these results, there is enough
evidence to suggest that the background variables model above should be accepted in
preference to the those other models.
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B.3 Attitude (Instrumental Motivation)

Each variable InstX in this section has been dummy coded as three binary variables,
XY , where:

Y Category

SD Strongly disagree

D Disagree

A Agree

and ‘Strongly agree’ is the reference category and represented as a score of zero on
all three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

B.3.1 Making an effort is worth it

The following is the two-level conditional model with InstWork as a Level 1 predictor
variable. In this model the relationship between InstWork and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(WorkSD)i, j + β2, j(WorkD)i, j + β3, j(WorkA)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table B.25: Literacy by InstWork (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 507.338 16.354 31.022 14 0.000

γ1,0 5.921 54.591 0.108 179 0.914

γ2,0 26.535 23.167 1.145 179 0.254

γ3,0 0.230 11.320 0.020 179 0.984

Table B.26: Literacy by InstWork (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.996 2915.516 14 125.778 0.000

r 74.114 5492.956

The deviance statistic was 738.451 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 11.485, p = 0.010).
Based on these results, there is enough evidence to suggest InstWork (fixed across
schools) should be included in the model.

B.3.2 Learning maths is worthwhile for my career

The following is the two-level conditional model with InstCareer as a Level 1 predictor
variable. In this model the relationship between InstCareer and Literacy was assumed
to be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(CareerSD)i, j + β2, j(CareerD)i, j + β3, j(CareerA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.27: Literacy by InstCareer (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 515.797 15.684 32.886 14 0.000

γ1,0 11.048 47.321 0.233 181 0.816

γ2,0 −22.828 26.594 −0.858 181 0.392

γ3,0 −11.742 11.138 −1.054 181 0.293

Table B.28: Literacy by InstCareer (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.268 2731.903 14 119.977 0.000

r 73.835 5451.660

The deviance statistic was 743.634 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 6.302, p = 0.096).
Based on these results, there is not enough evidence to suggest InstCareer (fixed across
schools) should be included in the model.
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B.3.3 Maths is an important subject for my study

The following is the two-level conditional model with InstS tudy as a Level 1 predictor
variable. In this model the relationship between InstS tudy and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(StudySD)i, j + β2, j(StudyD)i, j + β3, j(StudyA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.29: Literacy by InstStudy (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 512.237 16.389 31.256 14 0.000

γ1,0 −26.514 47.271 −0.561 182 0.576

γ2,0 −16.240 15.773 −1.030 182 0.305

γ3,0 0.568 11.874 0.048 182 0.962

Table B.30: Literacy by InstStudy (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.465 2752.598 14 121.426 0.000

r 73.640 5422.889

The deviance statistic was 748.231 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 1.705, p = 0.636).
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Based on these results, there is not enough evidence to suggest InstS tudy (fixed across
schools) should be included in the model.

B.3.4 Maths will help me get a job

The following is the two-level conditional model with InstJob as a Level 1 predictor
variable. In this model the relationship between InstJob and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(JobSD)i, j + β2, j(JobD)i, j + β3, j(JobA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.31: Literacy by InstJob (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 507.729 17.430 29.130 14 0.000

γ1,0 21.035 41.342 0.509 180 0.612

γ2,0 5.781 17.941 0.322 180 0.748

γ3,0 1.385 13.021 0.106 180 0.915

Table B.32: Literacy by InstJob (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.391 2850.646 14 123.653 0.000

r 74.104 5491.428
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The deviance statistic was 743.668 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 6.268, p = 0.098).
Based on these results, there is not enough evidence to suggest InstJob (fixed across
schools) should be included in the model.

B.3.5 Summary

The following is the two-level conditional model with Inst as a Level 1 predictor
variable. In this model, the relationship between Inst and Literacy was assumed to
be fixed across the groups. Inst was added to the model as uncentred as its average is
defined as 0.0 in this study.

(Literacy)i, j = β0, j + β1, j(Inst)i, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table B.33: Literacy by Inst (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 509.345 14.855 34.288 14 0.000

γ1,0 1.901 5.701 0.333 179 0.739

Table B.34: Literacy by Inst (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.807 2788.586 14 119.997 0.000

r 74.371 5530.994
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The deviance statistic was 733.806 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 16.130, p = 0.000).
Based on these results, there is enough evidence to include Intr (fixed across schools)
in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Inst and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(Inst)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table B.35: Literacy by Inst (Random) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 509.012 14.825 34.335 14 0.000

γ1,0 2.351 5.712 0.412 14 0.687

Table B.36: Literacy by Inst (Random) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 52.734 2780.920 14 115.966 0.000

u1 2.738 7.498 14 5.437 0.979

r 74.305 5521.164

The deviance statistic was 733.608 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 16.328, p = 0.001),
but not the previous fixed model (χ2

2 = 0.198, p = 0.906). Based on these results,
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there is not enough evidence to include Inst in the model as random instead of fixed
across schools.

Using the model with Inst (fixed across schools) as a basis, InstWork was added to
the model separately to determine whether there was a significant improvement over
the original model. The deviance statistic was 730.724 with seven estimated param-
eters which was not statistically significantly different from the original model (χ2

1 =

2.884, p = 0.085). This indicates that InstWork did not produce a further significant
improvement in the model.

B.4 Attitude (Self-concept)

Each variable S el fX in this section has been dummy coded as three binary variables,
XY , where:

Y Category

SD Strongly disagree

D Disagree

A Agree

and ‘Strongly agree’ is the reference category and represented as a score of zero on
all three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

B.4.1 I am just not good at maths

The following is the two-level conditional model with S el fGood−R as a Level 1 pre-
dictor variable. In this model the relationship between S el fGood−R and Literacy was
assumed to be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(GoodRSD)i, j + β2, j(GoodRD)i, j + β3, j(GoodRA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.37: Literacy by SelfGood-R (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 547.392 16.214 33.761 14 0.000

γ1,0 −77.370 26.833 −2.883 180 0.004

γ2,0 −58.121 18.152 −3.202 180 0.002

γ3,0 −47.737 12.229 −3.904 180 0.000

Table B.38: Literacy by SelfGood-R (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 48.343 2337.026 14 114.387 0.000

r 70.520 4973.062

The deviance statistic was 722.773 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 27.163, p = 0.000).
Based on these results, there is enough evidence to suggest S el fGood−R (fixed across
schools) should be included in the model.
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B.4.2 I get good marks in maths

The following is the two-level conditional model with S el fMarks as a Level 1 predictor
variable. In this model the relationship between S el fMarks and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(MarksSD)i, j + β2, j(MarksD)i, j + β3, j(MarksA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.39: Literacy by SelfMarks (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 555.708 17.894 31.056 14 0.000

γ1,0 −41.965 44.955 −0.933 180 0.352

γ2,0 −84.082 19.256 −4.367 180 0.000

γ3,0 −51.587 14.246 −3.621 180 0.000

Table B.40: Literacy by SelfMarks (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 48.321 2334.933 14 111.685 0.000

r 70.518 4972.746

The deviance statistic was 722.730 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 27.206, p = 0.000).
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Based on these results, there is enough evidence to suggest S el fMarks (fixed across
schools) should be included in the model.

B.4.3 I learn maths quickly

The following is the two-level conditional model with S el fQuick as a Level 1 predictor
variable. In this model the relationship between S el fQuick and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(QuickSD)i, j + β2, j(QuickD)i, j + β3, j(QuickA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.41: Literacy by SelfQuick (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 555.467 18.110 30.671 14 0.000

γ1,0 −76.036 25.603 −2.970 180 0.003

γ2,0 −62.588 17.423 −3.592 180 0.001

γ3,0 −49.921 15.065 −3.314 180 0.001

Table B.42: Literacy by SelfQuick (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 47.751 2280.134 14 106.240 0.000

r 71.583 5124.056
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The deviance statistic was 728.035 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 21.901, p = 0.000).
Based on these results, there is enough evidence to suggest S el fQuick (fixed across
schools) should be included in the model.

B.4.4 Maths is one of my best subjects

The following is the two-level conditional model with S el fBest as a Level 1 predictor
variable. In this model the relationship between S el fBest and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(BestSD)i, j + β2, j(BestD)i, j + β3, j(BestA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.43: Literacy by SelfBest (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 554.427 16.493 33.616 14 0.000

γ1,0 −74.807 20.831 −3.591 180 0.000

γ2,0 −62.517 14.608 −4.279 180 0.000

γ3,0 −51.913 13.780 −3.767 180 0.000
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Table B.44: Literacy by SelfBest (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 47.045 2213.203 14 111.592 0.000

r 69.724 4861.467

The deviance statistic was 717.891 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 32.045, p = 0.000).
Based on these results, there is enough evidence to suggest S el fBest (fixed across
schools) should be included in the model.

B.4.5 I understand even the most difficult work

The following is the two-level conditional model with S el fUnder as a Level 1 predictor
variable. In this model the relationship between S el fUnder and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(UnderSD)i, j + β2, j(UnderD)i, j + β3, j(UnderA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table B.45: Literacy by SelfUnder (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 570.244 22.057 25.853 14 0.000

γ1,0 −88.195 22.713 −3.883 176 0.000

γ2,0 −61.437 20.092 −3.058 176 0.003

γ3,0 −63.086 19.245 −3.278 176 0.001

Table B.46: Literacy by SelfUnder (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 51.775 2680.687 14 125.431 0.000

r 69.978 4896.937

The deviance statistic was 707.331 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 42.605, p = 0.000).
Based on these results, there is enough evidence to suggest S el fUnder (fixed across
schools) should be included in the model.

B.4.6 Summary

The following is the two-level conditional model with S el f as a Level 1 predictor
variable. In this model, the relationship between S el f and Literacy was assumed to
be fixed across the groups. S el f was added to the model as uncentred as its average is
defined as 0.0 in this study.



B.4. ATTITUDE (SELF-CONCEPT) 371

(Literacy)i, j = β0, j + β1, j(Self)i, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table B.47: Literacy by Self (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 506.564 13.341 37.970 14 0.000

γ1,0 26.213 5.650 4.639 171 0.000

Table B.48: Literacy by Self (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 46.995 2208.544 14 109.201 0.000

r 68.342 4670.593

The deviance statistic was 671.821 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 78.115, p = 0.000).
Based on these results, there is enough evidence to include S el f (fixed across schools)
in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S el f and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(Self)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table B.49: Literacy by Self (Random) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 503.773 12.509 40.272 14 0.000

γ1,0 26.790 6.379 4.200 14 0.000

Table B.50: Literacy by Self (Random) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 43.702 1909.877 14 75.455 0.000

u1 12.499 156.217 14 18.881 0.169

r 67.599 4569.673

The deviance statistic was 667.932 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 82.004, p = 0.000),
but not the previous fixed model (χ2

2 = 3.889, p = 0.143). Based on these results,
there is not enough evidence to include S el f in the model as random instead of fixed
across schools.

B.5 Attitude (Intrinsic Motivation)

Each variable IntrX in this section has been dummy coded as three binary variables,
XY , where:
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Y Category

SD Strongly disagree

D Disagree

A Agree

and ‘Strongly agree’ is the reference category and represented as a score of zero on
all three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

B.5.1 I enjoy reading about maths

The following is the two-level conditional model with IntrRead as a Level 1 predictor
variable. In this model the relationship between IntrRead and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(ReadSD)i, j + β2, j(ReadD)i, j + β3, j(ReadA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.51: Literacy by IntrRead (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 513.501 24.940 20.589 14 0.000

γ1,0 −4.578 26.102 −0.175 182 0.861

γ2,0 −4.318 22.169 −0.195 182 0.846

γ3,0 −4.393 22.824 −0.192 182 0.848
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Table B.52: Literacy by IntrRead (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.003 2809.302 14 123.062 0.000

r 73.916 5463.639

The deviance statistic was 749.893 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 0.043, p = 0.998).
Based on these results, there is not enough evidence to suggest IntrRead (fixed across
schools) should be included in the model.

B.5.2 I look forward to my maths lessons

The following is the two-level conditional model with IntrLook as a Level 1 predictor
variable. In this model the relationship between IntrLook and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(LookSD)i, j + β2, j(LookD)i, j + β3, j(LookA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table B.53: Literacy by IntrLook (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 514.825 24.131 21.335 14 0.000

γ1,0 −1.450 28.632 −0.051 179 0.960

γ2,0 −3.738 21.398 −0.175 179 0.862

γ3,0 −8.052 21.504 −0.374 179 0.709

Table B.54: Literacy by IntrLook (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.452 2857.150 14 124.537 0.000

r 73.778 5443.264

The deviance statistic was 736.568 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 13.368, p = 0.004).
Based on these results, there is enough evidence to suggest IntrLook (fixed across
schools) should be included in the model.

B.5.3 I do maths because I enjoy it

The following is the two-level conditional model with IntrEn joy as a Level 1 predictor
variable. In this model the relationship between IntrEn joy and Literacy was assumed
to be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(EnjoySD)i, j + β2, j(EnjoyD)i, j + β3, j(EnjoyA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.55: Literacy by IntrEnjoy (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 520.081 22.828 22.782 14 0.000

γ1,0 −13.759 25.321 −0.543 178 0.588

γ2,0 −6.258 20.439 −0.306 178 0.760

γ3,0 −16.105 20.227 −0.796 178 0.427

Table B.56: Literacy by IntrEnjoy (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.085 2818.007 14 120.885 0.000

r 74.408 5536.541

The deviance statistic was 737.649 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 12.287, p = 0.007).
Based on these results, there is enough evidence to suggest IntrEn joy (fixed across
schools) should be included in the model.
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B.5.4 I am interested in maths

The following is the two-level conditional model with IntrInterest as a Level 1 predictor
variable. In this model the relationship between IntrInterest and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(InterestSD)i, j + β2, j(InterestD)i, j + β3, j(InterestA)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.57: Literacy by IntrInterest (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 521.121 21.038 24.770 14 0.000

γ1,0 9.090 30.965 0.294 178 0.769

γ2,0 −13.801 19.170 −0.720 178 0.473

γ3,0 −14.911 17.126 −0.871 178 0.385

Table B.58: Literacy by IntrInterest (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.451 2856.981 14 126.541 0.000

r 73.314 5374.870

The deviance statistic was 732.398 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 17.538, p = 0.000).
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Based on these results, there is enough evidence to suggest IntrInterest (fixed across
schools) should be included in the model.

B.5.5 Summary

The following is the two-level conditional model with Intr as a Level 1 predictor vari-
able. In this model, the relationship between Intr and Literacy was assumed to be
fixed across the groups. Intr was added to the model as uncentred as its average is
defined as 0.0 in this study.

(Literacy)i, j = β0, j + β1, j(Intr)i, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table B.59: Literacy by Intr (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 510.211 14.947 34.135 14 0.000

γ1,0 −0.757 6.245 −0.121 175 0.904

Table B.60: Literacy by Intr (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.193 2829.469 14 123.070 0.000

r 73.502 5402.564

The deviance statistic was 715.067 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 34.869, p = 0.000).
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Based on these results, there is enough evidence to include Intr (fixed across schools)
in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Intr and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(Intr)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table B.61: Literacy by Intr (Random) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 507.592 14.569 34.839 14 0.000

γ1,0 1.972 7.225 0.273 14 0.789

Table B.62: Literacy by Intr (Random) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 51.915 2695.155 14 71.690 0.000

u1 14.452 208.869 14 15.182 0.366

r 72.449 5248.875

The deviance statistic was 711.117 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 38.819, p = 0.000),
but not the previous fixed model (χ2

2 = 3.950, p = 0.139). Based on these results,
there is not enough evidence to include Intr in the model as random instead of fixed
across schools.
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B.6 Teacher’s Practices

Each variable TX in this section has been dummy coded as three binary variables, XY ,

where:

Y Category

N Never or hardly ever

S Sometimes

M Most lessons

and ‘Every lesson’ is the reference category and represented as a score of zero on all
three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

B.6.1 Problems on the board

The following is the two-level conditional model with TBoard as a Level 1 predictor
variable. In this model the relationship between TBoard and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(BoardN)i, j + β2, j(BoardS)i, j + β3, j(BoardM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table B.63: Literacy by TBoard (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 528.890 15.731 33.620 14 0.000

γ1,0 −46.454 29.141 −1.594 181 0.113

γ2,0 −34.784 16.232 −2.143 181 0.033

γ3,0 −28.689 13.039 −2.200 181 0.029

Table B.64: Literacy by TBoard (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 48.759 2377.426 14 105.868 0.000

r 73.148 5350.668

The deviance statistic was 738.400 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 11.536, p = 0.009).
Based on these results, there is enough evidence to suggest TBoard (fixed across schools)
should be included in the model.

B.6.2 Teaching new topics with the textbook

The following is the two-level conditional model with TTopics as a Level 1 predictor
variable. In this model the relationship between TTopics and Literacy was assumed to
be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(TopicsN)i, j + β2, j(TopicsS)i, j + β3, j(TopicsM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.65: Literacy by TTopics (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 514.692 17.731 29.028 14 0.000

γ1,0 5.252 25.084 0.209 181 0.834

γ2,0 −14.479 16.369 −0.885 181 0.378

γ3,0 −5.182 14.243 −0.364 181 0.716

Table B.66: Literacy by TTopics (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.600 2766.780 14 119.314 0.000

r 73.927 5465.198

The deviance statistic was 744.257 with six estimated parameters which was signifi-
cantly different from the unconditional model (χ2

3 = 5.679, p = 0.127). Based on these
results, there is not enough evidence to suggest TTopics (fixed across schools) should
be included in the model.
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B.6.3 Refers to the textbook

The following is the two-level conditional model with TRe f er as a Level 1 predictor
variable. In this model the relationship between TRe f er and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(ReferN)i, j + β2, j(ReferS)i, j + β3, j(ReferM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.67: Literacy by TRefer (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 507.563 18.318 27.708 14 0.000

γ1,0 11.341 22.400 0.506 179 0.613

γ2,0 −1.837 15.561 −0.118 179 0.906

γ3,0 6.405 14.274 0.449 179 0.654

Table B.68: Literacy by TRefer (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 53.431 2854.852 14 129.587 0.000

r 71.825 5158.877

The deviance statistic was 726.694 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 23.242, p = 0.000).
Based on these results, there is enough evidence to suggest TRe f er (fixed across schools)
should be included in the model.
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B.6.4 Sets investigations

The following is the two-level conditional model with TInvest as a Level 1 predictor
variable. In this model the relationship between TInvest and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(InvestN)i, j + β2, j(InvestS)i, j + β3, j(InvestM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.69: Literacy by TInvest (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 487.202 27.634 17.631 14 0.000

γ1,0 23.687 26.034 0.910 178 0.364

γ2,0 21.505 25.205 0.853 178 0.395

γ3,0 36.152 26.882 1.345 178 0.180

Table B.70: Literacy by TInvest (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 53.542 2866.757 14 126.620 0.000

r 73.022 5332.176

The deviance statistic was 730.991 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 18.945, p = 0.000).
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Based on these results, there is enough evidence to suggest TInvest (fixed across schools)
should be included in the model.

B.6.5 Teacher roaming

The following is the two-level conditional model with TRoam as a Level 1 predictor
variable. In this model the relationship between TRoam and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(RoamN)i, j + β2, j(RoamS)i, j + β3, j(RoamM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.71: Literacy by TRoam (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 516.291 16.375 31.530 14 0.000

γ1,0 −10.186 22.123 −0.460 180 0.646

γ2,0 −20.926 15.488 −1.351 180 0.178

γ3,0 −7.248 12.733 −0.569 180 0.570

Table B.72: Literacy by TRoam (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 54.215 2939.259 14 128.319 0.000

r 73.642 5423.122
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The deviance statistic was 741.761 with six estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

3 = 8.175, p = 0.042).
Based on these results, there is enough evidence to suggest TRoam (fixed across schools)
should be included in the model.

B.6.6 Uses technology

The following is the two-level conditional model with TTech as a Level 1 predictor
variable. In this model the relationship between TTech and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(TechS)i, j + β2, j(TechM)i, j + β3, j(TechE)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.73: Literacy by TTech (Modified) (Fixed)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 525.194 15.982 32.861 14 0.000

γ1,0 −29.532 11.475 −2.574 179 0.011

γ2,0 −7.477 16.913 −0.442 179 0.659

γ3,0 −100.871 33.386 −3.021 179 0.003
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Table B.74: Literacy by TTech (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 53.589 2871.815 14 135.244 0.000

r 70.603 4984.806

The deviance statistic was 720.431 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 29.505, p = 0.000).
Based on these results, there is enough evidence to suggest TTech (fixed across schools)
should be included in the model.

B.6.7 Teaches problem solving

The following is the two-level conditional model with TS trat as a Level 1 predictor
variable. In this model the relationship between TS trat and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(StratN)i, j + β2, j(StratS)i, j + β3, j(StratM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.75: Literacy by TStrat (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 494.738 17.560 28.174 14 0.000

γ1,0 30.592 36.742 0.833 180 0.406

γ2,0 15.657 15.375 1.018 180 0.310

γ3,0 21.163 13.655 1.550 180 0.123
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Table B.76: Literacy by TStrat (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 51.802 2683.473 14 117.601 0.000

r 73.706 5432.526

The deviance statistic was 740.922 with six estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

3 = 9.014, p = 0.029).
Based on these results, there is enough evidence to suggest TS trat (fixed across schools)
should be included in the model.

B.6.8 Summary

The following is the two-level conditional model with TBoard and TTech as Level 1
predictor variables. In this model, the relationship between TBoard and TTech and
Literacy was assumed to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(BoardN)i, j + β2, j(BoardS)i, j + β3, j(BoardM)i, j

+ β4, j(TechS)i, j + β5, j(TechM)i, j + β6, j(TechE)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 6)
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Table B.77: Literacy by Teacher’s Practices Variables
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 546.520 16.713 32.699 14 0.000

γ1,0 −52.561 28.058 −1.873 176 0.063

γ2,0 −39.182 15.631 −2.507 176 0.013

γ3,0 −28.104 12.635 −2.224 176 0.027

γ4,0 −31.941 11.390 −2.804 176 0.006

γ5,0 −8.360 16.807 −0.497 176 0.620

γ6,0 −105.693 33.163 −3.187 176 0.002

Table B.78: Literacy by Teacher’s Practices Variables
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 48.972 2398.234 14 114.147 0.000

r 69.968 4895.553

The deviance statistic was 711.720 with nine estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

6 = 38.216, p = 0.000).
There was also a statistically improvement over the TBoard only (χ2

3 = 26.680, p =

0.000) and the TTech only (χ2
3 = 8.711, p = 0.033) models. Based on these results,

there is enough evidence to include both TBoard and TTech (fixed across schools) in the
model.
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B.7 Required Practices

Each variable RX in this section has been dummy coded as three binary variables, XY ,

where:

Y Category

N Never or hardly ever

S Sometimes

M Most lessons

and ‘Every lesson’ is the reference category and represented as a score of zero on all
three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

B.7.1 Textbook exercises

The following is the two-level conditional model with RExer as a Level 1 predictor
variable. In this model the relationship between RExer and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(ExerN)i, j + β2, j(ExerS)i, j + β3, j(ExerM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table B.79: Literacy by RExer (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 519.701 14.865 34.960 14 0.000

γ1,0 −25.321 27.452 −0.922 181 0.358

γ2,0 −54.571 19.192 −2.843 181 0.005

γ3,0 −19.266 13.106 −1.470 181 0.143

Table B.80: Literacy by RExer (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 49.802 2480.264 14 109.211 0.000

r 72.711 5286.882

The deviance statistic was 736.576 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 13.360, p = 0.004).
Based on these results, there is enough evidence to suggest RExer (fixed across schools)
should be included in the model.

B.7.2 Textbook examples

The following is the two-level conditional model with RExamp as a Level 1 predictor
variable. In this model the relationship between RExamp and Literacy was assumed to
be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(ExampN)i, j + β2, j(ExampS)i, j + β3, j(ExampM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.81: Literacy by RExamp (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 522.647 18.097 28.880 14 0.000

γ1,0 −6.656 22.030 −0.302 181 0.763

γ2,0 −19.883 16.846 −1.180 181 0.239

γ3,0 −19.602 14.417 −1.360 181 0.176

Table B.82: Literacy by RExamp (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.615 2874.543 14 128.499 0.000

r 72.469 5251.766

The deviance statistic was 737.324 with six estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

3 = 12.612, p =

0.006). Based on these results, there is enough evidence to suggest RExamp (fixed
across schools) should be included in the model.
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B.7.3 Textbook theory

The following is the two-level conditional model with RTheory as a Level 1 predictor
variable. In this model the relationship between RTheory and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(TheoryN)i, j + β2, j(TheoryS)i, j + β3, j(TheoryM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.83: Literacy by RTheory (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 517.715 21.518 24.059 14 0.000

γ1,0 7.505 22.394 0.335 182 0.738

γ2,0 −12.049 19.243 −0.626 182 0.532

γ3,0 −12.379 18.643 −0.664 182 0.508

Table B.84: Literacy by RTheory (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.256 2836.201 14 124.648 0.000

r 73.553 5410.069

The deviance statistic was 748.169 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 1.767, p = 0.622).
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Based on these results, there is enough evidence to suggest RTheory (fixed across schools)
should be included in the model.

B.7.4 Provide reasoning

The following is the two-level conditional model with RReason as a Level 1 predictor
variable. In this model the relationship between RReason and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(ReasonN)i, j + β2, j(ReasonS)i, j + β3, j(ReasonM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.85: Literacy by RReason (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 524.075 20.697 25.321 14 0.000

γ1,0 −44.646 26.012 −1.716 181 0.088

γ2,0 −17.175 17.380 −0.988 181 0.324

γ3,0 −11.790 17.751 −0.664 181 0.507

Table B.86: Literacy by RReason (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.657 2772.713 14 122.295 0.000

r 73.528 5406.327
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The deviance statistic was 742.246 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 7.690, p = 0.052).
Based on these results, there is not enough evidence to suggest RReason (fixed across
schools) should be included in the model.

B.7.5 Memorisation

The following is the two-level conditional model with RMem as a Level 1 predictor
variable. In this model the relationship between RMem and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(MemN)i, j + β2, j(MemS)i, j + β3, j(MemM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.87: Literacy by RMem (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 523.095 18.529 28.231 14 0.000

γ1,0 −3.071 29.208 −0.105 179 0.916

γ2,0 −23.925 16.188 −1.478 179 0.141

γ3,0 −14.073 14.497 −0.971 179 0.333
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Table B.88: Literacy by RMem (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 53.351 2846.338 14 125.731 0.000

r 73.091 5342.339

The deviance statistic was 733.065 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 16.871, p = 0.001).
Based on these results, there is enough evidence to suggest RMem (fixed across schools)
should be included in the model.

B.7.6 Complete for homework

The following is the two-level conditional model with RHome as a Level 1 predictor
variable. In this model the relationship between RHome and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(HomeN)i, j + β2, j(HomeS)i, j + β3, j(HomeM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table B.89: Literacy by RHome (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 520.846 16.913 30.796 14 0.000

γ1,0 36.830 53.904 0.683 179 0.495

γ2,0 −9.629 17.801 −0.541 179 0.589

γ3,0 −20.333 12.154 −1.673 179 0.096

Table B.90: Literacy by RHome (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 54.186 2936.110 14 134.767 0.000

r 71.585 5124.437

The deviance statistic was 725.799 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 24.137, p = 0.000).
Based on these results, there is enough evidence to suggest RHome (fixed across schools)
should be included in the model.

B.8 Student’s Practices

Each variable S X in this section has been dummy coded as three binary variables, XY ,

where:
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Y Category

N Never or hardly ever

S Sometimes

M Most lessons

and ‘Every lesson’ is the reference category and represented as a score of zero on all
three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

B.8.1 Individual textbook work

The following is the two-level conditional model with S Indiv as a Level 1 predictor
variable. In this model the relationship between S Indiv and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(IndivN)i, j + β2, j(IndivS)i, j + β3, j(IndivM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.91: Literacy by SIndiv (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 531.611 18.446 28.819 14 0.000

γ1,0 −28.101 26.405 −1.064 179 0.289

γ2,0 −45.180 17.324 −2.608 179 0.010

γ3,0 −14.456 15.978 −0.905 179 0.367
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Table B.92: Literacy by SIndiv (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 47.399 2246.620 14 103.821 0.000

r 71.757 5149.086

The deviance statistic was 723.280 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 26.656, p = 0.000).
Based on these results, there is enough evidence to suggest S Indiv (fixed across schools)
should be included in the model.

B.8.2 Textbook work with others

The following is the two-level conditional model with S Other as a Level 1 predictor
variable. In this model the relationship between S Other and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(OtherN)i, j + β2, j(OtherS)i, j + β3, j(OtherM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table B.93: Literacy by SOther (Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 511.126 19.241 26.565 14 0.000

γ1,0 4.246 23.257 0.183 179 0.855

γ2,0 8.083 16.886 0.479 179 0.633

γ3,0 −7.845 15.678 −0.500 179 0.617

Table B.94: Literacy by SOther (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 52.997 2808.729 14 124.931 0.000

r 72.581 5267.951

The deviance statistic was 730.302 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 19.634, p = 0.000).
Based on these results, there is enough evidence to suggest S Other (fixed across schools)
should be included in the model.

B.8.3 Group projects

The following is the two-level conditional model with S Invest as a Level 1 predictor
variable. In this model the relationship between S Invest and Literacy was assumed to
be fixed across the groups. Note that in this analysis, the ‘Never or hardly ever’ group
has been selected as the reference group due to the small size of the ‘Every lesson’
group.
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(Literacy)i, j = β0, j + β1, j(InvestS)i, j + β2, j(InvestM)i, j + β3, j(InvestE)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.95: Literacy by SInvest (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 527.529 16.063 32.841 14 0.000

γ1,0 −18.263 12.692 −1.439 179 0.152

γ2,0 −46.830 16.110 −2.907 179 0.004

γ3,0 28.578 43.248 0.661 179 0.510

Table B.96: Literacy by SInvest (Fixed) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 48.943 2395.457 14 110.897 0.000

r 71.431 5102.338

The deviance statistic was 722.398 with six estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

3 = 27.538, p =

0.000). Based on these results, there is enough evidence to suggest S Invest (fixed across
schools) should be included in the model.
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B.8.4 Help others

The following is the two-level conditional model with S Helping as a Level 1 predictor
variable. In this model the relationship between S Helping and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(HelpingN)i, j + β2, j(HelpingS)i, j + β3, j(HelpingM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.97: Literacy by SHelping (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 537.136 19.240 27.917 14 0.000

γ1,0 −55.067 23.753 −2.318 178 0.022

γ2,0 −33.618 16.228 −2.072 178 0.040

γ3,0 −23.450 16.342 −1.435 178 0.153

Table B.98: Literacy by SHelping (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 51.626 2665.246 14 122.018 0.000

r 70.994 5040.118

The deviance statistic was 719.724 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 30.212, p = 0.000).
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Based on these results, there is enough evidence to suggest S Helping (fixed across
schools) should be included in the model.

B.8.5 Others help me

The following is the two-level conditional model with S Helped as a Level 1 predictor
variable. In this model the relationship between S Helped and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(HelpedN)i, j + β2, j(HelpedS)i, j + β3, j(HelpedM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.99: Literacy by SHelped (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 502.863 22.751 22.103 14 0.000

γ1,0 17.548 22.628 0.776 179 0.439

γ2,0 0.826 19.798 0.042 179 0.967

γ3,0 13.409 20.733 0.647 179 0.519

Table B.100: Literacy by SHelped (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.590 2765.665 14 123.831 0.000

r 72.595 5270.020
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The deviance statistic was 730.178 with six estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

3 = 19.758, p =

0.000). Based on these results, there is enough evidence to suggest S Helped (fixed
across schools) should be included in the model.

B.8.6 Textbook method

The following is the two-level conditional model with S Method as a Level 1 predictor
variable. In this model the relationship between S Method and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(MethodN)i, j + β2, j(MethodS)i, j + β3, j(MethodM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table B.101: Literacy by SMethod (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 519.702 21.085 24.648 14 0.000

γ1,0 −9.691 25.874 −0.375 179 0.708

γ2,0 −15.043 19.141 −0.786 179 0.433

γ3,0 −8.763 18.191 −0.482 179 0.631
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Table B.102: Literacy by SMethod (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.960 2804.727 14 123.486 0.000

r 72.786 5297.792

The deviance statistic was 731.324 with six estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

3 = 18.612, p =

0.000). Based on these results, there is enough evidence to suggest S Method (fixed
across schools) should be included in the model.

B.8.7 Summary

The following is the two-level conditional model with S Indiv, S Invest and S Helping as
Level 1 predictor variables. In this model, the relationship between S Indiv, S Invest and
S Helping and Literacy was assumed to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(IndivN)i, j + β2, j(IndivS)i, j + β3, j(IndivM)i, j

+ β4, j(InvestS)i, j + β5, j(InvestM)i, j + β6, j(InvestE)i, j

+ β7, j(HelpingN)i, j + β8, j(HelpingS)i, j + β9, j(HelpingM)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 9)
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Table B.103: Literacy by Student’s Practices Vari-
ables (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 579.261 22.866 25.333 14 0.000

γ1,0 −17.635 26.083 −0.676 172 0.500

γ2,0 −40.487 16.866 −2.400 172 0.017

γ3,0 −16.004 15.542 −1.030 172 0.305

γ4,0 −19.543 12.554 −1.557 172 0.121

γ5,0 −55.475 16.133 −3.439 172 0.000

γ6,0 7.086 43.695 0.162 172 0.871

γ7,0 −59.073 23.943 −2.467 172 0.015

γ8,0 −39.057 16.325 −2.392 172 0.018

γ9,0 −22.784 16.375 −1.391 172 0.166

Table B.104: Literacy by Student’s Practices Variables
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 42.433 1800.582 14 87.496 0.000

r 69.431 4820.603

The deviance statistic was 700.469 with twelve estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

9 = 49.467, p = 0.000)
and the previous model (χ2

3 = 12.924, p = 0.005). Based on these results, there is
enough evidence to include S Indiv, S Invest and S Helping (fixed across schools) in the
model.
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B.9 Source

B.9.1 Websites

The following is the two-level conditional model with S oWeb as a Level 1 predictor
variable. In this model the relationship between S oWeb and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(SoWeb)i, j + ri, j

β1, j = γ1,0

Table B.105: Literacy by SoWeb (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 512.546 15.654 32.742 14 0.000

γ1,0 −3.043 11.348 −0.268 178 0.789

Table B.106: Literacy by SoWeb (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.562 2868.888 14 126.906 0.000

r 73.183 5355.769

The deviance statistic was 726.408 with four estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

1 = 23.528, p =

0.000). Based on these results, there is enough evidence to suggest S oWeb (fixed across
schools) should be included in the model.
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The following is the same model as above, but without the assumption that the relation-
ship between S oWeb and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(SoWeb)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table B.107: Literacy by SoWeb (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 512.477 14.258 35.942 14 0.000

γ1,0 −3.199 11.907 −0.269 14 0.729

Table B.108: Literacy by SoWeb (Random) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 47.915 2295.881 14 70.051 0.000

u1 15.528 241.114 14 11.779 0.624

r 72.705 5285.995

The deviance statistic was 724.423 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 25.513, p = 0.000),
but not the fixed model (χ2

2 = 1.985, p = 0.371). Based on these results, there is not
enough evidence to suggest S oWeb (random across schools) should be included in the
model in preference to the fixed model.
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B.9.2 Textbook

The following is the two-level conditional model with S oText as a Level 1 predictor
variable. In this model the relationship between S oText and Literacy was assumed to
be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(SoText)i, j + ri, j

β1, j = γ1,0

Table B.109: Literacy by SoText (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 490.924 23.435 20.948 14 0.000

γ1,0 21.337 19.883 1.073 180 0.285

Table B.110: Literacy by SoText (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.025 2706.624 14 119.115 0.000

r 73.644 5423.439

The deviance statistic was 735.304 with four estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

1 = 14.632, p =

0.000). Based on these results, there is enough evidence to suggest S oText (fixed across
schools) should be included in the model. There was not enough data to compute the
model where S oText is assumed to be random across schools.
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B.9.3 Other books

The following is the two-level conditional model with S oBooks as a Level 1 predictor
variable. In this model the relationship between S oBooks and Literacy was assumed
to be fixed across the groups.

(Literacy)i, j = β0, j + β1, j(SoBooks)i, j + ri, j

β1, j = γ1,0

Table B.111: Literacy by SoBooks (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 516.218 15.691 32.900 14 0.000

γ1,0 −10.928 10.925 −1.000 177 0.319

Table B.112: Literacy by SoBooks (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.475 2859.626 14 126.377 0.000

r 73.164 5352.997

The deviance statistic was 720.738 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 29.198, p = 0.000).
Based on these results, there is enough evidence to suggest S oBooks (fixed across
schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S oBooks and Literacy is fixed across groups.
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(Literacy)i, j = β0, j + β1, j(SoBooks)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table B.113: Literacy by SoBooks (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 516.265 16.445 31.393 14 0.000

γ1,0 −11.177 11.111 −1.006 14 0.332

Table B.114: Literacy by SoBooks (Random) (Vari-
ance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 56.656 3209.927 14 89.526 0.000

u1 8.135 66.176 14 5.227 0.982

r 73.062 5338.058

The deviance statistic was 720.207 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 29.729, p = 0.000),
but not to the fixed model (χ2

2 = 0.531, p = 0.769). Based on these results, there is not
enough evidence to suggest S oBooks (random across schools) should be included in the
model in preference to the fixed model.

B.9.4 Other students or siblings

The following is the two-level conditional model with S oPeers as a Level 1 predictor
variable. In this model the relationship between S oPeers and Literacy was assumed to
be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(SoPeers)i, j + ri, j

β1, j = γ1,0

Table B.115: Literacy by SoPeers (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 507.330 18.868 26.888 14 0.000

γ1,0 5.353 14.208 0.377 176 0.707

Table B.116: Literacy by SoPeers (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.326 2843.663 14 123.805 0.000

r 73.545 5408.797

The deviance statistic was 720.729 with four estimated parameters which was signif-
icantly different from the unconditional model (χ2

1 = 29.207, p = 0.000). Based on
these results, there is enough evidence to suggest S oPeers (fixed across schools) should
be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S oPeers and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(SoPeers)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table B.117: Literacy by SoPeers (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 511.584 20.448 25.019 14 0.000

γ1,0 0.584 10.433 0.056 14 0.956

Table B.118: Literacy by SoPeers (Random) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 70.783 5010.223 11 28.091 0.003

u1 19.328 373.576 11 6.934 0.804

r 73.110 5345.104

The chi-square tests about are based on 12 of the 15 schools due to a lack of data in the
remaining schools.

The deviance statistic was 719.679 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 30.257, p = 0.000),
but not significantly different to the fixed model (χ2

2 = 1.050, p = 0.592). Based on
these results, there is not enough evidence to suggest S oPeers (random across schools)
should be included in the model in preference to the fixed model.

B.9.5 Parents

The following is the two-level conditional model with S oParent as a Level 1 predictor
variable. In this model the relationship between S oParent and Literacy was assumed
to be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(SoParent)i, j + ri, j

β1, j = γ1,0

Table B.119: Literacy by SoParent (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 516.625 16.317 31.661 14 0.000

γ1,0 −8.720 11.175 −0.780 177 0.436

Table B.120: Literacy by SoParent (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 53.556 2868.217 14 126.451 0.000

r 73.135 5348.660

The deviance statistic was 720.676 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 29.260, p = 0.000).
Based on these results, there is enough evidence to suggest S oParent (fixed across
schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S oParent and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(SoParent)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table B.121: Literacy by SoParent (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 516.570 16.130 32.026 14 0.000

γ1,0 −8.638 11.213 −0.770 14 0.454

Table B.122: Literacy by SoParent (Random) (Vari-
ance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 52.735 2781.014 14 58.423 0.000

u1 3.302 10.901 14 12.461 0.569

r 73.123 5346.972

The deviance statistic was 720.669 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 29.267, p = 0.000),
but not to the fixed model (χ2

2 = 0.007, p = 0.997). Based on these results, there is not
enough evidence to suggest S oParent (random across schools) should be included in the
model in preference to the fixed model.

B.9.6 Teachers

The following is the two-level conditional model with S oTeacher as a Level 1 predictor
variable. In this model the relationship between S oTeacher and Literacy was assumed
to be fixed across the groups.
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(Literacy)i, j = β0, j + β1, j(SoTeacher)i, j + ri, j

β1, j = γ1,0

Table B.123: Literacy by SoTeacher (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 516.505 18.009 28.680 14 0.000

γ1,0 −8.268 13.502 −0.612 176 0.541

Table B.124: Literacy by SoTeacher (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 51.523 2654.640 14 112.889 0.000

r 73.727 5435.619

The deviance statistic was 720.732 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 29.204, p = 0.000).
Based on these results, there is enough evidence to suggest S oTeacher (fixed across
schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S oTeacher and Literacy was fixed across groups.

(Literacy)i, j = β0, j + β1, j(SoTeacher)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table B.125: Literacy by SoTeacher (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 520.905 20.418 25.512 14 0.000

γ1,0 −12.744 16.788 −0.759 14 0.460

Table B.126: Literacy by SoTeacher (Random) (Vari-
ance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 61.974 3840.735 14 42.167 0.000

u1 35.329 1248.112 14 19.949 0.132

r 72.464 5251.066

The deviance statistic was 719.757 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 30.179, p = 0.000),
but not to the fixed model (χ2

2 = 0.975, p = 0.614). Based on these results, there is
not enough evidence to suggest S oTeacher (random across schools) should be included
in the model in preference to the fixed model.
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Appendix C

Attitude

This appendix provides additional data that pertains to analyses and discussion in Chap-
ter 5.

The statistics for the total differ for each grouping variable as they are calculated based
on the respondents who had valid data for that grouping variable. So, totals are the total
of all students who gave a valid response for each variable.

C.1 Analysis of Variance

Table C.1 shows descriptives statistics for Attitude by a range of variables. The table
shows the scaled score in which the sample mean has been set at 0.0 and the sample
standard deviation has been set at 1.0.

Table C.1: Descriptive Statistics for Attitude

N % Mean Std. dev. Std. error

Sex Female 87 38.5 −0.26 0.95 0.10

Male 139 61.5 0.16 1.00 0.09

Total 226 0.00 1.00 0.07

CoB Australia 174 77.0 −0.07 1.02 0.08

419



420 APPENDIX C. ATTITUDE

N % Mean Std. dev. Std. error

Other 52 23.0 0.22 0.89 0.12

Total 226 0.00 1.00 0.07

Lang English 178 80.5 −0.11 1.01 0.08

Other 43 19.5 0.44 0.81 0.12

Total 221 0.00 1.00 0.07

ExEd Non-university 55 24.8 −0.52 0.95 0.13

Undergraduate 100 45.0 −0.09 0.95 0.09

Postgraduate 67 30.2 0.56 0.82 0.10

Total 222 0.00 0.99 0.07

ParEd Non-university 125 57.6 −0.16 1.05 0.09

University 92 42.4 0.24 0.91 0.09

Total 217 0.01 1.01 0.07

PrefAny No 33 16.6 −1.01 1.07 0.19

Yes 166 83.4 0.26 0.86 0.07

Total 199 0.05 1.01 0.07

PrefOrd None 33 16.6 −1.01 1.07 0.19

Fourth 17 8.5 −0.20 0.95 0.23

Third 22 11.1 0.00 0.92 0.20

Second 48 24.1 0.10 0.65 0.09

First 79 39.7 0.54 0.85 0.10

Total 199 0.05 1.01 0.07

PrefAdv No 164 82.4 −0.14 0.95 0.07

Yes 35 17.6 0.96 0.76 0.13

Total 199 0.05 1.01 0.07

TBoard Never or hardly ever 11 4.9 −0.47 0.76 0.23

Sometimes 44 19.5 −0.07 1.07 0.16
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N % Mean Std. dev. Std. error

Most lessons 93 41.2 0.04 0.82 0.08

Every lesson 78 34.5 0.05 1.17 0.13

Total 226 0.00 1.00 0.07

TTopics Never or hardly ever 15 6.6 −0.16 1.08 0.27

Sometimes 51 22.6 −0.09 0.99 0.13

Most lessons 99 43.8 0.08 0.82 0.08

Every lesson 61 27.0 −0.03 1.23 0.15

Total 226 0.00 1.00 0.07

TRefer Never or hardly ever 22 9.8 −0.16 0.90 0.19

Sometimes 56 24.9 −0.11 0.95 0.13

Most lessons 100 44.4 0.17 0.95 0.10

Every lesson 47 20.9 −0.15 1.17 0.17

Total 225 0.00 1.00 0.07

TInvest Never or hardly ever 68 30.5 0.02 0.91 0.11

Sometimes 93 41.7 0.05 0.96 0.10

Most lessons 45 20.2 0.19 0.96 0.14

Every lesson 17 7.6 −0.83 1.40 0.34

Total 223 0.00 1.01 0.07

TRoam Never or hardly ever 19 8.4 −0.38 1.13 0.26

Sometimes 46 20.4 −0.39 1.07 0.16

Most lessons 70 31.1 0.10 0.94 0.11

Every lesson 90 40.0 0.21 0.92 0.10

Total 225 0.00 1.00 0.07

TTech Never or hardly ever 115 51.6 −0.09 1.07 0.10

Sometimes 76 34.1 0.13 0.95 0.11

Most lessons 29 13.0 0.07 0.91 0.17
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N % Mean Std. dev. Std. error

Every lesson 3 1.3 0.08 0.46 0.27

Total 223 0.00 1.01 0.07

TStrat Never or hardly ever 7 3.1 −0.59 1.09 0.41

Sometimes 66 29.3 −0.12 0.96 0.12

Most lessons 99 44.0 0.09 0.87 0.09

Every lesson 53 23.6 0.07 1.24 0.17

Total 225 0.00 1.00 0.07

RExer Never or hardly ever 11 4.9 −0.51 0.97 0.29

Sometimes 25 11.1 −0.15 0.90 0.18

Most lessons 74 32.9 −0.04 0.93 0.11

Every lesson 115 51.1 0.11 1.06 0.10

Total 225 0.00 1.00 0.07

RExamp Never or hardly ever 18 8.0 −0.29 0.99 0.23

Sometimes 53 23.6 0.02 1.01 0.14

Most lessons 102 45.3 0.04 0.86 0.08

Every lesson 52 23.1 −0.03 1.23 0.17

Total 225 −0.01 1.00 0.07

RTheory Never or hardly ever 28 12.4 −0.11 0.79 0.15

Sometimes 88 38.9 −0.07 0.99 0.11

Most lessons 84 37.2 0.08 0.83 0.09

Every lesson 26 11.5 0.11 1.60 0.31

Total 226 0.00 1.00 0.07

RReason Never or hardly ever 19 8.4 −0.40 0.88 0.20

Sometimes 90 40.0 −0.19 0.87 0.09

Most lessons 88 39.1 0.18 0.95 0.10

Every lesson 28 12.4 0.30 1.40 0.27
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N % Mean Std. dev. Std. error

Total 225 0.00 1.00 0.07

RMem Never or hardly ever 12 5.4 −1.02 0.93 0.27

Sometimes 65 29.1 −0.06 0.82 0.10

Most lessons 106 47.5 0.00 0.93 0.09

Every lesson 40 17.9 0.38 1.27 0.20

Total 223 −0.01 1.00 0.07

RHome Never or hardly ever 5 2.2 −0.56 0.72 0.32

Sometimes 26 11.7 −0.19 0.92 0.18

Most lessons 118 52.9 −0.04 0.88 0.08

Every lesson 74 33.2 0.16 1.19 0.14

Total 223 −0.01 1.00 0.07

SIndiv Never or hardly ever 13 5.8 −0.66 1.34 0.37

Sometimes 64 28.6 −0.17 0.93 0.12

Most lessons 110 49.1 0.03 0.93 0.09

Every lesson 35 16.5 0.44 1.05 0.17

Total 197 0.00 1.00 0.07

SOther Never or hardly ever 22 9.8 −0.73 1.02 0.22

Sometimes 66 29.5 0.12 0.96 0.12

Most lessons 99 44.2 0.03 0.97 0.10

Every lesson 37 16.5 0.15 1.01 0.17

Total 224 0.00 1.00 0.07

SInvest Never or hardly ever 73 32.6 −0.31 1.00 0.12

Sometimes 93 46.0 0.18 0.90 0.09

Most lessons 36 19.6 0.15 1.11 0.17

Every lesson 3 1.8 −0.43 0.99 0.49

Total 197 0.00 1.00 0.07
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N % Mean Std. dev. Std. error

SHelping Never or hardly ever 21 9.4 −0.65 0.97 0.21

Sometimes 91 40.8 −0.12 0.90 0.09

Most lessons 83 37.2 0.03 0.95 0.10

Every lesson 28 12.6 0.79 1.06 0.20

Total 223 0.00 1.00 0.07

SHelped Never or hardly ever 38 17.0 0.24 1.19 0.19

Sometimes 107 47.8 0.08 0.87 0.08

Most lessons 63 28.1 −0.21 0.89 0.11

Every lesson 16 7.1 −0.23 1.53 0.38

Total 224 0.00 1.00 0.07

SMethod Never or hardly ever 15 6.7 −0.32 0.88 0.23

Sometimes 71 31.7 0.08 0.99 0.12

Most lessons 111 49.6 0.07 0.90 0.09

Every lesson 27 12.1 −0.30 1.40 0.27

Total 224 0.00 1.00 0.07

EExer Least effective 37 19.2 −0.04 0.90 0.15

45 23.3 −0.14 0.96 0.14

31 16.1 0.09 1.06 0.19

21 10.9 0.30 0.79 0.17

21 10.9 0.12 1.04 0.23

Most effective 38 19.7 0.07 1.12 0.18

Total 193 0.03 0.99 0.07

EExamp Least effective 15 7.8 −0.34 1.14 0.29

40 20.7 −0.28 1.06 0.17

45 23.3 0.09 0.97 0.14

34 17.6 −0.09 0.83 0.14
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N % Mean Std. dev. Std. error

34 17.6 0.35 0.81 0.14

Most effective 25 13.0 0.43 1.01 0.20

Total 193 0.03 0.99 0.07

EExplain Least effective 4 2.1 −0.67 0.89 0.45

10 5.2 0.13 1.21 0.38

27 14.1 0.06 0.91 0.17

30 15.6 0.17 0.85 0.16

45 23.4 −0.06 1.02 0.15

Most effective 76 39.6 0.06 1.02 0.12

Total 192 0.04 0.99 0.07

ESolve Least effective 8 4.2 0.32 1.05 0.37

23 12.0 −0.26 0.76 0.16

28 14.6 0.35 0.97 0.18

50 26.0 0.13 1.09 0.15

52 27.1 −0.23 1.02 0.14

Most effective 31 16.1 0.19 0.80 0.14

Total 192 0.04 0.99 0.07

EOthers Least effective 16 8.3 0.18 1.14 0.28

37 19.3 0.35 0.79 0.13

36 18.8 −0.02 0.97 0.16

43 22.4 −0.21 1.09 0.17

31 16.1 0.16 0.96 0.17

Most effective 29 15.1 −0.13 0.97 0.18

Total 192 0.04 0.99 0.07

ETech Least effective 102 53.1 0.07 0.95 0.09

33 17.2 0.25 0.97 0.17
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N % Mean Std. dev. Std. error

26 13.5 −0.26 1.16 0.23

12 6.3 −0.13 0.91 0.26

5 2.6 −0.29 1.05 0.47

Most effective 14 7.3 0.10 1.02 0.27

Total 192 0.04 0.99 0.07

SoWeb No 137 62.3 −0.09 1.02 0.09

Yes 83 37.7 0.19 0.97 0.11

Total 220 0.01 1.01 0.07

SoText No 17 7.7 −0.46 1.28 0.31

Yes 205 92.3 0.05 0.97 0.07

Total 222 0.01 1.00 0.07

SoBooks No 132 60.0 −0.14 1.00 0.09

Yes 88 40.0 0.25 0.97 0.10

Total 220 0.01 1.01 0.07

SoPeers No 42 19.1 0.14 1.18 0.18

Yes 178 80.9 −0.02 0.96 0.07

Total 220 0.01 1.01 0.07

SoParent No 82 37.4 0.19 1.12 0.12

Yes 137 62.6 −0.09 0.92 0.08

Total 219 0.01 1.01 0.07

SoTeacher No 49 22.5 −0.17 1.19 0.17

Yes 169 77.5 0.04 0.92 0.07

Total 218 −0.01 0.99 0.07

Table C.2 shows the results of the analyses of variance where Attitude is the outcome
variable across a range of categorical grouping variables.
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Table C.2: Analyses of Variance for Attitude

S.S. d.f. M.S. F Sig.

Sex Between 24.940 1 24.940 10.051 0.002

Within 555.811 224 2.481

CoB Between 8.735 1 8.735 3.421 0.066

Within 572.015 224 2.554

Lang Between 27.266 1 27.266 11.025 0.001

Within 541.611 219 2.473

ExEd Between 95.598 2 47.799 22.389 0.000

Within 467.559 219 2.135

ParEd Between 21.964 1 21.964 8.645 0.004

Within 546.233 215 2.541

PrefAny Between 115.381 1 115.381 55.881 0.000

Within 406.762 197 2.065

PrefOrd Between 147.922 4 36.980 19.171 0.000

Within 374.222 194 1.929

PrefAdv Between 89.574 1 89.574 40.794 0.000

Within 432.570 197 2.196

TBoard Between 7.917 3 2.639 1.023 0.383

Within 572.834 222 2.580

TTopics Between 3.883 3 1.294 0.498 0.684

Within 576.868 222 2.599

TRefer Between 12.877 3 4.292 1.671 0.174

Within 567.673 221 2.569

TInvest Between 35.053 3 11.684 4.705 0.003

Within 543.904 219 2.484
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S.S. d.f. M.S. F Sig.

TRoam Between 36.786 3 12.262 4.986 0.002

Within 543.500 221 2.459

TTech Between 6.217 3 2.072 0.791 0.500

Within 573.660 219 2.619

TStrat Between 11.108 3 3.703 1.438 0.233

Within 569.178 221 2.575

RExer Between 12.516 3 4.172 1.623 0.185

Within 568.234 221 2.571

RExamp Between 4.321 3 1.440 0.558 0.644

Within 571.005 221 2.584

RTheory Between 4.066 3 1.355 0.522 0.668

Within 576.684 222 2.598

RReason Between 30.138 3 10.046 4.033 0.008

Within 550.536 221 2.491

RMem Between 47.535 3 15.845 6.534 0.000

Within 531.095 219 2.425

RHome Between 11.641 3 3.880 1.508 0.213

Within 563.412 219 2.573

SIndiv Between 38.434 3 12.811 5.233 0.002

Within 538.634 220 2.448

SOther Between 35.134 3 11.711 4.754 0.003

Within 541.934 220 2.463

SInvest Between 31.379 3 10.460 4.217 0.006

Within 545.689 220 2.480

SHelping Between 71.099 3 23.700 10.262 0.000
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S.S. d.f. M.S. F Sig.

Within 505.766 219 2.309

SHelped Between 16.837 3 5.612 2.204 0.089

Within 560.230 220 2.547

SMethod Between 12.595 3 4.198 1.636 0.182

Within 564.473 220 2.566

EExer Between 8.349 5 1.670 0.660 0.654

Within 473.149 187 2.530

EExamp Between 36.178 5 7.236 3.038 0.012

Within 445.320 187 2.381

EExplain Between 8.091 5 1.618 0.638 0.671

Within 542.552 166 3.268

ESolve Between 26.258 5 5.252 2.152 0.061

Within 453.803 186 2.440

EOthers Between 20.581 5 4.170 1.687 0.140

Within 459.708 186 2.472

ETech Between 12.366 5 2.473 0.981 0.431

Within 468.879 186 2.521

SoWeb Between 10.522 1 10.522 4.091 0.044

Within 560.643 218 2.572

SoText Between 10.284 1 10.284 4.018 0.046

Within 563.017 220 2.559

SoBooks Between 20.489 1 20.489 8.111 0.005

Within 550.676 218 2.526

SoPeers Between 2.223 1 2.223 0.852 0.357

Within 568.942 218 2.610

SoParent Between 10.828 1 10.828 4.184 0.042
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S.S. d.f. M.S. F Sig.

Within 561.557 217 2.588

SoTeacher Between 4.281 1 4.281 1.701 0.194

Within 543.548 216 2.516

Table C.3 shows the results of Tukey’s test for cases in which the analysis of variance
above was significant. The table shows difference between the means and standard
errors based on the unscaled Attitude score, however this does not affect the outcome
of the significance tests.

Table C.3: Tukey’s Tests for Attitude

Mean diff. Std. error Sig.

ExEd Undergrad. Non-uni. 0.687 0.245 0.015

Postgrad. Non-uni. 1.742 0.266 0.000

Undergrad. 1.054 0.231 0.000

PrefOrd Fourth None 1.294 0.415 0.017

Third None 1.625 0.382 0.000

Fourth 0.331 0.448 0.947

Second None 1.778 0.314 0.000

Fourth 0.484 0.392 0.732

Third 0.153 0.358 0.993

First None 2.490 0.288 0.000

Fourth 1.196 0.371 0.013

Third 0.865 0.335 0.077

Second 0.712 0.254 0.044

TInvest Sometimes Never or hardly ever 0.052 0.251 0.997

Most lessons Never or hardly ever 0.274 0.303 0.802

Sometimes 0.222 0.286 0.866
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Mean diff. Std. error Sig.

Every lesson Never or hardly ever −1.363 0.427 0.009

Sometimes −1.415 0.416 0.004

Most lessons −1.637 0.449 0.002

TRoam Sometimes Never or hardly ever −0.016 0.428 1.000

Most lessons Never or hardly ever 0.770 0.406 0.232

Sometimes 0.786 0.298 0.044

Every lesson Never or hardly ever 0.941 0.396 0.084

Sometimes 0.958 0.284 0.005

Most lessons 0.172 0.250 0.902

RReason Sometimes Never or hardly ever 0.335 0.398 0.834

Most lessons Never or hardly ever 0.930 0.399 0.095

Sometimes 0.594 0.237 0.061

Every lesson Never or hardly ever 1.126 0.469 0.080

Sometimes 0.791 0.342 0.098

Most lessons 0.196 0.342 0.940

RMem Sometimes Never or hardly ever 1.539 0.489 0.010

Most lessons Never or hardly ever 1.640 0.474 0.004

Sometimes 0.100 0.245 0.977

Every lesson Never or hardly ever 2.245 0.513 0.000

Sometimes 0.705 0.313 0.112

Most lessons 0.605 0.289 0.158

SIndiv Sometimes Never or hardly ever 0.786 0.476 0.352

Most lessons Never or hardly ever 1.114 0.459 0.075

Sometimes 0.328 0.246 0.544

Every lesson Never or hardly ever 1.771 0.504 0.003

Sometimes 0.985 0.323 0.014



432 APPENDIX C. ATTITUDE

Mean diff. Std. error Sig.

Most lessons 0.658 0.297 0.123

SOther Sometimes Never or hardly ever 1.363 0.386 0.003

Most lessons Never or hardly ever 1.224 0.370 0.006

Sometimes −0.140 0.249 0.944

Every lesson Never or hardly ever 1.418 0.423 0.005

Sometimes 0.055 0.322 0.998

Most lessons 0.194 0.302 0.918

SInvest Sometimes Never or hardly ever 0.788 0.241 0.007

Most lessons Never or hardly ever 0.749 0.301 0.064

Sometimes −0.039 0.284 0.999

Every lesson Never or hardly ever −0.182 0.809 0.996

Sometimes −0.970 0.803 0.622

Most lessons −0.932 0.822 0.670

SHelping Sometimes Never or hardly ever 0.860 0.368 0.093

Most lessons Never or hardly ever 1.101 0.371 0.018

Sometimes 0.241 0.231 0.742

Every lesson Never or hardly ever 2.310 0.439 0.000

Sometimes 1.450 0.328 0.000

Most lessons 1.209 0.332 0.002

EExamp Fifth Sixth 0.097 0.467 1.000

Fourth Sixth 0.690 0.460 0.665

Fourth Fifth 0.593 0.335 0.489

Third Sixth 0.401 0.478 0.960

Third Fifth 0.304 0.360 0.959

Third Fourth −0.289 0.351 0.963

Second Sixth 1.108 0.478 0.193
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Mean diff. Std. error Sig.

Second Fifth 1.011 0.360 0.061

Second Fourth 0.418 0.351 0.840

Second Third 0.706 0.374 0.413

First Sixth 1.108 0.478 0.193

First Fifth 1.142 0.393 0.061

First Fourth 0.549 0.385 0.711

First Third 0.838 0.407 0.313

First Second 0.131 0.407 1.000

C.2 PISA

The following tables show the results for the 2012 and 2003 PISA cycles for cases in
which this study and those studies share a common variable (OECD, 2012, 2003). Each
subsection corresponds to a subsection in Chapter 5.

C.2.1 Sex

Table C.4: Attitude by Sex (Descriptives) (PISA 2012)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Female 48.2 0.08 0.01 −0.06 0.02 −0.13 0.02

Male 51.8 0.39 0.02 0.26 0.02 0.25 0.02

In PISA 2012, the differences between female and male students in the domains of
instrumental motivation (δ = 0.30, S E = 0.02, t = 15.74), intrinsic motivation (δ =

0.32, S E = 0.03, t = 12.36) and self concept (δ = 0.38, S E = 0.02, t = 15.73)
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were statistically significant according to the one-tailed t-tests. This suggests that male
students were significantly more positive towards mathematics than female students
across all three domains. This reflected the result from this study and the difference
between males and female in this study (δ = 0.30) was similar to the differences in the
PISA study.

Table C.5: Attitude by Sex (PISA 2003)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Female 49.3 0.11 0.02 −0.10 0.02 −0.03 0.02

Male 50.7 0.34 0.02 0.12 0.02 0.29 0.02

In PISA 2003, the differences between female and male students in the domains of
instrumental motivation (δ = 0.23, S E = 0.02, t = 9.52), intrinsic motivation (δ =

0.22, S E = 0.02, t = 8.90) and self concept (δ = 0.31, S E = 0.02, t = 15.74)
were statistically significant according to the one-tailed t-tests. This suggests that male
students were significantly more positive towards mathematics than female students
across all three domains. Similar to PISA 2012, this reflected the result from this study
and the difference between males and females (δ = 0.30) was similar to the differences
in the PISA study.

C.2.2 Country of birth

Table C.6: Attitude by Country of Birth (PISA 2012)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Australia 88.0 0.22 0.01 0.07 0.01 0.04 0.01

Other 12.0 0.35 0.04 0.33 0.04 0.21 0.04
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In PISA 2012, the differences between immigrant and non-migrant students in the do-
mains of instrumental motivation (δ = 0.13, S E = 0.04, t = 3.44), intrinsic motivation
(δ = 0.27, S E = 0.04, t = 7.30) and self concept (δ = 0.17, S E = 0.04, t = 4.48)
were statistically significant according to the one-tailed t-tests. This suggests that stu-
dents who had migrated to Australia were significantly more positive towards mathe-
matics than students born in Australia across all three domains. This did not reflect the
results from this study, however the magnitude of the difference in this study (δ = 0.29)
is similar to differences in the PISA study.

Table C.7: Attitude by Country of Birth (PISA 2003)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Australia 87.4 0.20 0.01 −0.03 0.02 0.12 0.02

Other 12.6 0.37 0.03 0.28 0.03 0.28 0.03

In PISA 2003, the differences between immigrant and non-migrant students in the do-
mains of instrumental motivation (δ = 0.17, S E = 0.03, t = 6.14), intrinsic motivation
(δ = 0.30, S E = 0.03, t = 10.07) and self concept (δ = 0.16, S E = 0.03, t = 4.72)
were statistically significant according to the one-tailed t-tests. This suggests that stu-
dents who had migrated to Australia were significantly more positive towards mathe-
matics than students born in Australia across all three domains. This reflected the result
of the 2012 PISA cycle, but differs to this study (however the magnitude of the differ-
ence between the groups was similar).
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C.2.3 Primary language

Table C.8: Attitude by Primary Language (PISA 2012)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

English 91.1 0.21 0.01 0.05 0.01 0.03 0.01

Other 8.9 0.47 0.03 0.49 0.03 0.38 0.04

In PISA 2012, the differences between students who spoke primarily English at home
and those that do not in the domains of instrumental motivation (δ = 0.25, S E =

0.03, t = 7.20), intrinsic motivation (δ = 0.43, S E = 0.04, t = 12.11) and self
concept (δ = 0.35, S E = 0.04, t = 8.56) were statistically significant according to
the one-tailed t-tests. Similar to Country of Birth, students who spoke a language
other than English at home were significantly more positive towards mathematics than
students who spoke English across all three domains. This reflected the result from this
study.

Table C.9: Attitude by Primary Language (PISA 2003)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

English 91.1 0.20 0.01 −0.04 0.02 0.11 0.02

Other 8.9 0.55 0.04 0.51 0.04 0.40 0.04

In PISA 2003, the differences between students who spoke primarily English at home
and those that do not in the domains of instrumental motivation (δ = 0.36, S E =

0.04, t = 8.94), intrinsic motivation (δ = 0.55, S E = 0.04, t = 12.70) and self
concept (δ = 0.28, S E = 0.04, t = 7.27) were statistically significant according to
the one-tailed t-tests. Similar to the 2012 PISA cycle, this suggests students who have
migrated to Australia are significantly more positive towards mathematics than students
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born in Australia. This again reflected the result from this study.

C.2.4 Parents’ education

Table C.10: Attitude by Parents’ Education (PISA 2012)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Non-university 56.1 0.19 0.02 0.04 0.02 −0.03 0.02

University 43.9 0.31 0.02 0.20 0.02 0.20 0.02

In PISA 2012, the differences between students whose parents had a university level
of education and those who did not in the domains of instrumental motivation (δ =

0.12, S E = 0.02, t = 5.58), intrinsic motivation (δ = 0.16, S E = 0.02, t = 6.31) and
self concept (δ = 0.23, S E = 0.02, t = 10.96) were statistically significant according
to the one-tailed t-tests. This reflected the result from this study.

Table C.11: Attitude by Parents’ Education (PISA 2003)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Non-university 60.0 0.17 0.02 −0.03 0.02 0.06 0.02

University 40.0 0.31 0.02 0.08 0.02 0.26 0.02

In PISA 2003, the differences between students whose parents had a university level
of education and those who did not in the domains of instrumental motivation (δ =

0.14, S E = 0.03, t = 5.54), intrinsic motivation (δ = 0.11, S E = 0.02, t = 5.35) and
self concept (δ = 0.20, S E = 0.02, t = 8.58) were statistically significant according
to the one-tailed t-tests. This reflected the result from this study.
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C.2.5 Sets investigations (TInvest)

A similar question was posed to students in the 2012 PISA cycle: students were asked
how often their teacher “assigns projects that require at least one week to complete.”
This question is not completely analogous to the one used in this study, but a comparison
may be useful.

Table C.12: Attitude by Assigns Complex Projects (PISA 2012)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Never or hardly ever 36.5 0.06 0.03 −0.04 0.03 0.03 0.02

Some lessons 39.0 0.10 0.02 0.07 0.03 0.09 0.01

Most lessons 16.3 0.16 0.04 0.12 0.04 0.03 0.03

Every lesson 8.2 0.31 0.06 0.39 0.07 0.21 0.04

The differences between the group with the most positive attitude towards mathematics
and the next most positive group will be examined to investigate whether the differences
between the groups are significant. In the domain of instrumental motivation, there was
a 0.15 point difference between the ‘Every lesson’ and ‘Most lessons’ groups which
was statistically significant (S E = 0.07, t = 2.23). In the domain of intrinsic motiva-
tion, there was a 0.27 point difference between the ‘Every lesson’ and ‘Most lessons’
groups which was statistically significant (S E = 0.07, t = 3.63). In the domain of
self concept, there was a 0.13 point difference between the ‘Every lesson’ and ‘Some
lessons’ groups which was statistically significant (S E = 0.04, t = 2.86).

C.2.6 Provide reasoning (RReason)

There were similar questions posed to the students in the 2012 PISA cycle: students
were asked how often the “teacher asks me or my classmates to present our thinking
or reasoning at some length” and “teacher asks us to explain how we have solved a
problem.” These questions are not completely analogous to the one used in this study,
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but a comparison may be useful.

The differences between the group with the most positive attitude towards mathematics
and the next most positive group will be examined to investigate whether the differences
between the groups are statistically significant.

Table C.13: Attitude by Encourages Thinking and Reasoning (PISA 2012)

Inst. mot Intr. mot Self con.

% Mean SE Mean SE Mean SE

Never or hardly ever 12.1 -0.29 0.06 -0.44 0.05 -0.35 0.04

Some lessons 30.5 -0.02 0.03 -0.12 0.03 -0.06 0.02

Most lessons 36.4 0.19 0.03 0.17 0.02 0.15 0.02

Every lesson 21.1 0.39 0.04 0.42 0.04 0.39 0.03

In the domain of instrumental motivation, there was a 0.20 point difference between
the ‘Every lesson’ and ‘Most lessons’ groups which was statistically significant (S E =

0.05, t = 4.23). In the domain of intrinsic motivation, there was a 0.24 point difference
between the ‘Every lesson’ and ‘Most lessons’ groups which was statistically significant
(S E = 0.05, t = 5.36). In the domain of self concept, there was a 0.24 point difference
between the ‘Every lesson’ and ‘Most lessons’ groups which was statistically significant
(S E = 0.03, t = 7.52).

Table C.14: Attitude by Asks for Explanations (PISA 2012)

Inst. mot Intr. mot Self con.

% Mean SE Mean SE Mean SE

Never or rarely 6.8 -0.35 0.07 -0.52 0.06 -0.34 0.02

Some lessons 22.9 -0.07 0.04 -0.14 0.04 -0.10 0.01

Most lessons 36.0 0.07 0.03 0.04 0.03 0.05 0.03

Always or almost always 34.2 0.37 0.03 0.35 0.03 0.29 0.04
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In the domain of instrumental motivation, there was a 0.30 point difference between the
‘Always or almost always’ and ‘Most lessons’ groups which was statitiscally significant
(S E = 0.04, t = 8.55). In the domain of intrinsic motivation, there was a 0.31 point
difference between the ‘Always or almost always’ and ‘Most lessons’ groups which was
statistically significant (S E = 0.04, t = 8.03). In the domain of self concept, there
was a 0.24 point difference between the ‘Always or almost always’ and ‘Most lessons’
groups which was statistically significant (S E = 0.03, t = 8.44).

C.2.7 Textbook work with others (S Other)

There was a similar question posed to the students in the 2012 PISA cycle: students
were asked how often the “teacher has us work in small groups to come up with joint
solutions to a problem or task.” This question was not completely analogous to the one
used in this study, but a comparison may be useful.

Table C.15: Attitude by Has Students Work in Small Groups (PISA 2012)

Inst. mot Intr. mot Self con.

% Mean SE Mean SE Mean SE

Never or hardly ever 54.1 0.02 0.03 -0.12 0.02 -0.03 0.02

Some lessons 29.2 0.21 0.03 0.23 0.03 0.15 0.02

Most lessons 11.7 0.17 0.05 0.24 0.04 0.14 0.04

Every lesson 5.0 0.40 0.08 0.60 0.07 0.34 0.05

In order to further investigate the result from the post hoc analysis in this study, the
difference between the ‘Never or hardly ever’ and ‘Some lessons’ groups will be con-
sidered. In the domain of instrumental motivation, there was a 0.19 point difference
between the groups which was statistically significant (S E = 0.04, t = 4.79). In the
domain of intrinsic motivation, there was a 0.35 point difference between the groups
which was statistically significant (S E = 0.03, t = 10.17). In the domain of self
concept, there was a 0.18 point difference between the groups which was statistically
significant (S E = 0.02, t = 8.36).
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C.2.8 Help others (S Helping)

There were similar questions posed to the students in the 2012 PISA cycle: students
were asked how often, including inside and outside of school, they “talk about math-
ematics problems with my friends” and “help my friends with mathematics.” These
questions were not completely analogous to the one used in this study, but a comparison
may be useful.

Table C.16: Attitude by Talk About Maths with Friends (PISA 2012)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Never or rarely 50.8 0.01 0.02 −0.24 0.02 −0.16 0.02

Sometimes 32.3 0.41 0.02 0.35 0.02 0.22 0.03

Often 13.5 0.59 0.03 0.60 0.03 0.44 0.04

Always or almost always 3.4 0.70 0.07 0.85 0.08 0.58 0.10

In order to further investigate the result from the post hoc analysis in this study, the
difference between the ‘Always or almost always’ group and the other groups will be
considered.

Table C.17: Attitude by Talk About Maths
with Friends (Differences)
(PISA 2012)

Often Sometimes Never

Inst. mot. 0.11 0.30 0.70

Intr. mot. 0.24 0.50 1.09

Self con. 0.14 0.35 0.74

In the domain of instrumental motivation, there was a statistically significant difference
between the ‘Always or almost always’ group and the ‘Sometimes’ (S E = 0.07, t =
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4.20), and ‘Never or rarely’ (S E = 0.07, t = 10.31) groups, but not the ‘Often’
group (S E = 0.08, t = 1.40). In the domain of intrinsic motivation, there was a
statistically significant difference between the ‘Always or almost always’ group and the
‘Often’ (S E = 0.08, t = 3.09), ‘Sometimes’ (S E = 0.08, t = 6.44) and ‘Never or
rarely’ (S E = 0.08, t = 14.10) groups. In the domain of self concept, there was a
statistically significant difference between the ‘Always or almost always’ group and the
‘Sometimes’ (S E = 0.10, t = 3.43), and ‘Never or rarely’ (S E = 0.10, t = 7.44)
groups, but not the ‘Often’ group (S E = 0.10, t = 1.37).

Table C.18: Attitude by Help Friends with Maths (PISA 2012)

Inst. mot. Intr. mot. Self con.

% Mean S.E. Mean S.E. Mean S.E.

Never or rarely 26.9 −0.26 0.03 −0.54 0.02 −0.52 0.03

Sometimes 44.5 0.24 0.02 0.08 0.02 0.06 0.02

Often 22.7 0.60 0.02 0.61 0.02 0.56 0.03

Always or almost always 5.8 0.90 0.04 1.02 0.05 0.99 0.05

In order to further investigate the result from the post hoc analysis in this study, the
difference between the ‘Always or almost always’ group and the other groups will be
considered.

Table C.19: Attitude by Help Friends with
Maths (Differences) (PISA
2012)

Often Sometimes Never

Inst. mot. 0.30 0.66 1.16

Intr. mot. 0.42 0.94 1.56

Self con. 0.43 0.93 1.51
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In the domain of instrumental motivation, there was a statistically significant difference
between the ‘Always or almost always’ group and the ‘Often’ (S E = 0.04, t = 7.49),
‘Sometimes’ (S E = 0.04, t = 17.10) and ‘Never or rarely’ (S E = 0.05, t =

24.69) groups. In the domain of intrinsic motivation, there was a statistically signif-
icant difference between the ‘Always or almost always’ group and the ‘Often’ (S E =

0.05, t = 8.59), ‘Sometimes’ (S E = 0.05, t = 18.24) and ‘Never or rarely’ (S E =

0.05, t = 29.57) groups. In the domain of self concept, there was a statistically
significant difference between the ‘Always or almost always’ group and the ‘Often’
(S E = 0.06, t = 7.01), ‘Sometimes’ (S E = 0.06, t = 16.26) and ‘Never or rarely’
(S E = 0.06, t = 26.33) groups.

C.2.9 Textbook method (S Method)

There was a similar question posed to the students in the 2012 PISA cycle: students
were asked how often “the teacher asks us to decide on our own procedures for solving
complex problems.” This question is not completely analogous to the one used in this
study, but a comparison may be useful.

Table C.20: Attitude by Asks to Use Own Procedures (PISA 2012)

Inst. mot Intr. mot Self con.

% Mean SE Mean SE Mean SE

Never or rarely 20.5 -0.11 0.04 -0.27 0.04 -0.17 0.03

Sometimes 38.2 0.06 0.02 -0.02 0.03 0.02 0.02

Often 28.6 0.21 0.03 0.22 0.04 0.19 0.02

Always or almost always 12.6 0.40 0.05 0.47 0.05 0.35 0.04

The following analysis will consider the difference between the two groups with the
closest means for each domain. In the domain of instrumental motivation, there was a
statistically significant difference between the ‘Often’ and ‘Sometimes’ groups (S E =

0.04, t = 3.54). In the domain of intrinsic motivation, there was a statistically signif-
icant difference between the ‘Often’ and ‘Sometimes’ groups (S E = 0.04, t = 5.69).
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In the domain of self concept, there was a statistically significant difference between the
‘Always or almost always’ and ‘Often’ groups (S E = 0.05, t = 3.28). In fact, there
were statistically significant differences between all groups across all domains.

C.3 Other

Tables C.21 and C.22 are cross-tabulation frequency tables referred to in Chapter 5.

Table C.21: Comparison of Expected Education and Parents’
Education

Parents’ Education

Non-uni. Uni. Total

Ex. Ed. Non-uni. 29 (22.4) 9 (15.6) 38

Undergrad. 51 (52.5) 38 (36.5) 89

Postgrad. 32 (37.1) 31 (25.9) 63

Total 112 78 190

Note: figures in brackets are the expected values (based on the respective row and
column totals) for the adjacent cells to the left.

Table C.22: Comparison of Country of Birth and Primary Language

Primary Language

English Other Total

Country of Birth Australia 139 (121.6) 14 (16.2) 153

Other 16 (33.4) 26 (23.8) 42

Total 155 40 195

Note: figures in brackets are the expected values (based on the respective row and
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column totals) for the adjacent cells to the left.
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Appendix D

Attitude (HLM)

This appendix provides additional data that pertains to analyses and discussion in Sec-
tion 8.3 in Chapter 8. The following are hierarchical linear models that have been com-
puted for the purposes of the analysis.

D.1 Unconditional Model

The following is the two-level unconditional model with Attitude as the outcome.

(Attitude)i, j = β0, j + ri, j

β0, j = γ0,0 + u0, j

Table D.1: Unconditional (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.164 0.119 1.375 14 0.191

447
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Table D.2: Unconditional (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.370 0.137 14 42.054 0.000

r 0.898 0.807

The variability between classrooms was statistically significant which supports the two
level modelling of the clustering of scores within classrooms. The deviance statistic was
666.857 with three estimated parameters.

D.2 Background

D.2.1 Sex

The following is the two-level conditional model with S ex as a Level 1 predictor vari-
able. In this model the relationship between S ex and Attitude was assumed to be
fixed across the groups.

(Attitude)i, j = β0, j + β1, j(Sex)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table D.3: Attitude by Sex (Fixed Model) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 −0.089 0.151 −0.586 14 0.567

γ1,0 0.404 0.145 2.782 167 0.006
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Table D.4: Attitude by Sex (Fixed Model) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.378 0.143 14 44.633 0.000

r 0.880 0.775

The deviance statistic was 659.268 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 7.589, p = 0.006).
Based on these results, there is enough evidence to include S ex (fixed across schools)
in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S ex and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(Sex)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table D.5: Attitude by Sex (Random) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.575 0.237 2.431 14 0.029

γ1,0 0.652 0.233 2.798 14 0.014



450 APPENDIX D. ATTITUDE (HLM)

Table D.6: Attitude by Sex (Random) (Variance Com-
ponents)

Std. dev. Var. comp. d.f. χ2 p

u0 0.577 0.333 12 16.316 0.177

u1 0.055 0.003 12 5.673 0.932

r 1.415 2.001

The chi-square tests above were based on 13 of the 15 schools because of insufficient
data from the other two schools.

The deviance statistic was 659.239 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 7.618, p = 0.053)
or the previous fixed model (χ2

2 = 0.029, p = 0.986). Based on these results, there
is not enough evidence to include S ex in the model as random instead of fixed across
schools.

D.2.2 Country of birth

The following is the two-level conditional model with Country of Birth as a Level
1 predictor variable. In this model the relationship between Country of Birth and
Attitude was assumed to be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(CoB)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0
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Table D.7: Attitude by Country of Birth (Fixed)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.105 0.120 0.878 14 0.395

γ1,0 0.255 0.176 1.449 167 0.149

Table D.8: Attitude by Country of Birth (Fixed) (Vari-
ance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.342 0.117 14 37.853 0.000

r 0.899 0.808

The deviance statistic was 664.7172 with four estimated parameters which was not
statistically significantly different from the unconditional model (χ2

1 = 2.141, p =

0.139). Based on these results, there is not enough evidence to suggest Country of
Birth (fixed across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Country of Birth and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(CoB)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table D.9: Attitude by Country of Birth (Random)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.161 0.150 1.071 14 0.302

γ1,0 0.250 0.211 1.188 14 0.255

Table D.10: Attitude by Country of Birth (Random)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.483 0.234 11 43.245 0.000

u1 0.486 0.236 11 21.153 0.032

r 0.876 0.767

The chi-square tests above were based on 12 of the 15 schools because of insufficient
data from the other two schools.

The deviance statistic was 660.073 with six estimated parameters which was not sta-
tistically significantly different to the unconditional model (χ2

3 = 6.784, p = 0.078, or
the fixed model above (χ2

2 = 4.644, p = 0.098). Based on these results, there is not
enough evidence to suggest that Country of Birth should be included in the model as
random instead of fixed across schools.

D.2.3 Primary language

The following is the two-level conditional model with Primary Language as a Level
1 predictor variable. In this model the relationship between Primary Language and
Attitude was assumed to be fixed across the groups.
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(Attitude)i, j = β0, j + β1, j(Lang)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table D.11: Attitude by Primary Language (Fixed)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.065 0.125 0.518 14 0.612

γ1,0 0.509 0.176 2.884 162 0.004

Table D.12: Attitude by Primary Language (Fixed)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.375 0.141 14 42.464 0.000

r 0.881 0.777

The deviance statistic was 643.421 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 23.437, p = 0.000).
Based on these results, there is enough evidence to suggest Primary Language (fixed
across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Primary Language and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(Lang)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table D.13: Attitude by Primary Language (Ran-
dom) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.072 0.136 0.533 14 0.603

γ1,0 0.449 0.188 2.389 14 0.032

Table D.14: Attitude by Primary Language (Random)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.428 0.184 10 27.556 0.002

u1 0.315 0.099 10 13.297 0.207

r 0.874 0.764

The chi-square tests above were based on 11 of the 15 schools because of insufficient
data from the other four schools.

The deviance statistic was 641.537 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 25.320, p = 0.000),
but not to the fixed model above (χ2

2 = 1.884, p = 0.390). Based on these results,
there is not enough evidence to suggest that Primary Language could be included in
the model as random instead of fixed across schools.

D.2.4 Expected education

The following is the two-level conditional model with Expected Education as a Level
1 predictor variable. In this model the relationship between Expected Education and
Attitude was assumed to be fixed across the groups. The variable has been dummy
coded as two binary variables, ExEdRX, where:
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X Category

NU Non-university education

UG Undergraduate degree or equivalent

and ‘Postgraduate degree or equivalent’ is the reference category represented as a score
of zero on both variables.

(Attitude)i, j = β0, j + β1, j(ExEdNU)i, j + β2, j(ExEdUG)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

β2, j = γ2,0

Table D.15: Attitude by Expected Education
(Fixed) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.556 0.142 3.903 14 0.002

γ1,0 −0.714 0.201 −3.560 164 0.000

γ2,0 −0.579 0.156 −3.701 164 0.000

Table D.16: Attitude by Expected Education (Fixed)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.286 0.082 14 31.110 0.006

r 0.866 0.749
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The deviance statistic was 640.239 with five estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

2 = 26.618, p = 0.000).
Based on these results, there is enough evidence to suggest that Expected Educa-
tion (fixed across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Expected Education and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(ExEdNU)i, j + β2, j(ExEdUG)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

β2, j = γ2,0 + u2, j

Table D.17: Attitude by Expected Education (Ran-
dom) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.562 0.116 4.823 14 0.000

γ1,0 −0.777 0.185 −4.195 14 0.000

γ2,0 −0.601 0.174 −3.461 14 0.004

Table D.18: Attitude by Expected Education (Ran-
dom) (Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.097 0.010 10 9.356 0.499

u1 0.079 0.006 10 6.070 0.809

u2 0.322 0.104 10 9.188 0.514

r 0.857 0.735
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The chi-square tests above were based on 11 of the 15 schools because of insufficient
data from the other four schools.

The deviance statistic was 637.587 with ten estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

7 = 29.270, p = 0.000),
but not the fixed model (χ2

5 = 2.652, p = 0.753). Based on these results, there is not
enough evidence to suggest that Expected Education should be included in the model
as random instead of fixed across schools.

D.2.5 Parents’ education

The following is the two-level conditional model with Parents’ Education as a Level
1 predictor variable. In this model the relationship between Parents’ Education and
Attitude was assumed to be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(ParEd)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0

Table D.19: Attitude by Parents’ Education (Fixed)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.113 0.135 0.836 14 0.417

γ1,0 0.123 0.149 0.828 161 0.409
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Table D.20: Attitude by Parents’ Education (Fixed)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.360 0.130 14 39.162 0.000

r 0.902 0.814

The deviance statistic was 645.139 with four estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

1 = 21.718, p =

0.000). Based on these results, there is enough evidence to suggest that Parents’ Edu-
cation (fixed across schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between Parents’ Education and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(ParEd)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table D.21: Attitude by Parents’ Education (Ran-
dom) (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.130 0.147 0.888 14 0.390

γ1,0 0.115 0.153 0.751 14 0.465
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Table D.22: Attitude by Parents’ Education (Random)
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.414 0.172 13 33.699 0.002

u1 0.141 0.020 13 15.202 0.294

r 0.901 0.812

The chi-square tests above were based on 14 of the 15 schools because of insufficient
data from the other schools.

The deviance statistic was 644.744 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

6 = 22.113, p = 0.000),
but not the fixed model (χ2

2 = 0.395, p = 0.821). Based on these results, there is not
enough evidence to suggest that Parents’ Education should be included in the model
as random instead of fixed across schools.

D.2.6 Summary

The following is the two-level conditional model with S ex, Primary Language and
Expected Education as Level 1 predictor variables. The relationship between all three
variables and Attitude was assumed to be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(Sex)i, j + β2, j(Lang)i, j + β3, j(ExEdNU)i, j

+ β4, j(ExEdUG)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 4)
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Table D.23: Attitude by Background Variables
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.218 0.175 1.241 14 0.235

γ1,0 0.396 0.139 2.843 157 0.005

γ2,0 0.398 0.170 2.345 157 0.020

γ3,0 −0.683 0.198 −3.446 157 0.000

γ4,0 −0.555 0.153 −3.634 157 0.000

Table D.24: Attitude by Background Variables (Vari-
ance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.331 0.109 14 37.543 0.002

r 0.831 0.690

These results indicate that S ex, Primary Language and Expected Education had
statistically significant direct effects on Attitude.

The deviance statistic was 611.185 with seven estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

4 = 55.672, p = 0.000).
There was also a significant difference in the deviance statistic between this model
and the models only including S ex (χ2

3 = 48.083, p = 0.000), Primary Lan-
guage (χ2

3 = 32.236, p = 0.000) and Expected Education (χ2
2 = 29.054, p = 0.000).

Based on these results, there is enough evidence to suggest that the background variables
model above should be accepted in preference to the those other models.
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D.3 Teacher’s Practices

Each variable TX in this section has been dummy coded as three binary variables, XY ,

where:

Y Category

N Never or hardly ever

S Sometimes

M Most lessons

and ‘Every lesson’ is the reference category and represented as a score of zero on all
three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

D.3.1 Problems on the board

The following is the two-level conditional model with TBoard as a Level 1 predictor
variable. In this model the relationship between TBoard and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(BoardN)i, j + β2, j(BoardS)i, j + β3, j(BoardM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table D.25: Attitude by TBoard (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.194 0.153 1.273 14 0.224

γ1,0 −0.250 0.358 −0.697 165 0.487

γ2,0 −0.049 0.203 −0.239 165 0.811

γ3,0 −0.029 0.166 −0.173 165 0.863

Table D.26: Attitude by TBoard (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.364 0.132 14 40.219 0.000

r 0.906 0.820

The deviance statistic was 666.333 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 0.524, p = 0.914).
Based on these results, there is not enough evidence to suggest TBoard (fixed across
schools) should be included in the model.

D.3.2 Teaching new topics with the textbook

The following is the two-level conditional model with TTopics as a Level 1 predictor
variable. In this model the relationship between TTopics and Attitude was assumed to
be fixed across the groups.
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(Attitude)i, j = β0, j + β1, j(TopicsN)i, j + β2, j(TopicsS)i, j + β3, j(TopicsM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.27: Attitude by TTopics (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.176 0.170 1.037 14 0.317

γ1,0 −0.116 0.311 −0.374 165 0.709

γ2,0 −0.104 0.203 −0.515 165 0.608

γ3,0 0.041 0.178 0.229 165 0.819

Table D.28: Attitude by TTopics (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.361 0.130 14 39.848 0.000

r 0.905 0.819

The deviance statistic was 665.973 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 0.884, p = 0.829).
Based on these results, there is not enough evidence to suggest TTopics (fixed across
schools) should be included in the model.
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D.3.3 Refers to the textbook

The following is the two-level conditional model with TRe f er as a Level 1 predictor
variable. In this model the relationship between TRe f er and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(ReferN)i, j + β2, j(ReferS)i, j + β3, j(ReferM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.29: Attitude by TRefer (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.096 0.182 0.527 14 0.607

γ1,0 −0.114 0.286 −0.398 164 0.691

γ2,0 −0.030 0.206 −0.146 164 0.884

γ3,0 0.193 0.184 1.044 164 0.298

Table D.30: Attitude by TRefer (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.580 0.337 14 40.240 0.000

r 1.448 2.098

The deviance statistic was 662.834 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 4.024, p = 0.258).
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Based on these results, there is not enough evidence to suggest TRe f er (fixed across
schools) should be included in the model.

D.3.4 Sets investigations

The following is the two-level conditional model with TInvest as a Level 1 predictor
variable. In this model the relationship between TInvest and Attitude was assumed
to be fixed across the groups. The ‘Never or hardly ever’ group has been used as the
reference group due to the low number of respondents in the ‘Every lesson’ group.

(Attitude)i, j = β0, j + β1, j(InvestS)i, j + β2, j(InvestM)i, j + β3, j(InvestE)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.31: Attitude by TInvest (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.069 0.155 0.433 14 0.665

γ1,0 0.123 0.163 0.759 162 0.449

γ2,0 0.389 0.212 1.833 162 0.069

γ3,0 −0.431 0.313 −1.380 162 0.169

Table D.32: Attitude by TInvest (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.364 0.132 14 40.567 0.000

r 0.890 0.793
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The deviance statistic was 651.404 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 15.453, p = 0.002).
Based on these results, there is enough evidence to suggest TInvest (fixed across schools)
should be included in the model.

D.3.5 Teacher roaming

The following is the two-level conditional model with TRoam as a Level 1 predictor
variable. In this model the relationship between TRoam and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(RoamN)i, j + β2, j(RoamS)i, j + β3, j(RoamM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.33: Attitude by TRoam (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.363 0.144 2.523 14 0.024

γ1,0 −0.344 0.281 −1.224 164 0.223

γ2,0 −0.656 0.191 −3.429 164 0.000

γ3,0 −0.173 0.157 −1.104 164 0.271
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Table D.34: Attitude by TRoam (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.381 0.145 14 45.087 0.000

r 0.875 0.766

The deviance statistic was 653.653 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 13.204, p = 0.005).
Based on these results, there is enough evidence to suggest TRoam (fixed across schools)
should be included in the model.

D.3.6 Uses technology

The following is the two-level conditional model with TTech as a Level 1 predictor
variable. In this model the relationship between TTech and Attitude was assumed
to be fixed across the groups. The ‘Never or hardly ever’ group has been used as the
reference group due to the low number of respondents in the ‘Every lesson’ group.

(Attitude)i, j = β0, j + β1, j(TechS)i, j + β2, j(TechM)i, j + β3, j(TechE)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table D.35: Attitude by TTech (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.083 0.141 0.592 14 0.563

γ1,0 0.188 0.150 1.253 163 0.212

γ2,0 0.112 0.225 0.498 163 0.619

γ3,0 0.204 0.541 0.376 163 0.707

Table D.36: Attitude by TTech (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.376 0.141 14 42.044 0.000

r 0.904 0.817

The deviance statistic was 658.916 with six estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

3 = 7.941, p = 0.046).
Based on these results, there is enough evidence to suggest TTech (fixed across schools)
should be included in the model.

D.3.7 Teaches problem solving

The following is the two-level conditional model with TS trat as a Level 1 predictor
variable. In this model the relationship between TS trat and Attitude was assumed to
be fixed across the groups.
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(Attitude)i, j = β0, j + β1, j(StratN)i, j + β2, j(StratS)i, j + β3, j(StratM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.37: Attitude by TStrat (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.183 0.173 1.056 14 0.309

γ1,0 −0.397 0.556 −0.715 164 0.476

γ2,0 −0.022 0.194 −0.115 164 0.909

γ3,0 −0.007 0.176 −0.039 164 0.969

Table D.38: Attitude by TStrat (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.365 0.133 14 40.509 0.000

r 0.907 0.822

The deviance statistic was 664.939 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 1.918, p = 0.590).
Based on these results, there is not enough evidence to suggest TS trat (fixed across
schools) should be included in the model.
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D.4 Required Practices

Each variable RX in this section has been dummy coded as three binary variables, XY ,

where:

Y Category

N Never or hardly ever

S Sometimes

M Most lessons

and ‘Every lesson’ is the reference category and represented as a score of zero on all
three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

D.4.1 Textbook exercises

The following is the two-level conditional model with RExer as a Level 1 predictor
variable. In this model the relationship between RExer and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(ExerN)i, j + β2, j(ExerS)i, j + β3, j(ExerM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table D.39: Attitude by RExer (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.200 0.133 1.497 14 0.157

γ1,0 −0.448 0.350 −1.281 164 0.202

γ2,0 −0.149 0.241 −0.621 164 0.536

γ3,0 −0.012 0.167 −0.071 164 0.943

Table D.40: Attitude by RExer (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.357 0.127 14 38.978 0.000

r 0.905 0.819

The deviance statistic was 663.967 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 2.890, p = 0.409).
Based on these results, there is not enough evidence to suggest RExer (fixed across
schools) should be included in the model.

D.4.2 Textbook examples

The following is the two-level conditional model with RExamp as a Level 1 predictor
variable. In this model the relationship between RExamp and Attitude was assumed to
be fixed across the groups.
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(Attitude)i, j = β0, j + β1, j(ExampN)i, j + β2, j(ExampS)i, j + β3, j(ExampM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.41: Attitude by RExamp (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.163 0.173 0.943 14 0.362

γ1,0 −0.313 0.273 −1.146 164 0.254

γ2,0 0.016 0.212 0.077 164 0.939

γ3,0 0.041 0.180 0.227 164 0.821

Table D.42: Attitude by RExamp (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.360 0.130 14 39.822 0.000

r 0.900 0.810

The deviance statistic was RExamp with six estimated parameters which was statistically
significantly different from the unconditional model (χ2

3 = 4.604, p = 0.202). Based
on these results, there is not enough evidence to suggest RExamp (fixed across schools)
should be included in the model.
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D.4.3 Textbook theory

The following is the two-level conditional model with RTheory as a Level 1 predictor
variable. In this model the relationship between RTheory and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(TheoryN)i, j + β2, j(TheoryS)i, j + β3, j(TheoryM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.43: Attitude by RTheory (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.266 0.222 1.196 14 0.252

γ1,0 −0.292 0.276 −1.056 165 0.292

γ2,0 −0.104 0.234 −0.446 165 0.656

γ3,0 −0.072 0.230 −0.315 165 0.753

Table D.44: Attitude by RTheory (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.368 0.135 14 41.463 0.000

r 0.903 0.815

The deviance statistic was 665.497 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 1.361, p = 0.715).
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Based on these results, there is not enough evidence to suggest RTheory (fixed across
schools) should be included in the model.

D.4.4 Provide reasoning

The following is the two-level conditional model with RReason as a Level 1 predictor
variable. In this model the relationship between RReason and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(ReasonN)i, j + β2, j(ReasonS)i, j + β3, j(ReasonM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.45: Attitude by RReason (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.366 0.220 1.663 14 0.119

γ1,0 −0.260 0.328 −0.792 164 0.429

γ2,0 −0.380 0.220 −1.722 164 0.087

γ3,0 −0.064 0.223 −0.286 164 0.776

Table D.46: Attitude by RReason (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.382 0.146 14 43.635 0.000

r 0.891 0.795
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The deviance statistic was 660.030 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 6.827, p = 0.076).
Based on these results, there is not enough evidence to suggest RReason (fixed across
schools) should be included in the model.

D.4.5 Memorisation

The following is the two-level conditional model with RMem as a Level 1 predictor
variable. In this model the relationship between RMem and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(MemN)i, j + β2, j(MemS)i, j + β3, j(MemM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.47: Attitude by RMem (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.502 0.182 2.764 14 0.015

γ1,0 −1.071 0.376 −2.851 162 0.005

γ2,0 −0.349 0.202 −1.728 162 0.086

γ3,0 −0.427 0.183 −2.342 162 0.020
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Table D.48: Attitude by RMem (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.365 0.134 14 41.528 0.000

r 0.885 0.783

The deviance statistic was 649.467 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 17.390, p = 0.000).
Based on these results, there is enough evidence to suggest RMem (fixed across schools)
should be included in the model.

D.4.6 Complete for homework

The following is the two-level conditional model with RHome as a Level 1 predictor
variable. In this model the relationship between RHome and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(HomeN)i, j + β2, j(HomeS)i, j + β3, j(HomeM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table D.49: Attitude by RHome (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.273 0.154 1.765 14 0.099

γ1,0 −0.528 0.671 −0.787 162 0.432

γ2,0 −0.309 0.231 −1.336 162 0.183

γ3,0 −0.131 0.156 −0.843 162 0.401

Table D.50: Attitude by RHome (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.368 0.135 14 40.518 0.000

r 0.901 0.812

The deviance statistic was 655.849 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 11.008, p = 0.012).
Based on these results, there is enough evidence to suggest RHome (fixed across schools)
should be included in the model.

D.5 Student’s Practices

Each variable S X in this section has been dummy coded as three binary variables, XY ,

where:
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Y Category

N Never or hardly ever

S Sometimes

M Most lessons

and ‘Every lesson’ is the reference category and represented as a score of zero on all
three variables. In this section, all variables have been assumed to be fixed across
schools - there was not enough data to compute the models in which the variables are
assumed to be random across schools.

D.5.1 Individual textbook work

The following is the two-level conditional model with S Indiv as a Level 1 predictor
variable. In this model the relationship between S Indiv and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(IndivN)i, j + β2, j(IndivS)i, j + β3, j(IndivM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.51: Attitude by SIndiv (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.531 0.190 2.786 14 0.015

γ1,0 −1.038 0.334 −3.106 164 0.002

γ2,0 −0.557 0.217 −2.563 164 0.011

γ3,0 −0.346 0.196 −1.764 164 0.080
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Table D.52: Attitude by SIndiv (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.340 0.115 14 37.544 0.000

r 0.881 0.775

The deviance statistic was 653.527 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 13.331, p = 0.004).
Based on these results, there is enough evidence to suggest S Indiv (fixed across schools)
should be included in the model.

D.5.2 Textbook work with others

The following is the two-level conditional model with S Other as a Level 1 predictor
variable. In this model the relationship between S Other and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(OtherN)i, j + β2, j(OtherS)i, j + β3, j(OtherM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)
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Table D.53: Attitude by SOther (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.305 0.188 1.621 14 0.127

γ1,0 −0.857 0.282 −3.041 164 0.003

γ2,0 −0.001 0.208 −0.001 164 0.999

γ3,0 −0.155 0.194 −0.802 164 0.424

Table D.54: Attitude by SOther (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.342 0.117 14 38.214 0.000

r 0.880 0.775

The deviance statistic was 653.469 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 13.388, p = 0.004).
Based on these results, there is enough evidence to suggest S Other (fixed across schools)
should be included in the model, but other variables are better candidates for inclu-
sion.

D.5.3 Group projects

The following is the two-level conditional model with S Invest as a Level 1 predictor
variable. In this model the relationship between S Invest and Attitude was assumed
to be fixed across the groups. The ‘Never or hardly ever’ group has been used as the
reference group due to the low number of respondents in the ‘Every lesson’ group.
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(Attitude)i, j = β0, j + β1, j(InvestN)i, j + β2, j(InvestS)i, j + β3, j(InvestM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Note that in this analysis, the reference group is the ‘Never or hardly ever’ group due to
the low number of respondents in the ‘Every lesson’ group.

Table D.55: Attitude by SInvest (Modified) (Fixed)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 −0.151 0.158 −0.957 14 0.355

γ1,0 0.454 0.162 2.808 164 0.006

γ2,0 0.522 0.208 2.507 164 0.013

γ3,0 0.141 0.533 0.265 164 0.791

Table D.56: Attitude by SInvest (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.376 0.141 14 44.042 0.000

r 0.882 0.778

The deviance statistic was 656.149 with six estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

3 = 10.708, p =

0.013). Based on these results, there is enough evidence to suggest S Invest (fixed across
schools) should be included in the model.
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D.5.4 Help others

The following is the two-level conditional model with S Helping as a Level 1 predictor
variable. In this model the relationship between S Helping and Attitude was assumed
to be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(HelpingN)i, j + β2, j(HelpingS)i, j + β3, j(HelpingM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.57: Attitude by SHelping (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.848 0.193 4.385 14 0.000

γ1,0 −1.134 0.294 −3.852 163 0.000

γ2,0 −0.826 0.203 −4.078 163 0.000

γ3,0 −0.738 0.204 −3.623 163 0.000

Table D.58: Attitude by SHelping (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.334 0.112 14 38.008 0.000

r 0.861 0.742

The deviance statistic was 640.269 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 26.588, p = 0.000).
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Based on these results, there is enough evidence to suggest S Helping (fixed across
schools) should be included in the model.

D.5.5 Others help me

The following is the two-level conditional model with S Helped as a Level 1 predictor
variable. In this model the relationship between S Helped and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(HelpedN)i, j + β2, j(HelpedS)i, j + β3, j(HelpedM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.59: Attitude by SHelped (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 −0.049 0.263 −0.186 14 0.855

γ1,0 0.506 0.298 1.701 164 0.091

γ2,0 0.275 0.262 1.049 164 0.296

γ3,0 −0.065 0.274 −0.236 164 0.814

Table D.60: Attitude by SHelped (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.368 0.136 14 42.813 0.000

r 0.886 0.784
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The deviance statistic was 657.012 with six estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

3 = 9.845, p = 0.020).
Based on these results, there is enough evidence to suggest S Helped (fixed across schools)
should be included in the model, but other variables are better candidates for inclu-
sion.

D.5.6 Textbook method

The following is the two-level conditional model with S Method as a Level 1 predictor
variable. In this model the relationship between S Method and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(MethodN)i, j + β2, j(MethodS)i, j + β3, j(MethodM)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.61: Attitude by SMethod (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 −0.092 0.221 −0.417 14 0.683

γ1,0 −0.060 0.323 −0.185 164 0.854

γ2,0 0.217 0.238 0.912 164 0.363

γ3,0 0.383 0.227 1.692 164 0.093
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Table D.62: Attitude by SMethod (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.355 0.126 14 39.022 0.000

r 0.897 0.804

The deviance statistic was 660.675 with six estimated parameters which was not sta-
tistically significantly different from the unconditional model (χ2

3 = 6.182, p = 0.102).
Based on these results, there is not enough evidence to suggest S Method (fixed across
schools) should be included in the model.

D.5.7 Summary

The following is the two-level conditional model with S Indiv, S Invest, S Helping and
S Helped as Level 1 predictor variables. In this model, the relationship between S Indiv,

S Invest, S Helping and S Helped and Attitude was assumed to be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(IndivN)i, j + β2, j(IndivS)i, j + β3, j(IndivM)i, j

+ β4, j(InvestS)i, j + β5, j(InvestM)i, j + β6, j(InvestE)i, j

+ β7, j(HelpingN)i, j + β8, j(HelpingS)i, j + β9, j(HelpingM)i, j

+ β10, j(HelpedS)i, j + β11, j(HelpedM)i, j + β12, j(HelpedE)i, j + ri, j

β0, j = γ0,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 12)
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Table D.63: Attitude by Student’s Practices Vari-
ables (Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 1.334 0.273 4.886 14 0.004

γ1,0 −1.114 0.304 −3.663 154 0.000

γ2,0 −0.524 0.193 −2.715 154 0.007

γ3,0 −0.329 0.174 −1.892 154 0.060

γ4,0 0.502 0.144 3.489 154 0.000

γ5,0 0.685 0.192 3.563 154 0.000

γ6,0 0.473 0.506 0.963 154 0.351

γ7,0 −1.198 0.280 −4.276 154 0.000

γ8,0 −1.010 0.204 −4.950 154 0.000

γ9,0 −0.810 0.201 −4.030 154 0.000

γ10,0 −0.223 0.184 −1.212 154 0.227

γ11,0 −0.754 0.199 −3.794 154 0.000

γ12,0 −1.108 0.287 −3.853 154 0.000

Table D.64: Attitude by Student’s Practices Variables
(Variance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.290 0.084 14 35.659 0.001

r 0.773 0.598

The deviance statistic was 591.172 with fifteen estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

12 = 75.685, p = 0.000)
and the previous model (χ2

3 = 26.581, p = 0.000). Based on these results, there
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is enough evidence to include S Indiv, S Invest, S Helping and S Helped (fixed across
schools) in the model.

D.6 Source

D.6.1 Websites

The following is the two-level conditional model with S oWeb as a Level 1 predictor
variable. In this model the relationship between S oWeb and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(SoWeb)i, j + ri, j

β1, j = γ1,0

Table D.65: Attitude by SoWeb (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.037 0.128 0.292 14 0.774

γ1,0 0.345 0.141 2.438 162 0.016

Table D.66: Attitude by SoWeb (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.351 0.123 14 39.053 0.000

r 0.891 0.793
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The deviance statistic was 645.752 with four estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

1 = 21.105, p =

0.000). Based on these results, there is enough evidence to suggest S oWeb (fixed across
schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S oWeb and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(SoWeb)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table D.67: Attitude by SoWeb (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.044 0.156 0.284 14 0.781

γ1,0 0.338 0.163 2.068 14 0.058

Table D.68: Attitude by SoWeb (Random) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.482 0.233 14 42.443 0.000

u1 0.310 0.096 14 15.325 0.356

r 0.876 0.768

The deviance statistic was 642.295 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 24.562, p = 0.000),
but not to the fixed model (χ2

2 = 3.457, p = 0.178). Based on these results, there is
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not enough evidence to suggest S oWeb should be included as random instead of fixed
across schools.

D.6.2 Textbook

The following is the two-level conditional model with S oText as a Level 1 predictor
variable. In this model the relationship between S oText and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(SoText)i, j + ri, j

β1, j = γ1,0

Table D.69: Attitude by SoText (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 −0.364 0.253 −1.439 14 0.172

γ1,0 0.572 0.248 2.309 164 0.022

Table D.70: Attitude by SoText (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.332 0.110 14 36.392 0.001

r 0.894 0.800

The deviance statistic was 653.406 with four estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

1 = 13.451, p =

0.000). Based on these results, there is enough evidence to suggest S oText (fixed across
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schools) should be included in the model. There was not enough data to compute the
model in which S oText is assumed to be random across schools.

D.6.3 Other books

The following is the two-level conditional model with S oBooks as a Level 1 predictor
variable. In this model the relationship between S oBooks and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(SoBooks)i, j + ri, j

β1, j = γ1,0

Table D.71: Attitude by SoBooks (Fixed) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 −0.020 0.126 −0.158 14 0.877

γ1,0 0.452 0.136 3.325 162 0.001

Table D.72: Attitude by SoBooks (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.338 0.114 14 37.804 0.000

r 0.880 0.774

The deviance statistic was 640.830 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 26.027, p = 0.000).
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Based on these results, there is enough evidence to suggest S oBooks (fixed across
schools) should be included in the model.

The following is the same model as above, but without the assumption that the relation-
ship between S oBooks and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(SoBooks)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table D.73: Attitude by SoBooks (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.021 0.156 0.135 14 0.895

γ1,0 0.409 0.160 2.558 14 0.023

Table D.74: Attitude by SoBooks (Random) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.488 0.238 14 44.120 0.000

u1 0.331 0.109 14 19.403 0.150

r 0.865 0.748

The deviance statistic was 637.485 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 29.372, p = 0.000),
but not to the fixed model (χ2

2 = 3.345, p = 0.188). Based on these results, there is
not enough evidence to suggest S oBooks should be included as random instead of fixed
across schools.
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D.6.4 Other students or siblings

The following is the two-level conditional model with S oPeers as a Level 1 predictor
variable. In this model the relationship between S oPeers and Attitude was assumed to
be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(SoPeers)i, j + ri, j

β1, j = γ1,0

Table D.75: Attitude by SoPeers (Fixed) (Fixed Ef-
fects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.177 0.191 0.927 14 0.369

γ1,0 −0.003 0.183 −0.018 162 0.986

Table D.76: Attitude by SoPeers (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.374 0.140 14 41.551 0.000

r 0.903 0.816

The deviance statistic was 651.696 with four estimated parameters which was sta-
tistically significantly different from the unconditional model (χ2

1 = 15.161, p =

0.000). Based on these results, there is enough evidence to suggest S oPeers (fixed
across schools) should be included in the model, but other variables are better candi-
dates for inclusion.

The following is the same model as above, but without the assumption that the relation-
ship between S oPeers and Attitude was fixed across groups.
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(Attitude)i, j = β0, j + β1, j(SoPeers)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table D.77: Attitude by SoPeers (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.113 0.337 0.334 14 0.744

γ1,0 0.051 0.331 0.153 14 0.881

Table D.78: Attitude by SoPeers (Random) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 1.033 1.068 11 47.383 0.000

u1 0.962 0.925 11 37.859 0.000

r 0.843 0.710

The chi-square tests about are based on 12 of the 15 schools due to a lack of data in the
remaining schools.

The deviance statistic was 643.352 with six estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

3 = 23.505, p = 0.000)
and to the fixed model (χ2

2 = 8.344, p = 0.015). Based on these results, there is enough
evidence to suggest S oPeers should be included in the model as random instead of fixed
across schools, but other variables are better candidates for inclusion.
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D.6.5 Parents

The following is the two-level conditional model with S oParent as a Level 1 predictor
variable. In this model the relationship between S oParent and Attitude was assumed
to be fixed across the groups.

(Attitude)i, j = β0, j + β1, j(SoParent)i, j + ri, j

β1, j = γ1,0

Table D.79: Attitude by SoParent (Fixed) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.186 0.146 1.277 14 0.223

γ1,0 −0.027 0.144 −0.190 161 0.850

Table D.80: Attitude by SoParent (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.367 0.135 14 39.943 0.000

r 0.910 0.828

The deviance statistic was 648.335 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 18.522, p = 0.000).
Based on these results, there is enough evidence to suggest S oParent (fixed across
schools) should be included in the model, but other variables are better candidates for
inclusion.

The following is the same model as above, but without the assumption that the relation-
ship between S oParent and Attitude was fixed across groups.
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(Attitude)i, j = β0, j + β1, j(SoParent)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j

Table D.81: Attitude by SoParent (Random) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.230 0.193 1.190 14 0.254

γ1,0 −0.092 0.175 −0.526 14 0.607

Table D.82: Attitude by SoParent (Random) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.602 0.362 14 40.970 0.000

u1 0.387 0.150 14 22.516 0.068

r 0.889 0.791

The deviance statistic was 644.891 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 21.966, p = 0.000),
but not to the fixed model (χ2

2 = 3.444, p = 0.179). Based on these results, there is
not enough evidence to suggest S oParent should be included in the model as random
instead of fixed across schools.

D.6.6 Teachers

The following is the two-level conditional model with S oTeacher as a Level 1 predictor
variable. In this model the relationship between S oTeacher and Attitude was assumed
to be fixed across the groups.
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(Attitude)i, j = β0, j + β1, j(SoTeacher)i, j + ri, j

β1, j = γ1,0

Table D.83: Attitude by SoTeacher (Fixed) (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.153 0.180 0.849 14 0.410

γ1,0 −0.012 0.167 −0.070 160 0.944

Table D.84: Attitude by SoTeacher (Fixed) (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.392 0.153 14 44.520 0.000

r 0.880 0.774

The deviance statistic was 636.569 with four estimated parameters which was statis-
tically significantly different from the unconditional model (χ2

1 = 30.288, p = 0.000).
Based on these results, there is enough evidence to suggest S oTeacher (fixed across
schools) should be included in the model, but other variables are better candidates for
inclusion.

The following is the same model as above, but without the assumption that the relation-
ship between S oTeacher and Attitude was fixed across groups.

(Attitude)i, j = β0, j + β1, j(SoTeacher)i, j + ri, j

β0, j = γ0,0 + u0, j

β1, j = γ1,0 + u1, j
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Table D.85: Attitude by SoTeacher (Random)
(Fixed Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 0.182 0.236 0.772 14 0.453

γ1,0 −0.050 0.200 −0.251 14 0.805

Table D.86: Attitude by SoTeacher (Random) (Vari-
ance Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.688 0.473 14 35.524 0.002

u1 0.396 0.157 14 20.401 0.118

r 0.867 0.752

The deviance statistic was 632.770 with six estimated parameters which was statisti-
cally significantly different from the unconditional model (χ2

3 = 34.088, p = 0.000),
but not to the fixed model (χ2

2 = 3.799, p = 0.150). Based on these results, there is
not enough evidence to suggest S oTeacher should be included in the model as random
instead of fixed across schools.

D.6.7 Summary

The following is the two-level conditional model with S oWeb, S oText and S oBooks as
Level 1 predictor variables. In this model, the relationship between S oWeb, S oText and
S oBooks and Attitude was assumed to be fixed across the groups.
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(Attitude)i, j = β0, j + β1, j(SoWeb)i, j + β2, j(SoText)i, j + β3, j(SoBooks)i, j + ri, j

β0, j = γ1,0 + u0, j

βn, j = γn,0 (n = 1, . . . , 3)

Table D.87: Attitude by Sources Variables (Fixed
Effects)

Coeff. Std. error t ratio d.f. p

γ0,0 −0.515 0.248 −2.079 14 0.056

γ1,0 0.273 0.140 1.951 160 0.053

γ2,0 0.456 0.245 1.864 160 0.064

γ2,0 0.370 0.138 2.680 160 0.008

Table D.88: Attitude by Sources Variables (Variance
Components)

Std. dev. Var. comp. d.f. χ2 p

u0 0.296 0.088 14 32.475 0.004

r 0.871 0.759

The deviance statistic was 464.557 with six estimated parameters which was statis-
tically significantly different from the previous model (χ2

1 = 176.007, p = 0.000).
Based on these results, there is enough evidence to include S Indiv, S Invest and S Helping

(fixed across schools) in the model.



Appendix E

Intentions to Study Mathematics

This appendix provides additional data that pertains to analyses and discussion in Chap-
ter 6.

Table E.1 shows cross-tables for students’ intentions to study any mathematics by a
range of variables. The percentages are row percentages (i.e. the number within each
category that were and were not intending to study mathematics).

Table E.1: Cross-tables for Any Mathematics

No % Yes %

Sex Female 21 23.9 67 76.1

Male 13 10.1 116 89.9

CoB Australia 27 16.3 139 83.7

Other 7 13.7 44 86.3

Lang English 29 17.0 142 83.0

Other 5 11.6 38 88.4

ExEd Non-university 10 23.3 33 76.7

Undergraduate 18 18.4 80 81.6

Postgraduate 6 8.5 65 91.5

ParEd Non-university 20 16.4 102 83.6

499
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No % Yes %

University 12 13.8 75 86.2

InstWork Strongly disagree 1 50.0 1 50.0

Disagree 7 38.9 11 61.1

Agree 19 19.0 81 81.0

Strongly agree 7 7.4 87 92.6

InstCareer Strongly disagree 2 100.0 0 0.0

Disagree 5 41.7 7 58.3

Agree 23 23.0 77 77.0

Strongly agree 4 4.0 97 96.0

InstStudy Strongly disagree 6 100.0 0 0.0

Disagree 16 36.4 28 63.6

Agree 9 9.4 87 90.6

Strongly agree 3 4.2 68 95.8

InstJob Strongly disagree 2 50.0 2 50.0

Disagree 8 23.5 26 76.5

Agree 20 16.0 105 84.0

Strongly agree 4 7.7 48 92.3

SelfGood-R Strongly disagree 8 66.7 4 33.3

Disagree 10 35.7 18 64.3

Agree 13 10.7 108 89.3

Strongly agree 3 5.6 51 94.4

SelfMarks Strongly disagree 2 66.7 1 33.3

Disagree 18 51.4 17 48.6

Agree 11 7.8 130 92.2

Strongly agree 3 8.3 33 91.7

SelfQuick Strongly disagree 8 61.5 5 38.5
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No % Yes %

Disagree 17 28.8 42 71.2

Agree 4 3.7 104 96.3

Strongly agree 5 14.3 30 85.7

SelfBest Strongly disagree 13 50.0 13 50.0

Disagree 14 23.7 45 76.3

Agree 6 7.3 76 92.7

Strongly agree 1 2.1 47 97.9

SelfUnder Strongly disagree 13 41.9 18 58.1

Disagree 10 13.9 62 86.1

Agree 9 10.0 81 90.0

Strongly agree 2 11.8 15 88.2

IntrRead Strongly disagree 15 41.7 21 58.3

Disagree 15 14.7 87 85.3

Agree 4 6.2 61 93.8

Strongly agree 0 0.0 13 100.0

IntrLook Strongly disagree 13 54.2 11 45.8

Disagree 14 14.7 81 85.3

Agree 6 7.7 72 92.3

Strongly agree 0 0.0 15 100.0

IntrEnjoy Strongly disagree 15 45.5 18 54.5

Disagree 14 16.9 69 83.1

Agree 5 6.3 74 93.7

Strongly agree 0 0.0 18 100.0

IntrInterest Strongly disagree 10 55.6 8 44.4

Disagree 10 18.5 44 84.5

Agree 13 11.1 104 88.9
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No % Yes %

Strongly agree 0 0.0 24 100.0

FEnjoyment No 11 39.3 17 60.7

Weak 6 11.5 46 88.5

Moderate 9 10.0 81 90.0

Strong 7 15.6 38 84.4

FATAR No 9 52.9 8 47.1

Weak 1 4.8 20 95.2

Moderate 13 17.3 62 82.7

Strong 10 9.9 91 90.1

FPrereq No 13 52.0 12 48.0

Weak 7 20.6 27 79.4

Moderate 10 14.7 58 85.3

Strong 3 3.6 81 96.4

FFriends No 19 18.4 84 81.6

Weak 10 11.5 77 88.5

Moderate 4 22.2 14 77.8

Strong 0 0.0 3 100.0

FAbility No 5 55.6 4 44.4

Weak 10 25.0 30 75.0

Moderate 10 9.1 100 90.9

Strong 7 13.2 46 86.8

FTextbook No 15 18.1 68 81.9

Weak 11 16.7 55 83.3

Moderate 3 5.8 49 94.2

Strong 4 33.3 8 66.7

FTeachers No 10 37.0 17 63.0
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No % Yes %

Weak 9 14.3 54 85.7

Moderate 10 10.6 84 89.4

Strong 4 13.3 26 86.7

FParents No 6 33.3 12 66.7

Weak 9 17.6 42 82.4

Moderate 10 10.1 89 89.9

Strong 8 18.6 35 81.4

FDiff No 7 22.6 24 77.4

Weak 9 11.4 70 88.6

Moderate 8 9.8 74 90.2

Strong 9 39.1 14 60.9

FInterest No 9 42.9 12 57.1

Weak 5 10.2 44 89.8

Moderate 12 11.8 90 88.2

Strong 7 16.3 36 83.7

FCareer No 6 54.5 5 45.5

Weak 5 23.8 16 76.2

Moderate 15 19.5 62 80.5

Strong 7 6.7 97 93.3

TBoard Never or hardly ever 3 33.3 6 66.7

Sometimes 8 19.0 34 81.0

Most lessons 11 13.1 73 86.9

Every lesson 12 15.0 68 85.0

TTopics Never or hardly ever 2 14.3 12 85.7

Sometimes 6 12.5 42 87.5

Most lessons 15 15.2 84 84.8
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No % Yes %

Every lesson 11 20.0 44 80.0

TRefer Never or hardly ever 2 10.0 18 90.0

Sometimes 12 21.4 44 78.6

Most lessons 8 8.6 85 91.4

Every lesson 12 26.7 33 73.3

TInvest Never or hardly ever 12 18.8 52 81.3

Sometimes 12 12.9 81 87.1

Most lessons 4 9.5 38 90.5

Every lesson 6 42.9 8 57.1

TRoam Never or hardly ever 4 22.2 14 77.8

Sometimes 11 26.8 30 73.2

Most lessons 9 13.0 60 87.0

Every lesson 10 11.5 77 88.5

TTech Never or hardly ever 20 18.7 87 81.3

Sometimes 11 15.3 61 84.7

Most lessons 2 6.7 28 93.3

Every lesson 0 0.0 4 100.0

TStrat Never or hardly ever 3 37.5 5 62.5

Sometimes 11 19.6 45 80.4

Most lessons 11 11.2 87 88.8

Every lesson 9 17.3 43 82.7

RExer Never or hardly ever 3 30.0 7 70.0

Sometimes 1 4.2 23 95.8

Most lessons 13 20.6 50 79.4

Every lesson 17 14.3 102 85.7

RExamp Never or hardly ever 3 20.0 12 80.0
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No % Yes %

Sometimes 7 12.5 49 87.5

Most lessons 15 16.0 79 84.0

Every lesson 9 17.6 42 82.4

RTheory Never or hardly ever 3 10.7 25 89.3

Sometimes 11 13.3 72 86.7

Most lessons 13 16.0 68 84.0

Every lesson 7 28.0 18 72.0

RReason Never or hardly ever 5 31.3 11 68.8

Sometimes 11 12.5 77 87.5

Most lessons 13 15.5 71 84.5

Every lesson 5 17.2 24 82.8

RMem Never or hardly ever 2 20.0 8 80.0

Sometimes 12 20.3 47 79.7

Most lessons 15 14.2 91 85.8

Every lesson 5 12.8 34 87.2

RHome Never or hardly ever 0 0.0 4 100.0

Sometimes 4 17.4 19 82.6

Most lessons 19 16.5 96 83.5

Every lesson 11 15.3 61 84.7

SIndiv Never or hardly ever 3 23.1 10 76.9

Sometimes 9 15.0 51 85.0

Most lessons 16 15.7 86 84.3

Every lesson 5 13.2 33 86.8

SOther Never or hardly ever 7 31.8 15 68.2

Sometimes 5 8.2 56 91.8

Most lessons 15 15.8 80 84.2
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No % Yes %

Every lesson 6 17.1 29 82.9

SInvest Never or hardly ever 17 25.4 50 74.6

Sometimes 9 8.9 92 91.1

Most lessons 5 12.2 36 87.8

Every lesson 2 50.0 2 50.0

SHelping Never or hardly ever 6 33.3 12 66.7

Sometimes 8 9.6 75 90.4

Most lessons 16 19.8 65 80.2

Every lesson 3 10.3 26 89.7

SHelped Never or hardly ever 5 13.2 33 86.8

Sometimes 14 14.3 84 85.7

Most lessons 10 16.7 50 83.3

Every lesson 4 23.5 13 76.5

SMethod Never or hardly ever 3 21.4 11 78.6

Sometimes 6 9.5 57 90.5

Most lessons 16 14.8 92 85.2

Every lesson 8 28.6 20 71.4

SoWeb No 22 16.1 115 83.9

Yes 11 14.9 63 85.1

SoText No 2 14.3 12 85.7

Yes 31 15.6 168 84.4

SoBooks No 17 13.7 107 86.3

Yes 16 18.6 70 81.4

SoPeers No 5 12.5 35 87.5

Yes 28 16.7 140 83.3

SoParent No 13 22.2 35 77.8
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No % Yes %

Yes 23 13.9 142 86.1

SoTeacher No 10 22.2 35 77.8

Yes 23 13.9 142 86.1

Table E.2 shows model summary statistics for each logistic regression model that was
computed.

Table E.2: Model Summaries for Any Mathematics

-2 Log Likelihood Cox Snell R2 Nagelkerke R2

Sex 181.023 0.033 0.058

CoB 188.216 0.001 0.002

Lang 186.603 0.004 0.006

ExEd 181.247 0.025 0.043

ParEd 178.664 0.001 0.002

InstWork 173.903 0.061 0.105

InstCareer 157.826 0.130 0.223

InstStudy 142.275 0.192 0.330

InstJob 180.767 0.032 0.055

SelfGood-R 157.499 0.131 0.225

SelfMarks 150.201 0.160 0.275

SelfQuick 151.104 0.157 0.269

SelfBest 153.351 0.148 0.254

SelfUnder 171.019 0.069 0.117

IntrRead 164.140 0.105 0.180

IntrLook 154.852 0.126 0.217

IntrEnjoy 158.079 0.127 0.217
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-2 Log Likelihood Cox Snell R2 Nagelkerke R2

IntrInterest 158.107 0.113 0.196

FEnjoyment 172.129 0.055 0.096

FATAR 165.945 0.081 0.140

FPrereq 151.867 0.137 0.237

FFriends 179.628 0.016 0.027

FAbility 165.745 0.065 0.113

FTextbook 176.123 0.035 0.060

FTeachers 174.540 0.043 0.075

FParents 176.569 0.030 0.052

FDiff 172.370 0.054 0.094

FInterest 173.076 0.051 0.089

FCareer 165.447 0.082 0.142

TBoard 185.208 0.012 0.020

TTopics 186.912 0.005 0.009

TRefer 177.930 0.043 0.074

TInvest 178.834 0.038 0.065

TRoam 182.262 0.025 0.043

TTech 179.343 0.020 0.035

TStrat 182.819 0.021 0.036

RExer 182.283 0.026 0.045

RExamp 187.267 0.004 0.006

RTheory 185.009 0.016 0.027

RReason 185.237 0.015 0.025

RMem 185.908 0.007 0.012

RHome 185.904 0.007 0.012
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-2 Log Likelihood Cox Snell R2 Nagelkerke R2

SIndiv 182.987 0.003 0.006

SOther 177.055 0.031 0.053

SInvest 172.543 0.051 0.088

SHelping 175.346 0.036 0.061

SHelped 182.593 0.005 0.009

SMethod 178.286 0.025 0.043

SoWeb 182.947 0.000 0.000

SoText 183.659 0.000 0.000

SoBooks 181.751 0.004 0.007

SoPeers 181.530 0.002 0.004

SoParent 182.289 0.000 0.000

SoTeacher 180.948 0.008 0.014

Table E.3 shows the regression coefficients and related statistics for each variable for
each logistic regression model that was computed.

Table E.3: Regression Coefficients for Any Mathematics

b Std. error Wald Sig. exp(b)

Constant 1.683 0.187 81.228 0.000 5.382

Sex 1.028 0.385 7.143 0.008 2.797

Constant 1.160 0.250 21.521 0.000 3.190

CoB 0.200 0.458 0.190 0.663 1.221

Constant 1.639 0.210 60.707 0.000 5.148

Lang 0.440 0.518 0.722 0.396 1.552

Constant 1.589 0.204 60.769 0.000 4.897

ExEd 4.796 0.091
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b Std. error Wald Sig. exp(b)

Non-university −1.189 0.559 4.524 0.033 0.305

Undergraduate −0.891 0.500 3.174 0.075 0.410

Constant 2.383 0.427 31.183 0.000 10.833

ParEd −0.203 0.396 0.264 0.607 0.816

Constant 1.833 0.311 34.742 0.000 6.250

InstWork 12.589 0.006

Strongly disagree −2.520 1.468 2.948 0.086 0.080

Disagree −2.068 0.623 11.019 0.001 0.126

Agree −1.070 0.468 5.220 0.022 0.343

Constant 2.520 0.393 41.142 0.000 12.429

InstCareer 16.231 0.001

Strongly disagree−24.391 0.000 0.999 0.000

Disagree −2.852 0.777 13.485 0.000 0.058

Agree −1.980 0.563 12.377 0.000 0.138

Constant 3.188 0.510 39.054 0.000 24.250

InstStudy 21.286 0.000

Strongly disagree−24.324 0.000 0.999 0.000

Disagree −2.561 0.668 14.701 0.000 0.077

Agree −0.852 0.686 1.543 0.214 0.426

Constant 3.121 0.590 27.985 0.000 22.667

InstJob 6.594 0.086

Strongly disagree −2.485 1.127 4.859 0.028 0.083

Disagree −1.306 0.659 3.929 0.047 0.271

Agree −0.827 0.575 2.069 0.150 0.438

Constant 2.485 0.520 22.799 0.000 12.000

SelfGood-R 27.606 0.000
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b Std. error Wald Sig. exp(b)

Strongly disagree −3.526 0.853 17.083 0.000 0.029

Disagree −2.245 0.713 9.915 0.002 0.106

Agree −0.716 0.663 1.168 0.280 0.489

Constant 2.833 0.594 22.743 0.000 17.000

SelfMarks 35.813 0.000

Strongly disagree −3.091 1.365 5.127 0.024 0.045

Disagree −2.455 0.691 12.609 0.000 0.086

Agree 0.072 0.680 0.011 0.916 1.074

Constant 2.398 0.603 15.812 0.000 11.000

SelfQuick 27.323 0.000

Strongly disagree −2.262 0.747 9.162 0.002 0.104

Disagree −0.867 0.562 2.492 0.114 0.412

Agree 1.466 0.702 4.362 0.037 4.333

Constant 1.792 0.483 13.759 0.000 6.000

SelfBest 26.067 0.000

Strongly disagree −3.850 1.084 12.615 0.000 0.021

Disagree −2.683 1.056 6.454 0.011 0.068

Agree −1.311 1.096 1.431 0.232 0.270

Constant 3.850 1.011 14.515 0.000 47.000

SelfUnder 15.717 0.001

Strongly disagree −1.689 0.836 4.083 0.043 0.185

Disagree −0.190 0.826 0.053 0.818 0.827

Agree 0.182 0.831 0.048 0.826 1.200

Constant 2.015 0.753 7.164 0.007 7.500

IntrRead 18.119 0.000

Disagree 1.421 0.439 10.498 0.001 4.143
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b Std. error Wald Sig. exp(b)

Agree 2.388 0.617 14.981 0.000 10.893

Strongly agree 20.866 0.000 0.999

Constant 0.336 0.338 0.991 0.320 1.400

IntrLook 22.623 0.000

Disagree 1.922 0.502 14.689 0.000 6.838

Agree 2.652 0.590 20.187 0.000 14.182

Strongly agree 21.370 0.000 0.998

Constant −0.167 0.410 0.166 0.683 0.846

IntrEnjoy 20.316 0.000

Disagree 1.413 0.456 9.589 0.002 4.107

Agree 2.512 0.579 18.800 0.000 12.333

Strongly agree 21.021 0.000 0.998

Constant 0.182 0.350 0.272 0.602 1.200

IntrInterest 17.028 0.001

Disagree 1.705 0.590 8.358 0.004 5.500

Agree 2.303 0.558 17.018 0.000 10.000

Strongly agree 21.426 0.000 0.998

Constant −0.223 0.474 0.221 0.638 0.800

FEnjoyment 13.011 0.005

No −1.256 0.565 4.950 0.026 0.285

Weak 0.345 0.598 0.333 0.564 1.412

Moderate 0.506 0.541 0.873 0.350 1.658

Constant 1.692 0.411 16.916 0.000 5.429

FATAR 17.671 0.001

No −2.326 0.589 15.588 0.000 0.098

Weak 0.787 1.077 0.534 0.465 2.198
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b Std. error Wald Sig. exp(b)

Moderate −0.646 0.452 2.046 0.153 0.524

Constant 2.208 0.333 43.937 0.000 9.100

FPrereq 25.132 0.000

No −3.376 0.711 22.526 0.000 0.034

Weak −1.946 0.725 7.205 0.007 0.143

Moderate −1.538 0.680 5.110 0.024 0.215

Constant 3.296 0.588 31.424 0.000 27.000

FFriends 2.257 0.521

Weak 0.555 0.421 1.734 0.188 1.742

Moderate −0.234 0.621 0.141 0.707 0.792

Strong 19.717 0.000 0.999

Constant 1.486 0.254 34.234 0.000 4.421

FAbility 14.241 0.003

No −2.106 0.784 7.216 0.007 0.122

Weak −0.784 0.546 2.064 0.151 0.457

Moderate 0.420 0.524 0.642 0.423 1.522

Constant 1.883 0.406 21.536 0.000 6.571

FTextbook 6.315 0.097

No 0.818 0.676 1.467 0.226 2.267

Weak 0.916 0.696 1.734 0.188 2.500

Moderate 2.100 0.854 6.052 0.014 8.167

Constant 0.693 0.612 1.281 0.258 2.000

FTeachers 10.227 0.017

No −1.341 0.669 4.021 0.045 0.262

Weak −0.080 0.647 0.015 0.901 0.923

Moderate 0.256 0.633 0.164 0.685 1.292
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b Std. error Wald Sig. exp(b)

Constant 1.872 0.537 12.146 0.000 6.500

FParents 6.498 0.090

No −0.783 0.635 1.518 0.218 0.457

Weak 0.065 0.537 0.014 0.904 1.067

Moderate 0.710 0.515 1.904 0.168 2.034

Constant 1.476 0.392 14.184 0.000 4.375

FDiff 12.520 0.006

No 0.790 0.606 1.702 0.192 2.204

Weak 1.609 0.555 8.412 0.004 5.000

Moderate 1.783 0.567 9.900 0.002 5.946

Constant 0.442 0.427 1.069 0.301 1.556

FInterest 12.163 0.007

No −1.350 0.604 4.992 0.025 0.259

Weak 0.537 0.627 0.733 0.392 1.711

Moderate 0.377 0.515 0.537 0.464 1.458

Constant 1.638 0.413 15.716 0.000 5.143

FCareer 16.538 0.001

No −2.811 0.721 15.202 0.000 0.060

Weak −1.466 0.645 5.168 0.023 0.231

Moderate −1.210 0.486 6.202 0.013 0.298

Constant 2.629 0.391 45.118 0.000 13.857

TBoard 2.734 0.435

Hardly ever −1.041 0.773 1.814 0.178 0.353

Sometimes −0.288 0.502 0.328 0.567 0.750

Most lessons 0.158 0.450 0.123 0.726 1.171

Constant 1.735 0.313 30.690 0.000 5.667
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b Std. error Wald Sig. exp(b)

TTopics 1.168 0.761

Hardly ever 0.405 0.835 0.236 0.627 1.500

Sometimes 0.560 0.551 1.030 0.310 1.750

Most lessons 0.336 0.438 0.589 0.443 1.400

Constant 1.386 0.337 16.912 0.000 4.000

TRefer 8.733 0.033

Hardly ever 1.186 0.818 2.101 0.147 3.273

Sometimes 0.288 0.469 0.377 0.539 1.333

Most lessons 1.352 0.500 7.296 0.007 3.864

Constant 1.012 0.337 9.005 0.003 2.750

TInvest 8.614 0.035

Hardly ever 1.179 0.628 3.524 0.060 3.250

Sometimes 1.622 0.622 6.791 0.009 5.062

Most lessons 1.964 0.754 6.789 0.009 7.125

Constant 0.288 0.540 0.284 0.594 1.333

TRoam 5.650 0.130

Hardly ever −0.788 0.659 1.431 0.232 0.455

Sometimes −1.038 0.487 4.541 0.033 0.354

Most lessons −0.144 0.491 0.086 0.769 0.866

Constant 2.041 0.336 36.877 0.000 7.700

TTech 2.380 0.497

Sometimes 0.243 0.411 0.349 0.555 1.275

Most lessons 1.169 0.773 2.288 0.130 3.218

Every lesson 19.733 0.000 0.999

Constant 1.470 0.248 35.148 0.000 4.350

TStrat 4.685 0.196
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b Std. error Wald Sig. exp(b)

Hardly ever −1.053 0.817 1.661 0.197 0.349

Sometimes −0.155 0.497 0.097 0.755 0.856

Most lessons 0.504 0.487 1.073 0.300 1.655

Constant 1.564 0.367 18.204 0.000 4.778

RExer 4.645 0.200

Hardly ever −0.944 0.738 1.637 0.201 0.389

Sometimes 1.344 1.055 1.624 0.203 3.833

Most lessons −0.445 0.407 1.194 0.274 0.641

Constant 1.792 0.262 46.780 0.000 6.000

RExamp 0.785 0.853

Hardly ever −0.154 0.743 0.043 0.836 0.857

Sometimes 0.405 0.546 0.551 0.458 1.500

Most lessons 0.121 0.463 0.068 0.794 1.129

Constant 1.540 0.367 17.588 0.000 4.667

RTheory 3.601 0.308

Hardly ever 1.176 0.756 2.418 0.120 3.241

Sometimes 0.934 0.551 2.879 0.090 2.545

Most lessons 0.710 0.539 1.738 0.187 2.034

Constant 0.944 0.445 4.496 0.034 2.571

RReason 3.447 0.328

Hardly ever −0.780 0.730 1.143 0.285 0.458

Sometimes 0.377 0.588 0.412 0.521 1.458

Most lessons 0.129 0.577 0.050 0.823 1.138

Constant 1.569 0.492 10.182 0.001 4.800

RMem 1.498 0.683

Hardly ever −0.531 0.924 0.330 0.566 0.588
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b Std. error Wald Sig. exp(b)

Sometimes −0.552 0.578 0.911 0.340 0.576

Most lessons −0.114 0.554 0.042 0.837 0.892

Constant 1.917 0.479 16.017 0.000 6.800

RHome 0.078 0.994

Hardly ever 19.490 0.000 0.999

Sometimes −0.155 0.640 0.058 0.809 0.857

Most lessons −0.093 0.413 0.051 0.822 0.911

Constant 1.713 0.328 27.346 0.000 5.545

SIndiv 0.730 0.866

Hardly ever −0.683 0.815 0.703 0.402 0.505

Sometimes −0.152 0.601 0.064 0.800 0.859

Most lessons −0.205 0.552 0.138 0.710 0.814

Constant 1.887 0.480 15.462 0.000 6.600

SOther 6.467 0.091

Hardly ever −0.813 0.641 1.611 0.204 0.443

Sometimes 0.840 0.647 1.685 0.194 2.317

Most lessons 0.098 0.529 0.035 0.853 1.103

Constant 1.576 0.448 12.341 0.000 4.833

SInvest 10.909 0.012

Sometimes 1.246 0.448 7.728 0.005 3.476

Most lessons 0.895 0.554 2.614 0.106 2.448

Every lesson −1.079 1.039 1.079 0.299 0.340

Constant 1.079 0.281 14.765 0.000 2.941

SHelping 7.579 0.056

Hardly ever −1.466 0.789 3.458 0.063 0.231

Sometimes 0.079 0.714 0.012 0.912 1.082
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b Std. error Wald Sig. exp(b)

Most lessons −0.758 0.671 1.277 0.259 0.469

Constant 2.159 0.610 12.543 0.000 8.667

SHelped 1.146 0.766

Hardly ever 0.708 0.746 0.901 0.343 2.031

Sometimes 0.613 0.641 0.916 0.338 1.846

Most lessons 0.431 0.669 0.415 0.519 1.538

Constant 1.179 0.572 4.249 0.039 3.250

SMethod 5.457 0.141

Hardly ever 0.383 0.774 0.245 0.621 1.467

Sometimes 1.335 0.599 4.962 0.026 3.800

Most lessons 0.833 0.498 2.793 0.095 2.300

Constant 0.916 0.418 4.798 0.028 2.500

SoWeb −0.091 0.401 0.052 0.820 0.913

Constant 1.745 0.327 28.524 0.000 5.727

SoText 0.102 0.788 0.017 0.897 1.107

Constant 1.690 0.195 74.745 0.000 5.419

SoBooks 0.364 0.381 0.913 0.339 1.439

Constant 1.476 0.277 28.369 0.000 4.375

SoPeers 0.336 0.521 0.417 0.518 1.400

Constant 1.609 0.207 60.440 0.000 5.000

SoParent 0.063 0.388 0.026 0.871 1.065

Constant 1.649 0.244 45.594 0.000 5.200

SoTeacher −0.568 0.423 1.799 0.180 0.567

Constant 1.820 0.225 65.589 0.000 6.174



Appendix F

Intentions to Study Advanced
Mathematics

This appendix provides additional data that pertains to analyses and discussion in Chap-
ter 7.

Table F.1 shows cross-tables for students’ intentions to study advanced mathematics by
a range of variables. The percentages are row percentages (i.e. the number within each
category that were and were not intending to study advanced mathematics).

Table F.1: Cross-tables for Advanced Mathematics

No % Yes %

Sex Female 82 93.2 6 6.8

Male 95 73.6 34 26.4

CoB Australia 135 81.3 31 18.7

Other 42 82.4 9 17.6

Lang English 144 84.2 27 15.8

Other 31 72.1 12 27.9

ExEd Non-university 43 100.0 0 0.0

Undergraduate 83 84.7 15 15.3
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No % Yes %

Postgraduate 46 64.8 25 35.2

ParEd Non-university 105 86.1 17 13.9

University 65 74.7 22 25.3

InstWork Strongly disagree 2 100.0 0 0.0

Disagree 18 100.0 0 0.0

Agree 88 88.0 12 12.0

Strongly agree 67 71.3 27 28.7

InstCareer Strongly disagree 2 100.0 0 0.0

Disagree 12 100.0 0 0.0

Agree 89 89.0 11 11.0

Strongly agree 73 72.3 28 27.7

InstStudy Strongly disagree 6 100.0 0 0.0

Disagree 43 97.7 1 2.3

Agree 85 88.5 11 11.5

Strongly agree 43 60.6 28 39.4

InstJob Strongly disagree 4 100.0 0 0.0

Disagree 31 91.2 3 8.8

Agree 106 84.8 19 15.2

Strongly agree 35 67.3 17 32.7

SelfGood-R Strongly disagree 11 91.7 1 8.3

Disagree 27 96.4 1 3.6

Agree 101 83.5 20 16.5

Strongly agree 36 66.7 18 33.3

SelfMarks Strongly disagree 3 100.0 0 0.0

Disagree 33 94.3 2 5.7

Agree 117 83.0 24 17.0
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No % Yes %

Strongly agree 22 61.1 14 38.9

SelfQuick Strongly disagree 12 92.3 1 7.7

Disagree 55 93.2 4 6.8

Agree 86 79.6 22 20.4

Strongly agree 22 62.9 13 37.1

SelfBest Strongly disagree 26 100.0 0 0.0

Disagree 55 93.2 4 6.8

Agree 63 76.8 19 23.2

Strongly agree 32 66.7 16 33.3

SelfUnder Strongly disagree 29 93.5 2 6.5

Disagree 65 90.3 7 9.7

Agree 69 76.7 21 23.3

Strongly agree 9 52.9 8 47.1

IntrRead Strongly disagree 36 100.0 0 0.0

Disagree 85 83.3 17 16.7

Agree 48 73.8 17 26.2

Strongly agree 7 53.8 6 46.2

IntrLook Strongly disagree 24 100.0 0 0.0

Disagree 87 91.6 8 8.4

Agree 53 67.9 25 32.1

Strongly agree 9 60.0 6 40.0

IntrEnjoy Strongly disagree 33 100.0 0 0.0

Disagree 74 89.2 9 10.8

Agree 58 73.4 21 26.6

Strongly agree 10 55.6 8 44.4

IntrInterest Strongly disagree 18 100.0 0 0.0
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No % Yes %

Disagree 52 96.3 2 3.7

Agree 92 78.6 25 21.4

Strongly agree 12 50.0 12 50.0

FEnjoyment No 27 96.4 1 3.6

Weak 48 92.3 4 7.7

Moderate 69 76.7 21 23.3

Strong 31 68.9 14 31.1

FATAR No 16 94.1 1 5.9

Weak 15 71.4 6 28.6

Moderate 65 86.7 10 13.3

Strong 79 78.2 22 21.8

FPrereq No 25 100.0 0 0.0

Weak 31 91.2 3 8.8

Moderate 55 80.9 13 19.1

Strong 61 72.6 23 27.4

FFriends No 83 80.6 20 19.4

Weak 73 83.9 14 16.1

Moderate 15 83.3 3 16.7

Strong 2 66.7 1 33.3

FAbility No 8 88.9 1 11.1

Weak 39 97.5 1 2.5

Moderate 83 75.5 27 24.5

Strong 43 81.1 10 18.9

FTextbook No 67 80.7 16 19.3

Weak 55 83.3 11 16.7

Moderate 43 82.7 9 17.3
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No % Yes %

Strong 9 75.0 3 25.0

FTeachers No 25 92.6 2 7.4

Weak 46 73.0 17 27.0

Moderate 76 80.9 18 19.1

Strong 28 93.3 2 6.7

FParents No 16 88.9 2 11.1

Weak 40 78.4 11 21.6

Moderate 79 79.8 20 20.2

Strong 37 86.0 6 14.0

FDiff No 25 80.6 6 19.4

Weak 63 79.7 16 20.3

Moderate 68 82.9 14 17.1

Strong 19 82.6 4 17.4

FInterest No 21 100.0 0 0.0

Weak 42 85.7 7 14.3

Moderate 83 81.4 19 18.6

Strong 29 67.4 14 32.6

FCareer No 11 100.0 0 0.0

Weak 20 95.2 1 4.8

Moderate 65 84.4 12 15.6

Strong 79 76.0 25 24.0

TBoard Hardly ever 9 100.0 0 0.0

Sometimes 37 88.1 5 11.9

Most lessons 65 77.4 19 22.6

Every lesson 65 81.3 15 18.8

TTopics Hardly ever 12 85.7 2 14.3
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No % Yes %

Sometimes 39 81.3 9 18.8

Most lessons 80 80.8 19 19.2

Every lesson 46 83.6 9 16.4

TRefer Hardly ever 17 85.0 3 15.0

Sometimes 49 87.5 7 12.5

Most lessons 74 79.6 19 20.4

Every lesson 36 80.0 9 20.0

TInvest Hardly ever 52 81.3 12 18.8

Sometimes 77 82.8 16 17.2

Most lessons 34 81.0 8 19.0

Every lesson 12 85.7 2 14.3

TRoam Hardly ever 17 94.4 1 5.6

Sometimes 34 82.9 7 17.1

Most lessons 57 82.6 12 17.4

Every lesson 68 78.2 19 21.8

TTech Hardly ever 88 82.2 19 17.8

Sometimes 59 81.9 13 18.1

Most lessons 26 86.7 4 13.3

Every lesson 2 50.0 2 50.0

TStrat Hardly ever 7 87.5 1 12.5

Sometimes 49 87.5 7 12.5

Most lessons 77 78.6 21 21.4

Every lesson 72 80.8 10 19.2

RExer Hardly ever 9 90.0 1 10.0

Sometimes 18 75.0 6 25.0

Most lessons 55 87.3 8 12.7
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No % Yes %

Every lesson 94 79.0 25 21.0

RExamp Hardly ever 13 86.7 2 13.3

Sometimes 45 80.4 11 19.6

Most lessons 76 80.9 18 19.1

Every lesson 42 82.4 9 17.6

RTheory Hardly ever 24 85.7 4 14.3

Sometimes 63 75.9 20 24.1

Most lessons 69 85.2 12 14.8

Every lesson 21 84.0 4 16.0

RReason Hardly ever 15 93.8 1 6.3

Sometimes 74 84.1 14 15.9

Most lessons 68 81.0 16 19.0

Every lesson 20 69.0 9 31.0

RMem Hardly ever 8 80.0 2 20.0

Sometimes 46 78.0 13 22.0

Most lessons 91 85.8 15 14.2

Every lesson 29 74.4 10 25.6

RHome Hardly ever 4 100.0 0 0.0

Sometimes 20 87.0 3 13.0

Most lessons 94 81.7 21 18.3

Every lesson 57 79.2 15 20.8

SIndiv Hardly ever 12 92.3 1 7.7

Sometimes 51 85.0 9 15.0

Most lessons 78 76.5 24 23.5

Every lesson 33 86.8 5 13.2

SOther Hardly ever 20 90.9 2 9.1
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No % Yes %

Sometimes 48 78.7 13 21.3

Most lessons 75 78.9 20 21.1

Every lesson 31 88.6 4 11.4

SInvest Hardly ever 56 83.6 11 16.4

Sometimes 83 82.2 18 17.8

Most lessons 32 78.0 9 22.0

Every lesson 3 75.0 1 25.0

SHelping Hardly ever 16 88.9 2 11.1

Sometimes 74 89.2 9 10.8

Most lessons 62 76.5 19 23.5

Every lesson 21 72.4 8 27.6

SHelped Hardly ever 27 71.1 11 28.9

Sometimes 82 83.7 16 16.3

Most lessons 50 83.3 10 16.7

Every lesson 15 88.2 2 11.8

SMethod Hardly ever 12 85.7 2 14.3

Sometimes 49 77.8 14 22.2

Most lessons 86 79.6 22 20.4

Every lesson 27 96.4 1 3.6

SoWeb No 114 83.2 23 16.8

Yes 58 78.4 16 21.6

SoText No 13 92.9 1 7.1

Yes 160 80.4 39 19.6

SoBooks No 106 85.5 18 14.5

Yes 65 75.6 21 24.4

SoPeers No 29 72.5 11 27.5
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No % Yes %

Yes 141 83.9 27 16.1

SoParent No 65 76.5 20 23.5

Yes 105 84.7 19 15.3

SoTeacher No 37 82.2 8 17.8

Yes 134 81.2 31 18.8

Table F.2 shows model summary statistics for each logistic regression model that was
computed.

Table F.2: Model Summaries for Advanced Mathematics

-2 Log Likelihood Cox Snell R2 Nagelkerke R2

Sex 192.611 0.066 0.107

CoB 207.380 0.000 0.000

Lang 200.086 0.014 0.024

ExEd 176.006 0.129 0.208

ParEd 186.120 0.077 0.125

InstWork 173.903 0.061 0.105

InstCareer 188.547 0.068 0.111

InstStudy 173.130 0.146 0.237

InstJob 192.560 0.050 0.082

SelfGood-R 192.754 0.062 0.101

SelfMarks 192.101 0.065 0.106

SelfQuick 191.670 0.067 0.109

SelfBest 179.136 0.108 0.176

SelfUnder 182.056 0.076 0.124

IntrRead 184.565 0.099 0.160
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-2 Log Likelihood Cox Snell R2 Nagelkerke R2

IntrLook 172.940 0.130 0.211

IntrEnjoy 173.198 0.117 0.193

IntrInterest 171.775 0.136 0.221

FEnjoyment 190.420 0.072 0.117

FATAR 197.511 0.026 0.043

FPrereq 185.269 0.076 0.124

FFriends 198.204 0.004 0.006

FAbility 189.571 0.059 0.095

FTextbook 202.262 0.003 0.004

FTeachers 194.240 0.041 0.067

FParents 200.126 0.009 0.014

FDiff 206.286 0.001 0.002

FInterest 192.536 0.063 0.102

FCareer 189.395 0.048 0.078

TBoard 197.693 0.027 0.044

TTopics 203.653 0.002 0.003

TRefer 198.316 0.009 0.014

TInvest 199.548 0.001 0.002

TRoam 200.289 0.015 0.025

TTech 197.193 0.012 0.020

TStrat 200.978 0.010 0.017

RExer 203.799 0.015 0.024

RExamp 206.613 0.002 0.003

RTheory 204.570 0.013 0.021

RReason 202.323 0.023 0.038
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-2 Log Likelihood Cox Snell R2 Nagelkerke R2

RMem 203.068 0.014 0.023

RHome 200.827 0.011 0.018

SIndiv 198.670 0.019 0.031

SOther 199.268 0.016 0.027

SInvest 202.164 0.003 0.005

SHelping 191.943 0.033 0.054

SHelped 199.339 0.016 0.026

SMethod 196.041 0.031 0.051

SoWeb 201.256 0.003 0.006

SoText 204.127 0.008 0.012

SoBooks 198.335 0.015 0.025

SoPeers 195.180 0.012 0.020

SoParent 198.961 0.010 0.017

SoTeacher 201.554 0.000 0.000

Table F.3 shows the regression coefficients and related statistics for each variable for
each logistic regression model that was computed.

Table F.3: Regressions Coefficients for Advanced Mathematics

b Std. error Wald Sig. exp(b)

Constant −1.487 0.175 72.169 0.000 0.226

Sex −1.587 0.468 11.517 0.001 0.204

Constant −1.028 0.200 26.436 0.000 0.358

CoB 0.069 0.418 0.027 0.869 1.027

Constant −1.540 0.367 17.588 0.000 0.214

Lang −0.725 0.399 3.293 0.070 0.484
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b Std. error Wald Sig. exp(b)

Constant −0.949 0.340 7.793 0.005 0.387

ExEd 8.631 0.071

Non-university −20.593 - 0.000 0.999 0.000

Undergraduate −1.101 0.375 8.631 0.003 0.333

Constant −0.610 0.248 6.022 0.014 0.543

ParEd −0.737 0.359 4.209 0.040 0.478

Constant −1.083 0.247 19.291 0.000 0.338

InstWork 8.006 0.046

Strongly disagree −20.294 0.000 0.999 0.000

Disagree −20.294 0.000 0.998 0.000

Agree −1.084 0.383 8.006 0.005 0.338

Constant −0.909 0.228 15.896 0.000 0.403

InstCareer 8.462 0.037

Strongly disagree −20.245 0.000 0.999 0.000

Disagree −20.245 0.000 0.999 0.000

Agree −1.132 0.389 8.462 0.004 0.322

Constant −0.958 0.222 18.583 0.000 0.384

InstStudy 23.243 0.000

Strongly disagree −20.774 0.000 0.999 0.000

Disagree −3.332 1.040 10.260 0.001 0.036

Agree −1.616 0.402 16.151 0.000 0.199

Constant −0.429 0.243 3.121 0.077 0.651

InstJob 9.290 0.026

Strongly disagree −20.481 - 0.000 0.999 0.000

Disagree −1.613 0.673 5.745 0.017 0.199

Agree −0.997 0.387 6.649 0.010 0.369
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b Std. error Wald Sig. exp(b)

Constant −0.722 0.296 5.967 0.015 0.486

SelfGood-R 11.037 0.012

Strongly disagree −1.705 1.084 2.475 0.116 0.182

Disagree −2.603 1.058 6.046 0.014 0.074

Agree −0.926 0.378 5.990 0.014 0.396

Constant −0.693 0.289 5.765 0.016 0.500

SelfMarks 11.972 0.007

Strongly disagree −20.751 0.000 0.999 0.000

Disagree −2.351 0.804 8.543 0.003 0.095

Agree −1.132 0.409 7.671 0.006 0.322

Constant −0.452 0.342 1.748 0.186 0.636

SelfQuick 12.746 0.005

Strongly disagree −1.959 1.098 3.182 0.074 0.141

Disagree −2.095 0.625 11.237 0.001 0.123

Agree −0.837 0.424 3.906 0.048 0.433

Constant −0.526 0.350 2.262 0.133 0.591

SelfBest 10.270 0.016

Strongly disagree −20.510 0.000 0.998 0.000

Disagree −1.928 0.602 10.269 0.001 0.145

Agree −0.506 0.403 1.575 0.209 0.603

Constant −0.693 0.306 5.125 0.024 0.500

SelfUnder 15.001 0.002

Strongly disagree −2.556 0.878 8.480 0.004 0.078

Disagree −2.111 0.628 11.297 0.001 0.121

Agree −1.072 0.546 3.852 0.050 0.342

Constant −0.118 0.486 0.059 0.808 0.889
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b Std. error Wald Sig. exp(b)

IntrRead 6.233 0.101

Strongly disagree −21.049 0.000 0.997 0.000

Disagree −1.455 0.617 5.572 0.018 0.233

Agree −0.884 0.624 2.007 0.157 0.413

Constant −0.154 0.556 0.077 0.782 0.857

IntrLook 15.890 0.001

Strongly disagree −20.797 0.000 0.998 0.000

Disagree −1.981 0.644 9.473 0.002 0.138

Agree −0.346 0.580 0.356 0.551 0.708

Constant −0.405 0.527 0.592 0.442 0.667

IntrEnjoy 11.362 0.010

Strongly disagree −20.980 0.000 0.998 0.000

Disagree −1.884 0.591 10.149 0.001 0.152

Agree −0.793 0.538 2.168 0.141 0.453

Constant −0.223 0.474 0.221 0.638 0.800

IntrInterest 16.953 0.001

Strong disagree −21.203 0.000 0.998 0.000

Disagree −3.258 0.828 15.476 0.000 0.038

Agree −1.303 0.466 7.804 0.005 0.272

Constant 0.000 0.408 0.000 1.000 1.000

FEnjoyment 11.678 0.009

No −2.501 1.068 5.483 0.019 0.082

Weak −1.690 0.612 7.626 0.006 0.185

Moderate −0.395 0.407 0.939 0.332 0.674

Constant −0.795 0.322 6.094 0.014 0.452

FATAR 4.912 0.178
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b Std. error Wald Sig. exp(b)

No −1.494 1.059 1.992 0.158 0.224

Weak 0.362 0.540 0.450 0.502 1.436

Moderate −0.593 0.417 2.030 0.154 0.552

Constant −1.278 0.241 28.123 0.000 0.278

FPrereq 4.866 0.182

No −20.228 0.000 0.998 0.000

Weak −1.360 0.652 4.347 0.037 0.257

Moderate −0.467 0.394 1.407 0.236 0.627

Constant −0.975 0.245 15.890 0.000 0.377

FFriends 0.826 0.843

No −0.730 1.250 0.341 0.559 0.482

Weak −0.958 1.259 0.579 0.447 0.384

Moderate −0.916 1.378 0.442 0.506 0.400

Constant −0.693 1.225 0.320 0.571 0.500

FAbility 6.814 0.078

No −0.621 1.117 0.309 0.578 0.538

Weak −2.205 1.072 4.232 0.040 0.110

Moderate 0.336 0.415 0.654 0.419 1.399

Constant −1.459 0.351 17.261 0.000 0.233

FTextbook 0.559 0.906

No −0.333 0.722 0.213 0.644 0.716

Weak −0.511 0.744 0.471 0.492 0.600

Moderate −0.465 0.761 0.374 0.541 0.628

Constant −1.099 0.667 2.716 0.099 0.333

FTeachers 7.268 0.064

No 0.113 1.037 0.012 0.913 1.120
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b Std. error Wald Sig. exp(b)

Weak 1.644 0.785 4.384 0.036 5.174

Moderate 1.199 0.777 2.377 0.123 3.316

Constant −2.639 0.732 13.001 0.000 0.071

FParents 1.713 0.634

No −0.260 0.870 0.090 0.765 0.771

Weak 0.528 0.556 0.901 0.342 1.696

Moderate 0.445 0.506 0.774 0.379 1.561

Constant −1.819 0.440 17.085 0.000 0.162

FDiff 0.302 0.960

No 0.131 0.714 0.034 0.854 1.140

Weak 0.188 0.617 0.092 0.761 1.206

Moderate −0.022 0.624 0.001 0.971 0.978

Constant −1.558 0.550 8.022 0.005 0.211

FInterest 5.006 0.171

No −20.475 0.000 0.998 0.000

Weak −1.064 0.522 4.150 0.042 0.345

Moderate −0.746 0.413 3.264 0.071 0.474

Constant −0.728 0.325 5.007 0.025 0.483

FCareer 4.453 0.217

No −20.052 0.000 0.999 0.000

Weak −1.845 1.050 3.088 0.079 0.158

Moderate −0.539 0.389 1.919 0.166 0.583

Constant −1.151 0.229 25.140 0.000 0.316

TBoard 2.043 0.564

Hardly ever −19.737 0.000 0.999 0.000

Sometimes −0.535 0.556 0.927 0.336 0.586



535

b Std. error Wald Sig. exp(b)

Most lessions 0.236 0.387 0.372 0.542 1.267

Constant −1.466 0.286 26.205 0.000 0.231

TTopics 0.341 0.952

Hardly ever −0.160 0.846 0.036 0.850 0.852

Sometimes 0.165 0.519 0.101 0.751 1.179

Most lessions 0.194 0.445 0.190 0.663 1.214

Constant −1.631 0.364 20.034 0.000 0.196

TRefer 1.744 0.627

Hardly ever −0.348 0.729 0.228 0.633 0.706

Sometimes −0.560 0.550 1.036 0.309 0.571

Most lessions 0.027 0.453 0.003 0.953 1.027

Constant −1.386 0.373 13.837 0.000 0.250

TInvest 0.223 0.974

Hardly ever 0.325 0.828 0.154 0.694 1.385

Sometimes 0.221 0.812 0.074 0.786 1.247

Most lessions 0.345 0.859 0.161 0.688 1.412

Constant −1.792 0.764 5.504 0.019 0.167

TRoam 2.467 0.481

Hardly ever −1.558 1.061 2.156 0.142 0.211

Sometimes −0.305 0.489 0.389 0.533 0.737

Most lessions −0.283 0.410 0.476 0.490 0.753

Constant −1.275 0.259 24.144 0.000 0.279

TTech 2.742 0.433

Sometimes 0.020 0.397 0.003 0.959 1.021

Most lessons −0.339 0.594 0.326 0.568 0.713

Every lesson 1.533 1.032 2.208 0.137 4.632
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b Std. error Wald Sig. exp(b)

Constant −1.533 0.253 36.718 0.000 0.216

TStrat 2.074 0.557

Hardly ever −0.511 1.125 0.206 0.650 0.600

Sometimes −0.511 0.536 0.909 0.340 0.600

Most lessons 0.136 0.429 0.100 0.752 1.145

Constant −1.435 0.352 16.634 0.000 0.238

RExer 2.965 0.397

Hardly ever −0.873 1.078 0.656 0.418 0.418

Sometimes 0.226 0.522 0.187 0.666 1.253

Most lessons −0.603 0.440 1.879 0.170 0.547

Constant −1.324 0.225 34.640 0.000 0.266

RExamp 0.361 0.948

Hardly ever −0.331 0.844 0.154 0.695 0.718

Sometimes 0.132 0.498 0.070 0.791 1.141

Most lessons 0.100 0.451 0.049 0.824 1.105

Constant −1.540 0.367 17.588 0.000 0.214

RTheory 2.848 0.416

Hardly ever −0.134 0.768 0.030 0.862 0.875

Sometimes 0.511 0.603 0.718 0.397 1.667

Most lessons −0.091 0.629 0.021 0.885 0.913

Constant −1.658 0.546 9.239 0.002 0.190

RReason 4.658 0.199

Hardly ever −1.910 1.108 2.970 0.085 0.148

Sometimes −0.867 0.496 3.051 0.081 0.420

Most lessons −0.648 0.488 1.764 0.184 0.523

Constant −0.799 0.401 3.958 0.047 0.450
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b Std. error Wald Sig. exp(b)

RMem 3.062 0.382

Hardly ever −0.322 0.871 0.136 0.712 0.725

Sometimes −0.199 0.483 0.170 0.680 0.820

Most lessons −0.738 0.461 2.568 0.109 0.478

Constant −1.065 0.367 8.429 0.004 0.345

RHome 0.707 0.872

Hardly ever −19.868 0.000 0.999 0.000

Sometimes −0.562 0.684 0.676 0.411 0.570

Most lessons −0.164 0.377 0.188 0.664 0.849

Constant −1.335 0.290 21.164 0.000 0.263

SIndiv 3.789 0.285

Hardly ever −0.598 1.146 0.272 0.602 0.550

Sometimes 0.152 0.601 0.064 0.800 1.165

Most lessons 0.708 0.534 1.762 0.184 2.031

Constant −1.887 0.480 15.462 0.000 0.152

SOther 3.057 0.383

Hardly ever −0.255 0.912 0.078 0.780 0.775

Sometimes 0.741 0.616 1.447 0.229 2.099

Most lessons 0.726 0.588 1.525 0.217 2.067

Constant −2.048 0.531 14.855 0.000 0.129

SInvest 0.655 0.884

Sometimes −0.529 1.201 0.194 0.660 0.589

Most lessons −0.430 1.184 0.132 0.716 0.651

Every lesson −0.170 1.215 0.020 0.889 0.844

Constant −1.099 1.155 0.905 0.341 0.333

SHelping 6.564 0.087
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b Std. error Wald Sig. exp(b)

Hardly ever −1.114 0.857 1.689 0.194 0.328

Sometimes −1.142 0.545 4.386 0.036 0.319

Most lessons −0.218 0.491 0.196 0.658 0.804

Constant −0.965 0.415 5.396 0.020 0.381

SHelped 3.604 0.308

Hardly ever 1.117 0.833 1.796 0.180 3.056

Sometimes 0.381 0.801 0.226 0.634 1.463

Most lessons 0.405 0.829 0.239 0.625 1.500

Constant −2.015 0.753 7.164 0.007 0.133

SMethod 3.987 0.263

Hardly ever 1.504 1.273 1.396 0.237 4.500

Sometimes 2.043 1.062 3.698 0.054 7.714

Most lessons 1.933 1.046 3.413 0.065 6.907

Constant −3.296 1.018 10.475 0.001 0.037

SoWeb −0.313 0.363 0.742 0.389 0.731

Constant −1.288 0.282 20.799 0.000 0.276

SoText −1.153 1.053 1.200 0.273 0.316

Constant −1.412 0.179 62.483 0.000 0.244

SoBooks −0.643 0.358 3.232 0.072 0.526

Constant −1.130 0.251 20.262 0.000 0.323

SoPeers 0.684 0.412 2.756 0.097 1.981

Constant −1.653 0.210 61.913 0.000 0.191

SoParent 0.531 0.357 2.210 0.137 1.700

Constant −1.710 0.249 47.019 0.000 0.181

SoTeacher −0.068 0.438 0.024 0.877 0.935
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b Std. error Wald Sig. exp(b)

Constant −1.464 0.199 53.948 0.000 0.231
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Appendix G

PISA and TIMSS

G.1 Attitude

As this study has used items from the PISA study in the domains of instrumental moti-
vation, intrinsic motivation and self-concept, it is possible to compare the results of this
study with the results from PISA. Where this study and the PISA study uses the same
(or comparable) predictor variables, the results of the PISA study are also presented
from comparison.

Results from the 2003 and 2012 cycles of PISA are cited, as they are the two most recent
cycles in which mathematical literacy was the focus.

The target population of PISA is students aged between 15 years and 3 months and 16
years and 2 months at the beginning of the assessment period - often referred to as ‘15
year olds’ as shorthand (Thomson et al., 2013, p. xxxiii). These are students nearing
the end of compulsory schooling, which is in concert with the focus on how well their
education is preparing the students for the “real-life challenges” they will face after sec-
ondary school (Thomson et al., 2013, p. 1). This means the target population for PISA is
similar to the one in this study, albeit drawing a much larger sample from multiple coun-
tries and jurisdictions. PISA is an assessment tool created by Organisation of Economic
Co-operation and Development (OECD) countries, but it has since expanded to include
countries and regions outside of that organisation (Thomson et al., 2013, p. 4).

541
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For each of the variables under consideration, there are two tables (one for each PISA
cycle) with the relevant results for instrumental motivation (Inst. mot.), intrinsic motiva-
tion (Intr. mot.) and self-concept (Self con.). Each of these measures has been scaled by
the OECD so that the OECD average is 0.00 and the standard deviation is 1.00

The descriptive statistics for each domain for Australia and the OECD from the 2012
cycle are shown in Table G.1 (OECD, 2013b, Tables III.3.4d, III.3.5d and III.4.2d). The
equivalent results for the 2003 cycle are in Table G.2 (OECD, 2004, Tables 3.1, 3.2a
and 3.6).

Table G.1: Attitude Scales (PISA 2012)

Inst. mot. Intr. mot. Self con.

Mean Std. dev. Mean Std. dev. Mean Std. dev.

Australia 0.24 0.96 0.11 1.00 0.06 0.95

OECD (Average) 0.00 0.96 0.00 0.97 0.00 0.98

Table G.2: Attitude Scales (PISA 2003)

Inst. mot. Intr. mot. Self con.

Mean Mean Mean

Australia 0.23 0.01 0.13

OECD (Average) 0.00 0.00 0.00

Where results have been compared in Chapter 5, the PISA data was analysed in accor-
dance with PISA procedures. Results are usually presented as a comparison between
two (or more) groups based on their respective mean scores for each attitude domain.
The difference between the groups is denoted as δ. The significance tests are one-tailed
t-tests as outlined in the PISA Data Analysis Manual (OECD, 2009, p. 149).
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G.2 Literacy

Where possible, the results of this study have been compared and contrasted with the
results from the Programme for International Student Assessment (PISA) and the Trends
in Mathematics and Science Study (TIMSS).

In cases in which this study and the PISA and TIMSS studies have used the same, sim-
ilar or comparable variables, the reported results of those studies have been presented
alongside the results from this study. This includes international results and those per-
taining specifically to Australia or South Australia. This is done to provide a compar-
ison between this study and those studies, which include the same jurisdiction as this
study.

Results from the 2003 and 2012 cycles of PISA are cited, as they are the two most recent
cycles in which mathematical literacy was the focus, and the 2011 cycle of TIMSS, as it
is the most recent cycle of that study. Information about the target population of PISA
and its scope are noted in Section G.1.

The target population of TIMSS is students in Year 4 and Year 8 (Thomson et al., 2012,
p. 1) - but this study is only concerned with the results for Year 8 students. This means
the target population for TIMSS is different to the one in this study as it focuses on
students at the beginning of secondary school (in Australia) rather than students nearing
the end of their compulsory secondary school education. However, useful comparisons
between this study and TIMSS may still be made as long as due consideration is given
to the potential differences between a junior secondary school environment and a senior
secondary school environment. Potential changes in classroom environment and prac-
tises (e.g. pedagogical methods), curricula (e.g. content and complexity) and student
attitudes (e.g. planning post-school options) should be taken into account. TIMSS is
an assessment tool directed by the International Association for the Evaluation of Ed-
ucational Achievement (IEA) and the 2011 cycle included countries and regions such
as Australia, the United States, England, Russia, Scandinavia, Singapore and Japan
(Thomson et al., 2012, p. 4).

However, it is important to note the difference in scope and scale between this study
and those major international studies. The differences in sample size are substantial
- PISA 2012 had 1,573 and 14,481 participants from South Australia and Australia,
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respectively, (Thomson et al., 2013, p. 7) and TIMSS 2011 had 888 and 7,556 Year
8 participants from South Australia and Australia, respectively (Thomson et al., 2012,
p. 5). The sample size and organisation of the studies meant that, for example, they
were able to include enough students from Aboriginal backgrounds and rural areas to
conduct statistically valid tests.

The PISA results cited often address the relationship between various variables and
“mathematical literacy.” PISA defines mathematical literacy as the

capacity to formulate, employ and interpret mathematics in a variety
of contexts. It includes reasoning mathematically and using mathemati-
cal concepts, procedures, facts, and tools to describe, explain and predict
phenomena. It assists individuals in recognising the role that mathematics
plays in the world and to make the well-founded judgements and decisions
needed by constructive, engaged and reflective citizens. (OECD, 2013c,
p. 37)

The PISA framework incorporates mathematical content (quantity, uncertainty and data,
change and relationships, and space and shape), context (personal, societal, occupa-
tional and scientific), capabilities (including communication, reasoning and argument,
and language and operations) and processes (formulate, employ and interpret/evaluate)
(OECD, 2013c, p. 37). Content, context, capabilities and processes are considered when
formulating the items for the student assessment. Using their responses, each student
can be measured on a single proficiency scale for mathematical literacy (OECD, 2009,
p. 77) which was set with a mean of 500 points and standard deviation of 100 points for
the 2003 PISA cycle (OECD, 2013b, p. 20).

The TIMSS results cited often address the relationship between various variables and
“mathematical achievement.” TIMSS has its core the “curriculum model” which has
three aspects: the intended curriculum, the implemented curriculum and the attained
curriculum which

represent, respectively, the mathematics ... that society intends for stu-
dents to learn and how the education system should be organized to facili-
tate this learning; what is actually taught in classrooms, the characteristics
of those teaching it, and how it is taught; and, finally, what it is that students
have learned, and what they think about these subjects. (Mullis et al., 2009,



G.2. LITERACY 545

p. 10)

The achievement test is used to describe the relevant student learning in the participating
countries, in conjunction with detailed contextual information about the education sys-
tem and curricula in those countries (Mullis et al., 2009, p. 11). The TIMSS framework
also incorporates content domains (number, algebra, geometry, and data and chance for
Year 8) and cognitive domains (knowing, applying and reasoning) - these domains are
considered when formulating the items for the student assessment (Mullis et al., 2009,
p. 20). Similar to PISA, each student can be measured on a single proficiency scale
for mathematical achievement which was set with a mean of 500 points and standard
deviation of 100 points for the 1995 TIMSS cycle (Thomson et al., 2012, p. 13).

This study, PISA and TIMSS aim to measure students’ competency in mathematics and
its relation to other variables of interest, but the studies are focused on a different aspects
of competency. PISA focuses on mathematical literacy because it aligns with the aims of
the study to examine how effectively students are being prepared to use mathematics in
their post-school life. TIMSS, however, focuses on mathematical achievement because
it aligns with the aims of the study to examine how effectively the curriculum is being
administered to students (in line with the curriculum model). This study is more closely
aligned with PISA in that it aims to examine students’ engagement with mathematics
and their underlying understanding of mathematical thinking and processes, rather than
their attainment of the curriculum.

Results from reports on the PISA cycles are usually presented as a comparison between
two (or more) groups based on their respective mean scores for mathematical literacy.
The signficance tests are one-tailed t-tests as outlined in the PISA Data Analysis Man-
ual (OECD, 2009, p. 149). A similar procedure and one-tailed t-tests are used in the
reports on the TIMSS cycle, as outlined in the TIMSS 2011 User Guide (Foy et al.,
2013, p. 21).
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Appendix H

Participant Observation

This appendix contains notes from the participant observation. The participant observa-
tion and these notes informed the development of the survey questionnaire.

H.1 Notes from the Observation

This section has detailed notes from each class attended. In the left column are notes
that the researcher made during the class and in the right column are key words and
themes that were identified after reviewing the notes.

H.1.1 Class A

Class A was one of the advanced Year 10 mathematics classes at a well-regarded public
school. The teacher was an assistant principal at the school and had been teaching
mathematics for many years.

Monday, Lesson 1 and 2

9.20am The class is about the have a test and the students Chatter, technol-
are talking amongst themselves, some about the test and ogy
some about other things. They have little ‘cheat sheets’ to

547
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help them and they are getting graphics calculators from the
class supply.

9.30am The class is working on the test and is mostly silent Quiet work, chatter,
except for some minor chatter between deskmates. Some comprehension
students question the wording of one of the questions - there
is some confusion as to what it is asking.

9.50am There is general chatter as students begin finishing Chatter
the test. The first student decided they were finished after
20 minutes and almost everyone was finished after 30 min-
utes, but the teacher was willing to give them more time if
necessary.

The teacher begins a discussion about measurement (to Opening
begin the new topic) including different ways of measur- discussion, student
ing, why measurements are needed and different systems response, utility value,
of measurement. The teacher prompts for responses from application
the students, which are not necessarily strictly mathemat-
ics:
‘What are some other units of measurement?’
‘What is a furlong, league and hand?’
‘Where are those units used?’
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Figure H.1: Title page of the chapter which illustrates an application of measurement.
The chariot race is used to illustrate the origin of modern railway gauges.
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Figure H.2: Title page of the chapter which discusses an application of measurement.
The chariot race is used to illustrate the origin of modern railway gauges.
The text on the right lists the intended outcomes of the chapter for the stu-
dents.
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A computer and projector are used to a display a pdf ver- Technology, textbook
sion of the textbook. However, the teacher admits that he software, whiteboard
usually does not do this and the students agreed, saying that teacher
they never use the software that comes with their textbook.
The teacher discusses the context, the learning outcomes for
the chapter, some of the terminology used and plays an ani-
mated solution to a question about composite shapes.

Figure H.3: A screenshot of the animated question about composite shapes. The anima-
tion shows students how to split the door into a rectangle and semi-circle,
calculate the separate areas and combine them to find the whole area.

The teacher goes quickly through the examples presented Whiteboard
by the textbook on composite shapes and sets the students question, textbook
homework to complete from the textbook. homework
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Wednesday, Lesson 4 and 5

11.35am At the beginning of the lesson, the teacher tells Opening discussion,
the students that he will be assessing the quality of their communication, open
bookwork for this chapter - they are expected to use rulers your books, white-
and geoliners to draw diagrams. The teacher asks for text- board teacher, student
books to opened to a certain page. The students are listening response, whiteboard
and attentive while the teacher talks about using measure- question
ment formulas, using the pi function in their calculators and
rounding decimals. The teacher is working on the board,
discussing the area of a sector and reminding the students to
use units. He takes questions from the students and prompts
them to respond back. He goes through an example prob-
lem.

11.45am Students are directed to another page in the text- Textbook work, chat-
book. There is some chatter and students are expected to ter, teacher
start working from the book (some students are doing the roaming, behaviour
test they missed last lesson). The teacher walks around management
the room, helping students and doing behaviour manage-
ment. At 12.20pm, the teacher reminds the students that
if they work hard they can do a logic puzzle (Sudoku) at
12.40pm.
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Figure H.4: The class is working on Exercise 3.1.



554 APPENDIX H. PARTICIPANT OBSERVATION

12.40pm Students are given the opportunity to continue Puzzle, whiteboard
working or do the Sudoku sheet that was handed out. The question
teacher remarks to the observer that Sudoku is meant to get
the students thinking logically and systematically by solv-
ing problems, not just answering questions. He remarks
that students are very social and visual, that very few enjoy
mathematics and they have trouble concentrating for the en-
tire lesson. At the end of the lesson the teacher goes through
a tricky question from the textbook.

Only two rectangles with integer dimensions
(side lengths are whole numbers) have the same
numerical values for area and perimeter. Find
both rectangles.

Thursday, Lesson 3

10.35am There is general chatter amongst the students until Chatter, teacher-
the beginning of the lesson. The teacher points out a fact student
that another teacher told him: (your birth year) + (your age interaction, textbook
at the end of this year) = (the current year). This provokes investigation
some discussion and calls of “It’s obvious!” from some of
the students. The teacher directs students to a certain page
in the textbook: the investigation on the page is to be done
for homework and handed up on Monday. The teacher reads
out the problem and briefly discusses it.
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Figure H.5: The investigation ‘Pizza prices’ which the teacher set the students to com-
plete for homework.
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10.40am The students begin quiet work from the textbook. Textbook work, com-
After a student has a problem with a question, the teacher prehension
notes that the “wording of the question is bad.”

The Department of Roads has a machine that
lays bitumen road at a rate of 20 linear metres
every 15 minutes - the bitumen is 6 m wide.
The machine works 7 hours per day. The de-
partment is building a road 12.5 km long.
(a) How many days (rounded up) will it take to
complete the road?
(b) What will be the total area of bitumen laid
by the machine?

Monday, Lesson 1 and 2

9.20am The teacher projects a pdf version of the textbook Technology, applica-
onto the whiteboard. The teacher discusses the concept of tion, opening
surface area and provides the example of minimising the discussion, student
surface area of a can of soft drink - he points out that the response, textbook
can is not actually optimised, but designed to fit in your work, subject
hand. The teacher is talking through the the surface area of choices, problem solv-
cylinders, pyramids, cones and spheres while the students ing strategies
are sitting, listening and responding to his prompts. The
class discusses a question from the textbook - students are
asked “What formula do I use?” The students are set ques-
tions from the textbook and they begin work. The teacher
talks to a student about their options for next semester/year
- whether they are choosing an Applications or Extension
subject. The teacher gives gives the students tips on drawing
shapes and visualising 3D figures and other problem solv-
ing strategies.
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Figure H.6: The introduction to surface area in the textbook, which was projected onto
the whiteboard by the teacher.
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10.25am Students are allowed to work on the Sudoku sheet Puzzle
again. At the end of the lesson, the teacher says homework
is twenty minutes on the Sudoku sheet.

Wednesday, Lesson 4 and 5

11.35am The teacher tells the students about the upcoming Extra-curricular activi-
Westpac Mathematics Competition. The teacher asks stu- ties, open your
dents to open their books and he goes through a question books, whiteboard
step-by-step on the board. Questions from the textbook are teacher, whiteboard
set for the students to complete and the teacher also tells problem, textbook
students that they can complete a puzzle from the textbook work, puzzle
with a friend.
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Figure H.7: The puzzle in the textbook the teacher has set for the students to complete.
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11.45am Students are continuing work from the textbook. Textbook work, white-
A student asks a question (which could have been answered board problem, tech-
by using the interactive hint in the pdf version of the text- nology, communica-
book). Two students are talking about getting a new phone tion, behaviour
and the best phone plan. Another student is listening to ear- management, prob-
phones and using his phone. The teacher works through a lem solving strategies,
question on the board for a student (which could have been puzzle
answered with an interactive hint) - student asks about ‘re-
versing’ a surface area equation to solve for the radius. The
teacher has to move students because they are being dis-
ruptive. Two students working on the puzzle analyse the
sentence construction and use the logic of English to help
them solve the word puzzle - they find vowels first, make
estimates of the area and look for common letters in order
to solve the puzzle as quickly as possible. One of the stu-
dents comments, “Yeah, we used logic in this one.”
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Figure H.8: The textbook with interactive hints for Questions 7 and 9 displayed. Stu-
dents asked the teacher about both of these questions and on both occasions
their questions could have been answered by the interactive hints.
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Thursday, Lesson 3

10.40am The teacher talks about the links between one- Conceptual thinking,
dimension (circumference), two-dimensions (area and sur- puzzle
face area) and three-dimensions (liquid and solid volume).
Students continue with the logic puzzle from last lesson and
the Sudoku sheet.

H.1.2 Class B

Class B was the most advanced Year 10 mathematics class at a well-regarded public
school. The teacher was also the mathematics coordinator at the school and had many
years experience teaching mathematics.

Monday, Lesson 4 and 5

Students are asked to open their textbooks and the teacher Open your
begins an opening discussion about the topic, making ref- books, opening
erences to the introductory lesson and activity from the discussion, physical
last lesson. The teacher introduces new concepts (relative tools, whiteboard
frequency, experimental probability and expectation). The problem
teacher uses a coin flip demonstration with students to illus-
trate relative frequency and then works through the example
from the textbook on the board.

The class begin working on questions from the textbook. Textbook work, chat-
The teacher hands out a study guide for the topic which in- ter, teacher roaming,
cludes a list of questions from the textbook, concepts cov- checking, whiteboard
ered and some other notes. There is some chatter as the stu- problem, whiteboard
dents work - some of it about the work and some of it about teacher
other things. The teacher roams around the room checking
if the students are doing okay and responding to their ques-
tions. The teacher makes a clarification on the board about
setting out the questions. The teacher occasionally interup-
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pts the class to answer a question on the board or introduce
a new section or type of problem. Some of the students fin-
ish the set work early and the teacher tells them to continue
working from the textbook.

At the end of the lesson, the teacher briefly mentions the Textbook
next section and sets questions from the textbook for home- homework
work.

Tuesday, Lesson 3

10.05am Students are still entering and settling down. The Opening discussion,
teacher begins discussing a concept (probability) and new history, applica-
notation and mentions a page from the textbook. The tion, whiteboard
teacher talks about Pascal and Fermat and the link be- teacher
tween gambling and probability. The teacher asks students
to recall a concept from last lesson. While this is hap-
pening some students choose to just continue with their
work.
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Figure H.9: The text box from the textbook which explained the history of probability
with reference to Pascal and Fermat.

10.15am The teacher asks students to copy down what he Open your textbook,
has written on the board and open their textbooks. The application, white-
teacher mentions some facts about playing cards that are board problem
needed to answer the questions (e.g. number of picture
cards in a deck). The teacher works through an example
from the textbook on the board - students are silent and pay-
ing attention. The teacher uses that example to introduce a
new concept and uses the real world example of playing
cards.
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Figure H.10: The worked example from the textbook that the teacher discussed on the
whiteboard. Note that prior knowledge about the composition of playing
card decks is necessary to answer the question.

10.25am Students continue work from the textbook. The Textbook work, work-
teacher hands out a sheet illustrating playing cards (for sheet, teacher
those students who are unsure) and has more probability roaming
questions. The teacher wanders around the room and helps
students with questions.

10.47am The teacher sets the worksheet he handed out for Worksheet homework,
homework. The teacher quickly revisits a question from whiteboard teacher, re-
last lesson and asks a student to complete the question on call, whiteboard
the board. student

Thursday, Lesson 1 and 2

9.20am The teacher asks students to get out the homework Student
sheet and asks students for their answers, making correc- response, whiteboard
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tions as they go. The teacher uses an example to illustrate teacher, whiteboard
a new concept. The teacher begins a problem on the board student, open your
and asks a student to complete it. Students asked to open books, whiteboard
their textbooks and the teacher works through one of the problem
questions on the board.

A 52 card pack is well shuffled and one card is
dealt from the top of the pack. Determine the
probability that it is:
e a diamond and an ace
f a diamond or an ace

9.35am The students continue with textbook work while the Textbook work,
teacher wanders around. An (international) student has a teacher roaming, com-
problem with the wording of a question that involves vowels prehension, textbook
and consonants, he is unfamiliar with the terminology. Two criticism
students who are working ahead of the class and remark
“Why puts chocolate in a bin?” in response to the situation
described in a question and then note “It’s exactly the same
as the other one [question]! How boring!”

A bin contains 12 identically shaped chocolates
of which 8 are strawberry-creams. If 3 choco-
lates are selected at random from the bin, deter-
mine the probability that:
a they are all strawberry-creams
b none of them are strawberry-creams.

The teacher tells students that “You do need to practice them
by yourself” - students need to test themselves to see what
they can do.

10.10am The teacher interrupts the class to discuss further Whiteboard
concepts and theory. teacher

10.20am The teacher asks students to turn to a particular Open your
page in their textbook and begins discussing a problem. The books, whiteboard
problem is about independent events and the teacher illus- teacher, visualisa-
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trates this on the board using the example of a hat full of tion
red and blue marbles. A student comments that “They [tree
diagrams] take ages to draw.” The teacher works through
a problem on the board for students who are ahead in their
work.

Monday, Lesson 4 and 5

11.35am The teacher is explaining a concept (including the Whiteboard teacher,
relevant formula and a pictorial example with marbles) and visualisation
prompting students.

11.45am The teacher asks students to open their textbooks Open your
and he begins working through a question on the board. A books, whiteboard
student requests a discussion of another question on that teacher, whiteboard
page. problem

12.00pm Students continue working from the textbook ac- Textbook work, tech-
cording to the study guide. The teacher is answering stu- nology, teacher
dents’ questions and tells one student to “Do the odds [ques- adapting, whiteboard
tions 1, 3, etc] - catch up” because they are behind the teacher, whiteboard
class. A technician is trying to get the interactive white- problem
board working and the students become interested in it -
one asks “Can I touch it?” After a couple of questions from
students about the same question, the teacher starts working
through it on the board (but without waiting for all students
to pay attention). Once the teacher has finished writing it
up, he calls for the attention of all students and also explains
another question.

12.55pm The teacher uses his own example with hats to Teacher adapting, vi-
explain a concept and prompts students for responses. He sualisation, student
sets homework from the textbook. response, textbook

homework

Thursday, Lesson 1 and 2
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9.20am The teacher begins with an opening discussion Opening discussion,
about a new concept and mentions one of the mathemati- history, application,
cians involved. The teacher uses the example of playing technology, teacher
cards again to illustrate the concept. Two students have al- adapting
ready finished this section of work and are playing with an
iPod Touch. Some other students are continuing with their
work while the teacher is talking. The teacher also uses the
notation ∪ for a union of sets and ∩ for a intersection of
sets, whereas the textbook only uses the terms “and” and
“or.” The teacher also extends a problem that is in the text-
book - he discusses three set Venn diagrams whereas the
textbook is limited to two set Venn diagrams.

9.35am Students are continuing with work from the text- Textbook work, com-
book - the teacher says everybody should work start work munication, motiva-
on the new section even if they have not finished the previ- tion, whiteboard
ous section. The teacher reminds the students about the im- student, whiteboard
portance of setting out their work - all part of the “communi- teacher, technology,
cation” of mathematics. Two students have already finished teacher adapting, tech-
the current section, but it takes the teacher to prompt them nology, textbook
for them to admit they did have trouble with one question homework
and they just skipped it. The teacher explains that ques-
tion on the board. The two students working ahead are just
relaxing as they have run out of questions from the study
guide (that are not meant for revision). The teacher asks
two students to present a question to the class - he helps
them explain it and uses it to explain possible pitfalls and
mistakes in answering similar questions.

In a class of 40 students, 19 play tennis, 20 play
netball and 8 play neither of these sports. A
student is randomly chosen from the class. De-
termine the probability that the student:
a plays tennis
b does not play netball
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c plays at least one of the two sports
d plays one and only one of the sports
e plays netball, but not tennis

The teacher adds an extension to this textbook question for
the students.

You ask the tennis players to a meeting. What is
the probability that any one of them plays net-
ball as well?

The teacher demonstrates a ball drop simulator (included
with the textbook software) to illustrate new concepts.
Homework is questions from the textbook.

Figure H.11: A screenshot of the ball drop simulator.

Monday, Lesson 4 and 5

11.35am The teacher tells students that they have a test on Whiteboard teacher,
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Thursday and they are allowed an A5 page of notes. The application, technol-
teacher introduces a new concept and uses a real world ex- ogy, student rapport,
ample involving Ricky Ponting’s batting average and an- checking
other from the textbook about an archer. The teacher asks if
there are any questions about the earlier work because of the
upcoming test. The teacher then discusses the ‘Monty Hall
problem’ and uses Wikipedia (which he calls that “source of
knowledge” which elicits some laughter), a YouTube video
and illustrations on the board. The teacher asks “Do you
understand?”
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Figure H.12: A screenshot of the YouTube video (uploaded by niansenx) which explains
the Monty Hall problem.

12.00pm Students are finishing off earlier problems if Textbook work,
needed and completing the review sets and practice test in teacher adapting, tech-
the textbook. The teacher checks some of the students’ nology, textbook criti-
homework. The teacher tells the researcher that he uses the cism, extra-curricular
test generator included with the textbook for practice tests activities, whiteboard
and as a question database, but he writes his own tests. The teacher, application,
teacher is roaming the room. The teacher says to a student comprehension
“You think I’ve done every question in the textbook? I have
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a life” and “Some questions are more interesting than oth-
ers.” Two advanced students could not do 0.1×0.2×0.3×0.4
without using a calculator - the teacher had to reminds them
how to multiply decimals and then they remember (they are
practising for the Westpac mathematics competition). The
teacher promotes the Westpac competition by saying it has
interesting and though provoking questions. A student com-
plains about the ‘corrupt’ Monty Hall problem - it is “de-
signed to play upon the average person’s mind.” After a
student asks a question, the teacher does the relevant prob-
lem on the boards and calls for students’ attention - he notes
the reference to casinos, gambling and poker machines and
relates a story about his sister who made large profits from
poker machines. A student has a problem with a question,
he is not sure if it means with or without replacement and
the teacher comments “that’s what I’d call a poorly worded
question.” Two advanced students are playing a blackjack
game on an iPod Touch. The teacher tells students their
term grades. The teacher finishes the class by going through
practice questions from the Westpac competition.

H.1.3 Class C

Class C was one of the lower stream Year 10 mathematics classes at a public school.
The teacher was also the mathematics coordinator at the school and had been teaching
mathematics for many years.

Friday

The teacher begins the lesson by introducing new informa- Opening discussion,
tion - she writes down information about converting cubed recall, whiteboard
units and volume formulae for the students to copy down. teacher, student
The teacher recaps previous work the students have done response
on converting (squared) units and prompts the students to
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respond to question. The students put their hands up and
seem eager to answer the questions.

The teacher sets a time limit of 10 minutes to solved the Textbook work, com-
questions she has set. Students are reminded to check their munication, compre-
work by using the answers in the back of the textbook. A hension, collabora-
student tells his deskmate that “I’m not cheating” while tion
checking the back of the book. The teacher clarifies to the
students that ‘metres cubed,’ ‘cubic metres’ and m3 are
equivalent. The students have numerous questions about
the “wordy problems.” Students are comparing answers and
helping each other.

The teacher draws a diagram on the board - the class are Whiteboard
working on identifying cylinders - and the teacher makes teacher, visualisation,
reference to “filling in up” to explain the concept of volume. checking, reasoning,
The teacher is discussing problem solving strategy with the communication
students - determining whether a shape is a prism or a pyra-
mid by asking “Can you touch your finger to the point?”
and identifying parts of the shape. The teacher keeps ask-
ing “Are you comfortable with that [term]?” Some of the
students ask “Who said? How does it work? [Where does
it come from?]” - they want to know the origin of the for-
mula. Students are asked to copy down the worked example
on the board. The teacher mentions the importance of set-
ting out the work neatly and clarifies how it should be done.
The teacher sets learning the formulae and conversions for
homework.

Monday

1.50pm The teacher hands out the homework that was Criticism, motivation,
handed up on Friday. She lectures the students about do- work ethic
ing their homework and tells them not to hand up “rubbish,”
stop being “lazy” and to “pull their finger out.” The students
had wrongly used or written down basic formula (area and
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circumference). The teacher emphasises the importance of
knowing basic formulas and putting in a solid effort.

2.00pm The teacher draws a (right-angled) triangular prism Whiteboard
and goes through the problem step-by-step - decide whether teacher, whiteboard
it is a prism or pyramid, find the area of the base, etc. The problem, technol-
teacher reminds the students “See you don’t need a calcu- ogy, student response,
lator” for computing 1

2 (4 × 3). Students seem to respond reasoning
well when prompted by the teacher. The teacher continues
to provide examples for other shapes. Some students ask
“Who came up with all this?” referring to the formulae and
the teacher responds by saying it was trial and error with
water. One student thinks about trying to break up an ir-
regular prism into regular prisms (like they had been taught
for composite shapes) until other students and the teacher
remark, “I gave you the area [of the cross-section]!”

2.15pm Students are instructed to continue with textbook Textbook work, com-
work and told to check their answers and ask for help if munication, teacher
needed. The importance of setting out their work is empha- roaming
sised again. The teacher walks around the room while the
student are working.

Tuesday

10.37am Students hand up their homework and the teacher Open your
asks for them to get their textbooks and calculators out. books, work
The teacher asks two students “Where did you bunk off to ethic, whiteboard
yesterday?” and one of them responds “Uhm, my house.” teacher, whiteboard
Teacher is working through problems on the board while problem, student
students are watching, listening and responding (revisiting response, check-
similar problems to last lesson). The teacher keeps asking ing
“Everyone comfortable with that?” The students seem ea-
ger to answer the questions the teacher poses to the class.
The teacher reminds students not to complain if their grades
are bad because they did not attend class.
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10.47am Students continue with work from the textbook. Textbook work, work
Absences seem to be a particular problem and teacher re- ethic, textbook
minds some students they are in danger of having to repeat criticism, reason-
if they do not work harder. Students are asked to catch up ing, teacher
during lunch to finish work and the teacher reminds the stu- roaming, checking,
dents it is their responsibility to chase up work they have encouragement
not handed up. The teacher reminds a student “Don’t do it
the book way, people don’t remember it” regarding the pro-
cedure for solving a particular question. Students think out
loud about the formulas and their derivation. The teacher
is roaming the room and keeps checking in on the students
and giving them positive affirmation.

11.12am The teacher sets questions from the textbook as Textbook home-
homework and tells students to see her if they need help work, extra-curricular
(she makes herself available outside of class). activities

Thursday

10.05am The teacher tells the class that they did a much Encouragement, extra-
better job on the homework this time, but some students are curricular activities,
still getting the basic formulae wrong. Students who made teacher-student inter-
mistakes were asked to stay in at recess to correct them. The action, grades
teacher says that the class needs to have a test for this topic
and discusses with the class when it will be. The students
want to see their grades for the term.

10.12am The teacher remarks that she had a Year 11 class Student-teacher
for a relief lesson and they said they did more work in one rapport, opening
lesson than in the whole term. The students agree that she discussion, whiteboard
is a good teacher. The teacher begins a new topic (linear teacher, student
graphs) and draws up a diagram of two axes and labels it, response, revi-
talks about plotting points and reading coordinates from the sion, visualisation,
graph. Students are prompted to respond throughout. The checking
teacher mentions that this material should be revision from
Year 8. The teacher uses hand gestures to illustrate that as



576 APPENDIX H. PARTICIPANT OBSERVATION

a baby “First you crawl along the x-axis before you climb a
tree.. or dig a tunnel” to explain how to find a point on the
Cartesian plane. Teacher asks “Are you comfortable with
that?”

10.23am The teacher asks students to open their books and Open your book, text-
start work. The students work quietly while the teacher book work, teacher
roams the room. roaming

10.35am The teacher draws up a table of x and y coordi- Whiteboard teacher,
nates on the board and shows the class how to use this to plot applications, textbook
a line. The students ask questions about real world applica- work, teacher
tions the class had talked about before. The students begin roaming, communica-
work from the textbook while the teacher roams around the tion
room. One student asks if he can continue beyond the ques-
tions the the teacher as set and the teacher says yes. One
student remarks that “All this has come back to me, I’m just
having trouble setting it out.” The teacher says to the class
that once you have finished the quesstions you should cor-
rect your assignment.

Friday

12.27pm The teacher is projecting a pdf copy of the text- Technology, opening
book onto the board. The teacher uses the textbook to in- discussion, whiteboard
troduce the topic of slope and asks for the children to copy teacher, physical tools,
down important definitions and concepts from the textbook applications, textbook
into their books - “slope is gradient” and “horizontal lines work, teacher
have no slope.” The teacher circles important terms from roaming, textbook
the projection on the board. The teacher illustrates the con- criticism
cept of slope with a metre ruler: walking up a hill and rock
climbing are illustrated with different slopes. The teacher
also discusses real world examples that are mentioned in
the textbook (the roof of a house, an escalator and the Lean-
ing Tower of Pisa). Students asks “What is that 1

4 of?” -
they seem to be thinking of it as a fraction of a particular
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quantity. The students continue with work from the text-
book. A student asks “What is it [slope] used for?” The
teacher is roaming around and mentions “[That] there are
wrong answers in the back of the book.” Students are hav-
ing trying to understand the concept of an undefined slope.
One student asks “[If] it’s improper [do we convert in to a
mixed fraction]?”

12.55pm Teacher demonstrates a vertical line with the ruler. Physical tools, text-
She discusses methods for finding the slope - “We’ll use my book criticism, be-
method and then the book method - we’ll see which one you haviour management,
prefer.” Teacher tells the class “I don’t want you to discuss textbook work
it, I just want you to do it [your work]” because the students
are talking too much. Some students are working ahead of
the rest of the class.

1.04pm The teacher is explaining slope again for students Textbook
who were still finishing the previous section. The teacher homework
sets questions from the textbook and corrections to the as-
signment for homework.

Monday

1.47pm The teacher tells the class “I don’t need to tell Open your
you to get your books out.” The teacher takes the stu- books, opening
dents through new material and the students listen and re- discussion, student
spond when asked. Some students use a calculator to find response, technol-
y = −3 + 2 and one student has trouble substituting x = 1 ogy, textbook
into y = 4 − 2x - the teacher says “Don’t use your cal- homework
culator.” The teacher sets questions from the textbook as
homework.

1.56pm The teacher sets question from the textbook and Textbook work,
roams the room while students are working. teacher roaming

2.05pm The teacher asks students to rule up a new page at Whiteboard
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the back of their books - they are revising perimeter and area teacher, revi-
for the upcoming test. The teacher writes up the conversion sion, teacher-student
table for mm− cm−m - “If you feel you need to draw that rapport
little diagram [during the test], do it.” The teacher revises
what they learned in that section and reminds the students
to remember to add units, get the correct formula for area
of circle (not A = πd) and remember to halve the formula
for semi-circles. One of the students points you “You lost
a mark! You forgot metres!” when the teacher is writing
up a problem on the board. The teacher remarks that “it
becomes so much easier [when you’ve already learned the
material in Years 8 and 9], but your teachers don’t enforce
it as much as they should.” When writing the conversion
table mm2 − cm2 −m2 − ha− km2 and some of the students
question the origin and use of hectares and seem confused
that it isn’t ha2. The teacher writes down area formulae
(rectangle, triangle and circle) and comments “You do that
in primary school” and a student responds “Yeah, but I don’t
remember.” The teacher jokingly says “If I find you using
A = πd, I’ll make you write it out 100 times!”

H.1.4 Class D

Class D was one of the middle stream Year 10 mathematics classes at a Catholic school.
The teacher was also the mathematics coordinator at the school and had been teaching
for less than ten years.

Monday, Lesson 1 and 2

8.40am The students are filing into class. The teacher Textbook work, prob-
reminds the students about the formative test this lesson, lem solving strategies,
which is made up of questions from the textbook. The chatter, teacher
teacher tells students to review the textbook and their an- roaming, behaviour
swers while waiting for the other students to arrive and “if management
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you have done the questions, you should be prepared.” The
school bell rings and the teacher gives the students four min-
utes to review the textbook. The teacher talks the students
through some tips. There is some chatter as the students re-
vise and the teacher helps some students while doing crowd
control.

8.50am The test is about to start. The teacher writes some
notes of the board for the test (expansion rules for factorisa-
tions), but remarks “[you] should know these off by heart.”
The students ask why they have to do a summative test on
this topic (last topic of the year) when it is going to be cov-
ered by their final exam.

8.55am The students are working silently as they work on Teacher
the test and the teacher wanders around the room. One stu- roaming
dents asks for a calculator.

9.10am The teacher asks “How are we going for time?” to checking
judge students’ progress and says “If you’ve finished early
go back and do your checks - left and right hand side [of the
equations] should match up.”

9.20am The test is over and students swap tests so they can Whiteboard
mark each other’s work. The students write down missing teacher
steps and correct answers. Wrongly answered questions are
set for homework. The teacher goes through each problem
step-by-step on the board.

10.00am The students have finished marking the tests and Technology, extra-
they swap back. The teacher reminds students to redo the curricular
questions they got wrong. The teacher explains her own activities
research about females in mathematics to the class. The
teacher wanted to show a video to the class, but ran out of
time. The teacher advertises a mathematics help program
running after school and asks if anyone is coming.



580 APPENDIX H. PARTICIPANT OBSERVATION

Monday, Lesson 1 and 2

8.50am The class is beginning, but some students are away Opening discussion,
due to a drama production. The teacher begins a new topic recall, whiteboard
with a discussion of the shape and features of a quadratic teacher, student
equation (revising material they had done earlier in the response, teacher
year). The teacher is working from the board, discussing adapting
things with the class and prompting them for answers. The
teacher mentions f (x) notation and says “Not sure if it’s
in your textbook yet.” The teacher is making references to
diagrams on the board.

9.00am The teacher tells the students to open their text- Open your books,
books, copy down what has been written on the board and chatter, textbook
start working from the textbook. There is a little bit of chat- work, check-
ter as students begin work. The teacher is helping some ing, student rapport,
students and asks “All make sense, boys?” The teacher checking, whiteboard
tricks the student sby telling them their final exam covers teacher
the whole year and is three hours long to “Prepare you for
Year 12.” The students believe her and are outraged until
she reveals the truth. As the end of the year is approaching,
the teacher and students organise a class party. The chatter
continues, but students are generally working. The teacher
prompts students about one of the questions, seemingly to
give students a hint about where they should be up to by
now. A student asks a question and the teacher helps out in
a voice loud enough for the whole class to hear. The teacher
is writing a question on the board as students work.

9.15am The teacher gives the students a 10 minute time Textbook work, tech-
limit to finish the set work. A student says time limits are nology, encourage-
stressful and the teacher remarks “Aren’t time limits good ment, behaviour
[to get you motivated]?” A student has a problem using management, teacher
their calculator and the teacher helps them. The teacher roaming
is giving encouragement to the students like “Good work,”
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“Well done” and “Anyone have any problems? Question 4 is
the hardest.” The teacher tells off a student for using head-
phones in class. The teacher is roaming around the room
helping students.

9.20am The teacher says “Got about four minutes then Chatter, technol-
we’ll do Question 5 together.” The teacher tolerates a low ogy
level of chatter amongst students. The teacher was planning
to show the class a YouTube video, but the internet is not
working.

9.25am The teacher is discussing a question on the board, Teacher at the board,
relates it to a real world example (projectile motion) and real world example,
talks through the procedure to answer it. The teacher student response, com-
prompts students throughout (breaking the problem into munication
manageable steps). All the students seem to be paying at-
tention. The teacher reminds the students “You should write
what law you’re using (e.g. Null Factor Law).” The teacher
keeps making connections back to the real world example
(e.g. maximum height of the projectile is at the vertex of
the function and the height should be 0m at the beginning
and end of the flight). The teacher asks “Are we okay with
that?” and ”If I asked you to illustrate the projectile motion
in a test, could you?”

9.40am Textbooks are closed. The teacher is discussing Whiteboard teacher,
simple quadratic functions and how to graph them with- technology, chatter,
out the use of a calculator. The teacher remarks “Yes, it’s subject choices
easy to use a calculator or textbook, but you need to know
how to do it.” There is some chatter about students’ sub-
ject choices (whether they are doing ‘Studies’ or not). The
teacher brings the focus back onto the board.

10.05am Homework is set from the textbook. The teacher Textbook
remarks that the “Textbook is silly, it doesn’t get you to homework, textbook
analyse the functions” (implying that the questions are not criticism
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as in depth as they could be). The teacher tells students to
being their homework in the remainder of this lesson.

Thursday, Lesson 3 and 4

10.50am The teacher reminds students about Monday’s Recall, opening
work and checks everyone is finished and okay with it. The discussion, whiteboard
teacher introduces a new concept and type of problem on teacher, teacher-
the board and reviews and applies new terms. Students student interaction,
are reminded about common potential mistakes (e.g. us- chatter, behaviour
ing the wrong sign). The teacher takes students step-by- management
step through the problem. A student remarks “I don’t get
anything she’s trying to do” and the teacher responds “You
don’t get anything!?” The teacher asks students to write
in their books as she goes through a problem on the board.
The teacher is graphing a quadratic equation on the board
by hand:

Student: I’m so confused.
Teacher: Why didn’t you put your hand up?
Student: Why didn’t you do a table of values?
Teacher: I just know, I’ve drawn lots of these
graphs.

There is lots of chatter while the teacher is drawing on
the board. The teacher is going through another question
step-by-step and keeps having to call for the class to be
quiet.

11.20am The teacher asks students to open their textbooks Open your
to a certain page. The teacher adds an extension to what books, teacher roam-
the textbook has covered so far (turning point or vertex of a ing, teacher adapting,
quadratic). The teacher is roaming the room while students application, student
are working. The teacher remarks that “Other functions are rapport, puzzle
made up of quadratics” and “Anything that involves curves
has a quadratic” and illustrates her point by showing stu-
dents the curve on their chairs. The teacher and a student
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are talking about the teacher trying to get students to en-
joy mathematics by trying to be personable and fun. The
teacher hands out a puzzle sheet to give the students a break
(it also seems to encourage a competitive spirit to see who
can solve the puzzle first). About introducing the term ver-
tex, the teacher says “[The] textbook doesn’t do that yet, but
it’s worthwhile to know.”

11.50am The teacher brings focus back to the board to Whiteboard
(re)introduce a concept. The teacher uses a happy/sad face teacher, physical
analogy to talk about the shape of graphs. The teacher also tools, problem solving
discusses test strategies like performing a check on your strategies
work. The teacher asks the question “How would I graph
this” to link it back to the beginning of the lesson. The
teacher set questions from the textbook for students to work
on.

12.00pm The students get on with the textbook work with Textbook work, chat-
some chatter. The teacher jokingly says “Having a good ter, student
conversation about translations?” (as in translating a graph). rapport, teacher
The teacher is roaming around the room helping students. roaming, subject
The teacher discusses mathematics and subject choices with choices, career,
one girl and says “Remember maths is in every career.” collaboration
Students are sharing and comparing answers with each
other.

H.1.5 Keyword glossary and analysis

This section has a listing and description of all the key words and themes that were
identified in the above notes with examples that refer back to the notes.

Application

The application keyword has been used whenever the teacher or student has made ref-
erence to a possible application of the mathematics they are discussing or used a real
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world application to explain a concept. The first use is intended to demonstrate the
relevance of mathematics to everyday life and work and the second use is intended to
leverage students’ familiarity with everyday objects to explain a concept. Each of the
four classes made at least one reference to an application during the observations.

Class A was studying measurement, in particular calculating area, surface area and vol-
umes of different shapes and objects, which lends itself to some use of applications.
Measurement should be familiar to students and is physically tangible (at least in the
one, two and three dimensions cases studied in secondary school). The teacher began
the topic by discussing units of measurements (such as furlongs and hands) that stu-
dents may have heard or used previously and used this to encourage students to become
engaged with the the topic through concepts with which they are already familiar. The
teacher was following the way the textbook introduced the topic.

The concept of surface area was introduced by the teacher using the example of a can
of soft drink. The teacher asked his students to consider how they would minimise the
surface area of the can (and hence the amount and cost of the raw materials necessary)
for a given volume of liquid. He mentioned that the surface area would be minimised
by manufacturing a spherical can, but this would make it difficult to hold and package
and the final design reflects a balance of materials and usability. This use of application
was teacher driven, but was used to prompt to student responses - the example was
introduced by the teacher, but was used to involve students in the discussion.

Class B was studying probability, meaning the class was able to draw on many familiar
applications. The teacher followed the example used in the textbook and mentioned
that probability theory was developed in response to situations like gambling and games
of chance. Many of the questions in the textbook involved playing cards, presumably
because students would be familiar with them and it would give the questions a real life
context. The teacher also used his own example of Ricky Ponting’s batting average,
apparently to leverage students’ prior knowledge of cricket. The teacher also used the
Monty Hall problem, which provides an interesting and potentially unexpected result to
give the students a practical example in the familiar setting of a game show. The use
of applications was partially driven by the examples used in the textbook and examples
that the teacher introduced himself.

Class C was studying measurement and linear functions. There was less apparent dis-
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cussion of applications in this class than in Class A, which also studied measurement
during the observations. The main examples of applications were derived from exam-
ples included in the textbook questions, such as the slope of a house roof, an escalator
and the Leaning Tower of Pisa during the section of linear functions. Students also
asked when this type of mathematics would be useful and the teacher was able to re-
spond by giving examples of careers in which it would be useful (such as a builder in
the house roof example).

Class D was studying quadratic equations. This topic is perhaps the most abstract of the
all the topics observed in this study, at least for the applications within the scope of a
Year 10 mathematics class. The teacher used the students’ chairs to illustrate a curve
and demonstrate that quadratics can be found in everyday objects which have curves
in their construction. The teacher also used the idea of projectile motion to discuss the
features of quadratic equations (including y-intercepts and turning points or vertexes).
This allowed the students to connect with the abstract concepts in a tangible way. In
both cases, the applications were teacher driven.

Behaviour Management

The behaviour management keyword has been used whenever the teacher has had to
intervene because of the poor behaviour of some of the students. The presence of the
teacher act is passive behaviour management, but the keyword has been used only when
the teacher has engaged in active management of the students. Every teacher had to
engage in behaviour management at some stage during the observations. On all oc-
casions, behaviour management was a response to the chatter amongst students rising
above a tolerable level. The teacher would give some kind of verbal warning or indica-
tion that the students were to quieten down and they always complied in an acceptable
fashion.

Career

The career keyword has been used whenever there was some discussion about students’
career options or how mathematics or studying mathematics can assist in their career.
There was only one instance of career discussion during the observation, which occurred
in Class D while the teacher and a student were discussing subject choices and the
relevance of mathematics. The teacher said to the girl, “Remember maths is in every
career.” It is possible that the students had unobserved discussions during or outside of
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class or at different times throughout the year (such as when students were making their
subject choices for the next year). The link between mathematics and careers could also
be implicitly imbedded in the discussion about applications.

Chatter

The chatter keyword has been used whenever there was audible talking amongst the
students. In almost all cases, it was impossible to determine what the students were
discussing - it may have been conversation about mathematics, other school subjects or
non-school matters. There was chatter in all four classes and in almost all cases the
students were allowed to continue with a low level (in terms of volume and frequency)
of chatter.

Checking

The checking keyword has been used whenever the teacher has asked a student or a
group of students whether they have understood the work. The teachers used checking
in an almost rhetorical style - seemingly using it to punctuate the end of a new idea,
concept or type of problem and provide a pause in which the students could interject
or ask questions. The students almost never took the opportunity the teacher provided
while in open classroom discussion, but seemed more likely to ask questions when asked
privately. Checking could also be another form of ‘encouragement’ in which the teacher
is showing concern for the students.

Collaboration

The collaboration keyword has been used whenever students were directly observed
collaborating on their set tasks. There was only one occasion when collaboration was
directly observed, when students from Class C were checking their work with each
other and comparing answers. However, as discussed in chatter, it seems likely that
when students were talking amongst themselves they were talking about their work and
collaborating.

Communication

The communication keyword has been used whenever the teacher emphasised the im-
portance of the effective communication of mathematics. The most common occurrence
of communication was when teacher were discussing the students’ bookwork, particu-
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larly how students should set out particular questions. It was also used when a student
was asking a question about the work and used a colloquial term rather than the cor-
rect mathematical term - the student talked about ‘reversing’ an equation rather than
‘rearranging’ an equation.

Comprehension

The comprehension keyword has been used whenever students have had difficulty un-
derstanding something or the teacher has made reference to that difficulty or potential
difficulty. In some cases this difficulty in comprehension was related to the textbook.
Students made reference to the wording of the questions and said that they were hav-
ing difficulty understanding what the textbook was asking them to do. The teachers
in Class A and Class C both had cause to comment on the wording of a question af-
ter a student expressed difficulty answering it. An incident of particular note occurred
when an international student was having difficulty answering a question because it re-
quired particular required knowledge that the student lacked - the meaning of the terms
‘vowel’ and ‘consonant.’ In this case the source of the difficulty is not inherent in the
mathematics (at least the student did not express any such difficulty), but rather in the
context within which the question has been set. Similarly the students in Class C talked
about the difficulty of “wordy problems” - those which use some real world example or
context.

Conceptual thinking

The conceptual thinking keyword has been used whenever there has been a discussion
of the concepts underlying the mathematics being studied. Conceptual thinking includes
discussing the relationship between different mathematical concepts or areas and how
mathematical concepts can be generalised. There was only one observed occurrence of
conceptual thinking which occurred in Class A. The teacher discussed the links between
measurement in one, two and three dimensions which addresses how mathematics can
be generalised.

Criticism

The criticism keyword has been used whenever the teacher has openly criticised the
students for some reason. Criticism could be considered a form of long term ‘behaviour
management’ designed to guide or alter students’ behaviour or attitude. There was only
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one observed occurrence of criticism when the teacher in Class C lectured her students
about the general poor performance on a homework task. The teacher seemed to be
of the belief that the students had not applied themselves to the task and that was the
cause of the poor performance. The students had wrongly applied or written down
basic measurement formulae (such as area and circumference of a circle) despite having
access to this information in their textbook and workbooks - which seems to support the
teacher’s belief. In this case, criticism is also related to motivation and work ethic.

Extra-curricular activities

The extra-curricular activities keyword has been used whenever there was a mention
of mathematics work outside of the usual scheduled lessons. The activities could be
directly related to the students classroom work or other activities that involve the use of
mathematics. The teachers in Class A and Class B both advertised the Australian Mathe-
matics Competition organised by the Australian Mathematics Trust (formerly sponsored
by Westpac Banking Corporation) to their students. In particular the teacher of Class B
said that he expected all the students in the class would participate as they were in the
most advanced mathematics class at the school. The teacher in Class C made herself
available to students outside of class at recess, lunch and after-school if they needed
any extra help - there was also the expectation that students who had incorrectly an-
swered questions on homework tasks would take this opportunity to correct their work.
The teacher is Class D also advertised the school’s after hours mathematics help ses-
sion.

Grades

The grades keyword has been used whenever the students made an enquiry about their
term grades for mathematics. The students of Class B and Class C both expressed
their interest in seeing their grades for the term and both teachers accepted their re-
quest.

History

The history keyword has been used whenever the historical context of the mathematics
or the role of particular mathematicians has been discussed in the class. Discussion
about the history of mathematics was only observed in Class B - this could have been
because it was more applicable to the topic they were studying (probability) than for the
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other classes. The textbook provided the example of Pascal and Fermat and mentioned
their contributions to the development of probability theory. The topics the other classes
were studying - measurement, linear functions and quadratic equations - had their gen-
esis in ancient and pre-ancient times as opposed to probability theory which began its
formal development in the 17th century.

Motivation

The motivation keyword has been used whenever there was an observation about the
students’ motivation to learn mathematics.

Open your books

The open your books keyword has been used whenever the teacher has explicitly told the
students to open their textbooks. The teacher of Class C remarked to students, “I don’t
need to tell you to get your books out.” Often the teacher would direct the students to a
particular page in the textbook which followed on from the opening discussion.

Opening discussion

The opening discussion keyword has been used whenever the teacher has the begun a
class (or a new topic) with an introductory discussion. The classes generally followed
a structure in which the teacher would begin the class by framing the work the students
would be doing with a recap of the work from the previous lesson and the introduc-
tion of a new concept or type of problem. The opening discussion would involve the
teacher standing at the front of the class and using the whiteboard (whiteboard teacher)
to write notes about the topic, solve example problems (whiteboard question), ask stu-
dents questions (student response) and ensure students were understanding the material
(checking).

Physical tools

The physical tools keyword has been used whenever the teacher has used a physical
object or demonstration to explain a mathematical concept or problem. The most sig-
nificant use of physical tools was by the teacher of Class C who used a metre ruler to
demonstrate the slope of linear functions along with using the analogies of walking up
a hill and rock climbing.

Problem solving strategies
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The problem solving strategies keyword has been used whenever the teacher has dis-
cussed with the students strategies for solving the problems they will encounter or the
students have mentioned such strategies. The depth of the discussion could range from
discussion of how to solve a particular problem and common mistakes with that prob-
lem to general mathematical strategies. The strategies were generally of lower depth
such as strategies for taking tests.

The teacher in Class A gave the students advice on how to visualise and draw the
three dimensional shapes they were encountering - which covers solving those partic-
ular problems and visualising mathematics more generally. Two students from Class
A also used problem solving strategies to solve a puzzle that the teacher had set. The
puzzle involved solving a measurement problems which were marked with letters of
the alphabet, substituting those letters into the corresponding sentence formed from the
answers to the problem revealed the sentence. The students used the logic of the En-
glish language to solve the puzzle with minimum effort. The students solved problems
marked with vowels and common letters first and substituted them into the sentence.
They also made estimates of the solutions to the problems and used trial and error to
check where if they fitted into the sentence.

Puzzle

The puzzle keyword has been used whenever the students were set to work on puzzles
in class. The teacher of Class A remarked that he set the students puzzles to work on
because it was difficult for students to concentrate for an entire double lesson and it was
a way to get students engaged with mathematics in a way they would find interesting.
The puzzles were in the form of worksheets copied and handed out by the teacher and
also as exercises in the student textbook.

Quiet work

The quiet work keyword has been used whenever the students were asked by their
teacher to do quiet individual work. Quiet work often coincided with open you books,
textbook work and teacher roaming. The students were almost always asked to do indi-
vidual work solving a list of problems from the textbook. A reasonable amount of chat-
ter between students was tolerated during quiet work, but it was generally not known if
the students were discussing the work or not. The majority of each lesson was devoted
to quiet work.
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Reasoning

The reasoning keyword has been used whenever there was use or discussion of math-
ematical reasoning. The only observed occurrences of reasoning were in Class C in
which the students questioned the origin and derivation of the measurement formulae
they were using. This appeared to demonstrate a deeper interest in understanding the
mathematics.

Recall

The recall keyword has been used whenever the teacher has asked the students to recall
work or knowledge from a previous lesson or year. Recall most commonly occurred
at the beginning of the lesson during the opening discussion when the teacher would
reinforce the content from the previous lesson and use it as a mathematical base to
introduce the next concept.

Student response

The student response keyword has been used whenever the teacher has asked students
questions while addressing the class. The teachers typically used student response dur-
ing opening discussion, whiteboard teacher and whiteboard question. It seemed that
the teacher was using student response as a way of involving and engaging students in
the work and it could be considered a form of checking in which the teacher is seeking
feedback to make sure the students are following the discussion.

Student rapport

The student rapport keyword has been used whenever the teacher has demonstrated or
tried to foster some rapport with the students. The most observed example of this was
the teacher making light-hearted comments or jokes with the students, such as when the
teacher from Class D tricked the students into believing that their end of year exam was
three hours long.

Subject choices

The subject choices keyword has been used whenever there has been a discussion of
students’ subject choices. The observed discussions revolved around whether students
were going to choose ‘Applications’ or ‘Studies’ in Year 11 (SACE Stage 1). The ’Stud-
ies’ subject is designed to lead students onto studying ’Mathematical Studies’ and ’Spe-
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cialist Mathematics’ at Year 12 (SACE Stage 2), whereas the ’Applications’ subject is
oriented towards the use of mathematics in everyday life and vocationally.

Teacher adapting

The teacher adapting keyword has been used whenever the teacher has demonstrated
that they are adapting their teaching for the needs of the class. The most common
examples of this is the teacher introducing notation or ways of solving problems that
are not included in the textbook and extending questions from the textbook. Teacher
adapting has also been used when the teacher has formulated their own example to
demonstrate a concept to the students.

Teacher roaming

The teacher roaming keyword has been used whenever the teacher has walked around
the classroom helping students while they are doing quiet work. Throughout the ob-
servations, teacher roaming occurred every time the class was doing quiet work. Stu-
dents would use this opportunity to ask the teacher questions, something they seemed
to be more comfortable with than asking them in front of the class. The teacher would
use teacher roaming as a chance to do checking, which would often lead to the teacher
noticing that the students were having a particular common problem. The teacher would
then interrupt the class to do whiteboard teacher and whiteboard question to explain the
problem and help the students as a group.

Technology

The technology keyword has been used whenever modern technology (such as projec-
tors, calculators, mobile phones and desktop computers) have been used or mentioned
in the classroom. There are two important distinctions in the use of technology: whether
it is teacher or student driven and whether it is related to school work or not.

The observed examples of teacher driven use of technology were when the teacher
utilised the projector and connected desktop computer. The teachers from Class A and
Class C both projected a pdf copy of the textbook onto the whiteboard and used this in
while doing opening discussion. The teacher of Class B made the most extensive use of
technology - he showed the students videos from YouTube (http://www.youtube.com),
an article in Wikipedia (http://en.wikipedia.org) and used a ball drop simulator that was
included with the textbook software (a Microsoft Excel spreadsheet). These examples
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are teacher driven because the teacher was the one that found and used the resource
and used it to supplement their teaching - student interaction was not required or pro-
vided.

The only observed examples of student driven use of technology that related to their
school work was the use of graphics calculators. In some cases the use of calculators
was required or helpful, but the teachers were also observed reminding and cautioning
students that they did not need to use calculators for simple arithmetic. Teachers were
only observed using technology for school work related purposes, the students were
observed using technology for other purposes. The common non-school use of technol-
ogy was earphones which students were presumably using to listen to music while they
were working - which the teachers did not seem to approve. These examples are student
driven because the students are the primary users of the technology.

A particularly interesting discussion about technology occurred in Class A when stu-
dents were discussing mobile phones and plans. While the discussion was not about
the students’ current work (on measurement), it did involve mathematics because the
students were attempting to determine which plan offered the best value. The students
were considering the pricing structure of the plans and balancing elements like peak and
off-peak rates, rates between members of the same networks and handset repayments.
This is also an example of an application.

Another interesting example occurred in Class B when two students (who were working
ahead of the class) were playing a blackjack game on an iPod Touch. Whether the
students were of aware of it or not, they were putting into practice the concepts and
problems they were learning about in their current topic on probability. This is also an
example of an application.

On one occasion the teacher of Class D was planning on showing a YouTube video
to the students, but was not able to because the internet was not working in the class-
room. Occurrences like this are a potential pitfall of using modern technology in the
classroom.

Textbook criticism

The textbook criticism keyword has been used whenever the teacher or students have
directly criticised some aspect of the textbook. Most of the criticism of the textbook
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was made by the teachers when they were observing that the textbook did not extend
students enough or used a method they found less desirable than their own.

The most interesting occurrence of textbook criticism was when two students in Class
B questioned the situation posed by a textbook question:

A bin contains 12 identically shaped chocolates of which 8 are strawberry-
creams. If 3 chocolates are selected at random from the bin, determine the
probability that:

a they are all strawberry-creams

b none of them are strawberry-creams.

The students’ first reaction is to point out what they believe is the apparent absurdity of
the situation posed: “Who puts chocolate in a bin?” The textbook has used chocolate
presumably in order to make the problem more relatable to the students, but the students
have instead noted the seemingly out of context reference to a bin (rather than a packet
or tray for example).

The students then note that “It’s exactly the same as the other one! How boring!”
They have noticed the similarity between that question and one of the preceding ques-
tions:

A hat contains 7 names of players in a tennis squad including the captain
and the vice captain. If a team of 3 is chosen at random by drawing the
names from the hat, determine the probability that it:

a does not contain the captain

b does not contain the captain or the vice captain.

The students have noticed that both questions follow the form:

There are x objects of which y are labelled A. If z objects are chosen
at random, determine the probability that:

a they are all labelled A

b none of them are labelled A.
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The students were able to answer the questions and also analyse the structure the ques-
tions and notice the similar construction. They appeared to be disappointed that they
were effectively being asked to answer the same question (with minor variations) twice.
Their criticism of the textbook amounted to the fact that it posed what they believed to
be an surreal situation and failed to challenge them.

Another interesting situation was when the teacher of Class A remarked to a student
“You think I’ve done every question in the textbook? I have a life” and “Some questions
are more interesting than others.” The teacher appeared to be suggesting that there was
little value in completing every question in the textbook and that the students benefit
from having their use of the textbook ‘curated’ by the teacher. This teacher in particular
began the topic by providing a selected list of questions from the textbook they should
complete before the test.

Textbook homework

The textbook homework keyword was used whenever the teacher assigned the students
homework from the textbook. Often the homework was to complete the section that the
students had been working on during the class.

Textbook investigation

The textbook investigation keyword has been used whenever the teacher assigned the
students to do one of the extended investigations from the textbook. These investiga-
tions often concern a particular topic or application and can require extended written
responses. They are often set as a homework task to be handed up to the teacher and
can be set as a collaborative task between two or more students.

Textbook software

The textbook software keyword has been used whenever the teacher or students have
used the software included with the textbook. This is subsumed under the technology
keyword.

Textbook work

The textbook work keyword has been used whenever the teacher has set students to
work from the textbook. Textbook work always coincided with quiet work. The students
were set a list of problems to complete from the textbook, usually directly related to
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the topic the teacher had covered in the opening discussion. If these problems were not
completed in class, they were often assigned as textbook homework. The teacher from
Class B began the topic by giving the students a study guide listing all of the work from
the textbook they would be expected to complete throughout the topic.

Visualisation

The visualisation keyword has been used whenever the teacher has used visualisations
to demonstrate concepts to the students. This is similar to physical tools, but it relies
upon the students to internally visualise the situation rather than physically experience
it.

Whiteboard question

The whiteboard question keyword has been used whenever the teacher has answered
a question (from the textbook or otherwise) on the whiteboard for all students to see.
The teacher would write the statement of the problem and solve the problem step by
step to demonstrate the reasoning and operations required to solve the problem. The
teacher would often use student response while solving the question to engage students
and maintain their attention. Whiteboard question would often occur during the open-
ing discussion to demonstrate the concept and provide an example or quiet work when
the teacher felt the students were having difficulties with a particular question or opera-
tion.

Whiteboard teacher

The whiteboard teacher keyword has been used whenever the teacher was using the
whiteboard. This usually happened at the beginning of each lesson during the opening
discussion and, by definition, when there was a whiteboard question. It also occurred
whenever the teacher was using technology like the projector to display things to the
class. During whiteboard teacher the teacher would write notes on the board for the
students to copy down into their workbooks and solve example problems.

Worksheet

The worksheet keyword has been used whenever the teacher has given students a copied
worksheet that did not come from their textbook. In two of the observed cases, the
worksheet was meant as a fun activity for the students.
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H.2 Student Feedback

Students in each class involved in the participant observation were asked to anony-
mously write down something about mathematics that they felt the researcher should
know. The students were told that it could be something they liked about mathematics,
something they disliked or any other thing about mathematics and their mathematics
lessons.

What the students wrote on the paper is reproduced verbatim in the left column. In
the right column are key words and themes that were identified when reviewing the
quotes.

H.2.1 Class A

I like maths but only when it’s explained so I understand Understanding, teach-
[Student A1] ing

I think that some of the concepts could be better explained. Teaching
[Student A2]

Some types of maths are important in every day life. I Everyday life, ca-
know that maths is really important for future jobs [Student reer
A3]

Some aspects of maths I find interesting... but most of it I Interest, everyday
find very impractical. Most of the things I have learnt, I will life
never use outside the class room [Student A4]

I like maths. I especially like algebra because I like solving Class work
problems. [Student A5]

Maths is fun Enjoyment, inter-
Maths get you thinking [Student A6] est

Maths is important because it helps you get better at prob- Utility
lem solving [Student A7]
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I like algebre Class work
I dislike area [Student A8]

Maths is important because it’s required in most careers ca- Career, enjoy-
reers. ment
I don’t enjoy Maths but I do it anyway because it’s impor-
tant. [Student A9]

Like: easy work that I understand. Understanding, diffi-
Dislike: hard NOT understandable work [Student culty
A10]

I know that maths is important in everyones lives and that I Everyday life, career,
will need some type of maths for whatever job I get in the understanding
future.
This is the reason why I try really hard at maths. I wish that
I could pick up on some aspects of maths quicker though
[Student A11]

Important - Basic addition, subtraction, multiplication, di- Everyday life
vision, for day to day activities, measurement
Nothing else is important [Student A12]

I work better when I’m listing to music. Class work, text-
I prefer maths assignments as homework than questions book
from the book. [Student A13]

like: having a teacher that explains it well Teaching, understand-
dislike: when our teacher doesn’t explain it well. [Student ing
A14]

Important - Maths is important because it will be useful in Utility
the future. [Student A15]

I don’t like having to solve the problems. I rather just Class work
answer the question with easy measurements. [Student
A16]



H.2. STUDENT FEEDBACK 599

don’t like how some of the things we do has no relevance to Everyday life
life [Student A17]

The way maths homework is set is annoying Class work
music helps
I work better in class than at home
I prefere tests to assignments [Student A18]

Good - the challenge Interest, class
bad - repetetivness [Student A19] work

Maths is important in the construction of many objects and Utility
buildings [Student A20]

maths is a good subject for logical thinking [Student Utility
A21]

I particularly like mathematics. I have always enjoyed, I Interest, enjoyment,
have always loved the problem solving factor of maths. A textbook, class
particular are of mathematics I enjoy is algebra. I also enjoy work, teaching,
trigonometry, possibly as much as I enjoy algebra. My least understanding
favourite aspect of mathematics is space. However, there is
only a thin line between what I like and what I don’t like,
which means there are aspects of space that I like.
What I like about the textbook:
I quite like that the textbook gives examples which have
been worked out. I like it because, sometimes I do not un-
derstand what the teacher is talking about so I refer to the
examples in the textbook and suddenly I understand what
the teacher was talking about. Textbooks have never failed
me. [Student A22]

H.2.2 Class B

Maths is one of the subjects I would definately do in year Subject choices, ca-
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12, but it’s not that important unless you want to do “Rocket reer
Science.” Though, a little knowledge about it is still needed.
[Student B1]

I think we would benefit if the teacher explained how each Teaching, everyday
area of mathematics influences and helps us in certain areas life
of life. [Student B2]

I believe that maths is one of the most important subjects Everyday life, career,
in our education. Even though it is very important, it is subject choices
useless in our lifetime unless we want to do further study
with it Many students find maths very hard.
Schools should let students drop maths earlier or make
maths easier
Students who want successful career, will have to do maths
in their senior school. This is unfair, Schools need some
change!!! [Student B3]

sometimes the textbooks are overused and it gets boring Textbook, enjoy-
[Student B4] ment

What I think of maths: Everyday life, enjoy-
I think only a very small part of what we do in maths classes ment, understand-
at school will be useful in the future (unless you want to be ing
a mathematician, etc).
I find maths really boring and confusing and not really in-
teresting. Basically, I’m doing maths for schools grades.
[smiley face]
The only time I enjoy maths is when I understand the topic.
[Student B5]

I think that it’s a bit pointless having so many questions to Class work, textbook,
do when so many of them is just the same type of questions. career, everyday
I don’t mind maths as we will almost certainly need it in life
the future in both our careers and everyday life. [Student
B6]
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maths can be applied to many situations in life as a basis of Everyday life
information from which logical reasoning can be drawn and
an argument can be formed [Student B7]

We go through the questions a bit quickly but overall maths Teaching, enjoyment,
is fun. class work
Except for tests, they’re annoying. [smiley face] [bee] [Stu-
dent B8]

Most of the maths we learnt are useless, you’ll never cal- Everyday life, diffi-
culate a triangle nor using root √ in your life. Math in culty, subject

Australia is suck can’t compair to Asia countries. I hate choices
Maths but Maths is easy. I don’t want to study Maths if I
am choose. [smiley face]
Useless + Suck = I HATE MATHS [picture of an an-
gel/devil] E = mc2 [Student B9]

I don’t like it when I’m learning something that I see no Everyday life
use for in the real world. It just seems like a waste of time
when I could be learning about skills that would help me.
[Student B10]

I enjoy maths when I understand it, but I feel the ‘projects’ Enjoyment, under-
are pretty useless - as we don’t use the info again. [Student standing, class
B11] work

Maths is fun except for the tests. [Student B12] Enjoyment, class
work

Maths will help in future careers for understanding how to Career
complete a task as efficiently as possible. I plan to icorper-
ate maths in my future careers. [Student B13]

Maths is relevant to me because I want to do engineer- Career
ing when Im older so it has a lot to do with it. [Student
B14]
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Alot of the things I have learnt in maths have been irrrela- Career, teaching,
vant to what I want to do in the future. Some of the things I understanding
may use in the future but because of my career path I won’t
need to use most of it.
Most of the time I don’t know what our teacher is on about.
[Student B15]

I think that maths is very important in almost all careers. It Career
is important to do well in this subject. [Student B16]

Even though some parts of mathematics I do not find useful, Utility, interest
it is still interesting for me.
E.g. quadratic functions [Student B17]

The textbooks are boring and repetitive. At the moment I Textbook, enjoyment,
have no idea what the teacher is talking about. [Student class work, teaching,
B18] understanding

I believe that maths is a very important part in my education. Career
Up to this point, I can not see how maths can be useful in
one way or another but as I continue further into my career
I think this will become quite clear. [Student B19]

I really enjoy maths but think that we could do more work Enjoyment, textbook,
other than work in the text book. [Student B20] class work

To excel at mathematics, I need a thorough explanation of a Understanding, teach-
new idea or concept, not just an example from my textbook. ing, textbook
[Student B21]

H.2.3 Class C

The thing I like about maths is that I under stand all the Understanding, teach-
maths that the teacher is teaching us. Also I didn’t like that ing, past
in Year 8 I didn’t under stand anything we were doing. [Stu- experience
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dent C1]

I like being in this maths class because I have learnt more in Past experience, diffi-
the last 2 years. In year 8 I thought maths was hard but now culty, textbook,
I think its easy because you pretty much do the same thing teaching
every year.
I think text book is a good thing for us thats if the teacher
knows how to teach. If the teacher isnt good then there’s no
point for a text book. [Student C2]

I think that the maths is good when you have a good teacher Teaching, understand-
that explains what to do I don’t like it when the teacher just ing, textbook
gives you a text book and tells you to do work. [Student
C3]

I never liked maths because I never had a good teacher that Past experience, teach-
explained everything. I had to use a text book which never ing, textbook,
showed you everything you needed to know. as soon as i enjoyment
got a teacher in year 10 that explained everything that to it,
Ive enjoyed maths and i get excited each time i come back
to this lesson because i know im learning something knew
every day. [Student C4]

Maths can be fun and sometimes boaring it can be easy and Enjoyment, difficulty,
it can be hard depends on the chapter and sometimes the teaching, textbook,
teacher. The text book we have makes life so much easier class work
for homework and to do work in class. Last year I had a
teacher that didn’t help us enuf so our grades started drop-
ping, but were slowly working our way up again. [Student
C5]

Like - Maths is fun and we have a good teacher who teaches Enjoyment, teaching,
us so we understand everything. understanding
Dislike - The teacher sometimes gets me angry. [Student
C6]

I used to really dislike Mathamatics and growing up I really Past experience, en-



604 APPENDIX H. PARTICIPANT OBSERVATION

didn’t get Math.. But in the last year and a half as I have had joyment, teaching,
[our teacher] as a teacher, I have really started to enjoy it. understanding
[Our teacher] is undoubtedly the best teacher. Shes easy to
get along with and her method of teaching successful. She
explains maths really well and when she helps, she actually
helps you. [Student C7]

The maths text books are good when doing home work as Textbook, teach-
long as the teacher has explained the maths well. I enjoy ing, understanding,
maths because my teacher explains the work very well. She enjoyment
also teaches us the text book way and hers. If the maths is
not explained well sometimes it is confusing when I look at
the book for home work. [Student C8]

I think the maths book is good, but I understand when the Textbook, understand-
teachear teaches me. ing, teaching, past
I use to dislike maths because they told me to learn from experience
the book. I never under stood it until i was taught by the
teacher. [Student C9]

My way of thinking about it is that the text book is good if Textbook, teaching,
you have a teacher explaining how to do it on the board. If understanding
a teacher doesnt explain it then you wont have a as good of
a idea of hot it to do it [Student C10]

I think that the math textbook helps you alot. The teacher Textbook, teaching,
explains what to do to help you out and the math text is understanding, past
more understandable. It isnt about the textbook that much experience
because in year 9 I had a horriable teacher and didnt under-
stand math well. But in year 8 I did very well and in year
10 I have a much better understanding. The textbook does
help you through, like if the teacher is busy the back of the
book with the answers help out alot [Student C11]

- I enjoy learning new things in Maths. Enjoyment, under-
- I dislike not understanding what the teacher is talking standing, teach-



H.2. STUDENT FEEDBACK 605

about. [Student C12] ing

I like maths because it keeps me busy and we’re always Interest, teaching,
learning new things. I feel it really helps to have a good textbook
teacher to explain the maths. Without a good teacher trying
to help yourself with the text book is hard, because the ex-
amples are not explained very clearly. [Student C13]

I think maths is important because you use it in everyday Everyday life, enjoy-
use. I enjoy it because of the teacher and how they explain ment, teaching
it and if we dont get it she’ll sit and explain it. [Student
C14]

I think using the book have been good but is the way the Textbook, teaching,
teacher explen thing I have lean more then when I was in 8 past experience
because of the way the teacher teach [Student C15]

H.2.4 Keyword glossary and analysis

This section has a listing and description of all the key words and themes that were
identified in the above quotes with examples that refer back to the quotes.

Career

The career keyword has been used whenever the student has referred to the utility of
mathematics in their careers. All students who mentioned this utility of mathematics
recognised the importance of mathematics in the workplace, even if they did not see
any relevance to their own career or did not in which ways mathematics was important.
For example:

“I know that maths is really important for future jobs.”

“Maths is important because it’s required in most careers”

“I know . . . that I will need some type of maths for whatever job I get in the
future.”
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“Maths is relevant to me because I want to do engineering when Im older
so it has a lot to do with it.”

“I can not see how maths can be useful in one way or another but as I
continue further into my career I think this will become quite clear.”

The students from Class A and Class B were more likely to refer to the utility value of
mathematics in their careers.

Class work

The class work keyword has been used whenever the student has referred the kinds of
work they do in the classroom. Some students have mentioned a preference for a certain
type of work, for example:

“I especially like algebra because I like solving problems.”

“I prefer maths assignments as homework than questions from the book.”

“Maths is fun except for the tests.”

Other students have explicitly mentioned how textbooks are used in class, for exam-
ple:

“I think it’s a bit pointless having so many questions to do when so many
of them is just the same type of questions.”

“The textbooks are boring and repetitive.”

“I really enjoy maths but think that we could do more work other than work
in the text book.”

“The text book we have makes life so much easier for homework and to do
work in class.”

A couple of students mentioned that feel they work better when listening to music:

“I work better when I’m listening to music.”

“music helps”

Difficulty
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The difficulty keyword has been used whenever the student has referred to the difficulty
of mathematics. Students had mixed reactions to the difficulty, some considering it
a challenge, others considering it as a negative and one who hated mathematics, but
found it easy.

“Maths gets you thinking”

“Dislike: hard NOT understandable work”

“Good - the challenge”

“Schools should let students drop maths earlier or make maths easier”

“I find maths really boring and confusing”

“I hate Maths but Maths is easy.”

“. . . it can be easy and it can be hard” “Many students find maths very hard.”

Most students who mentioned the difficulty of mathematics did not have a positive atti-
tude towards mathematics.

Enjoyment

The enjoyment keyword has been used whenever the student has referred to their en-
joyment of mathematics regardless of whether it was a positive or negative association.
Students were likely to refer to finding mathematics “fun” or “boring.” Some students
referred to particular elements of mathematics - such as “I enjoy learning new things in
Maths” and “Ive enjoyed maths and i get excited each time i come back to this lesson
because i know im learning something knew every day.” For some students their enjoy-
ment of mathematics depended on factors such as the topic being studied, whether they
understood the material and their teacher.

Everyday life

The everyday life keyword has been used whenever the student has referred to the utility
of mathematics in everyday life (as opposed to its career utility). For example:

“Maths is important in the construction of many objects and buildings”

“I think only a very small part of what we do in maths classes at school will
be useful in the future (unless you want to be a mathematician, etc).”
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“I don’t mind maths as we will almost certainly need it in the future in both
our careers and everyday life.”

“I don’t like it when I’m learning something that I see no use for in the real
world.”

The students from Class A and Class B were more likely to refer to the utility value
of mathematics in everyday life. The students’ perception of the utility of mathematics
seemed to be linked to whether they had a positive or negative attitude towards mathe-
matics: those that could see the usefulness of mathematics in their lives seemed more
positive towards mathematics.

Interest

The interest keyword has been used whenever the student has referred to being inter-
ested in mathematics. Two students mentioned finding mathematics interesting, even
though they did not find it useful.

Past experience

The past experience keyword has been used whenever the student has referred to their
previous experiences of mathematics (typically in Year 8 and Year 9). Only the students
of Class C made any reference to past experience. They mentioned that they did not
enjoy mathematics in previous years or did not understand the work. They seemed
to attribute their change in attitude to their current teacher, who they seemed to agree
was much more effective at explaining mathematics and helping them understand. The
students make statements like “in year 9 I had a horriable teacher and didnt understand
math well” and “in the last year and a half as I have had [our teacher] as a teacher, I have
really started to enjoy it.” It is likely that these most of these students have attended the
school since Year 8 and have had been in classes together, so they are in fact referring
to the same teacher.

Subject choices

The subject choices keyword has been used whenever the student has referred to their
school subject choices. Two students made explained that they felt studying mathemat-
ics was only particularly important for those choosing certain career paths:

“Maths is one of the subjects I would definately do in year 12, but it’s not
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that important unless you want to “Rocket Science.””

“Schools should let students drop maths earlier or make maths easier . . . Students
who want successful career, will have to do maths in their senior school.”

Another student mentioned his hatred for mathematics and said he would not study it
if he had a choice. Another student made a general reference to the importance of
mathematics to their education.

Teaching

The teaching keyword has been used whenever the student has referred to their teacher
or teaching practices. For example:

“I think that some of the concepts could be better explained.”

“I think we would benefit if the teacher explained how each area of mathe-
matics influences and helps us in certain areas of life.”

“To excel at mathematics, I need a thorough explanation of a new idea or
concept, not just an example from my textbook.”

“as soon as I got a teacher in year 10 that explained everything that to it, Ive
enjoyed maths”

“She also teachers the text book way and hers.”

“. . . in year 9 I had a horriable teacher and didnt understand math well.”

The students were likely to say that their teacher was or was not effective at helping
them learn mathematics.

Textbook

The textbook keyword has been used whenever the student has referred to the mathe-
matics textbook.

“. . . sometimes I do not understand what the teacher is talking about so I
refer to the examples in the textbook and suddenly I understand what the
teacher was talking about.”

“sometimes the textbooks are overused and it gets boring”
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“I think that it’s a bit pointless having so many questions to do when so
many of them is just the same type of questions.”

“The textbooks are boring and repetitive.”

“I really enjoy maths but think that we would do more work other than work
in the text book.”

“. . . I need a thorough explanation of a new idea or concept, not just an
example from my textbook.”

“. . . I don’t like it when the teacher just gives you a text book and tells you
to do work.”

“I had to use a text book which never showed you everything you needed to
know, as soon as i got a teacher in year 10 that explained everything that to
it, Ive enjoyed maths . . . ”

“The maths text books are good when doing home work as long as the
teacher has explained the maths well.”

“I think the maths book is good, but I understand when the teachear teaches
me.”

“ The teacher explains what to do to help you out and the math text is more
understandable.”

“Without a good teacher trying to help yourself with the text book is hard,
because the examples are not explained very clearly.”

Understanding

The understanding keyword has been used whenever the student has referred to their
understanding of mathematics. For example:

“I like maths but only when it’s explained so I understand.”

“I think that the maths is good when you have a good teacher that explained
evertying.”

“The maths text books are good when doing home work as long as the
teacher has explained the maths well.”
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“The teacher explains what to do to help you out and the math text is more
understandable.”

“dislike: when our teacher doesn’t explain it well.”

“Most of the time I don’t know what our teacher is on about.”

References to understanding often coincided with references to enjoyment and teaching.
Students seemed more likely to enjoy mathematics when they felt that they understood
the work and they had a good teacher.

Utility

The utility keyword has been used whenever the student has referred to the utility value
of mathematics regardless of whether it was a positive or negative association. Utility
has been used when the statement did not explicitly fit into career or everyday life. For
example:

“Maths is important because it helps you get better at problem solving”
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Appendix I

Rasch Analysis

The following sections detail the Rasch analysis undertaken for this study and describe,
step by step, how the final Rasch models were produced.

I.1 Literacy

This section describes the process used to create the scale variable of Literacy based
on students’ scores on the mathematics test that was administered.

After the first run of the Rasch analysis, several items appeared to be misfitting. After
further analysis of the individual responses, the steps of Item 4, 5, 7B, 11C, 12A, 12C
and 14C were found to have the wrong ordering. This means that the probability curve
for the incorrect response intersects the curve for the partially correct response at a
higher level of ability than it intersects the curve for the correct response.

Further item analysis using classical test theory indicated that in the cases of Items 4,
7B, 11C, 12A and 14C, the low percentage of students responding with the partially
correct answer was the cause of the wrong ordering. This indicates that the item was
not performing as expected - students whose ability indicates they should be giving the
partially correct response were instead giving the incorrect or correct answer.

Items 5 and 12C were more problematic because a similar percentage of students gave
the partially correct and correct responses, however the partially correct response was

613
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never the most likely response.

Based on that analysis, it was determined that the marking of the items should be ex-
amined individually to determine whether the partially correct response can be sensibly
collapsed into either the incorrect or correct response.

The second run indicated that Item 7A was severely misfitting even though the steps
were correctly ordered. The point biserial for the partially correct response was higher
than that for correct response, which indicates it had a higher correlation with total
raw score than the correct response. Item 7A was recoded using a binary scoring
scheme.

The third run indicated that the fit of Item 7A was greatly improved by the re-scoring.
The two initial candidates for removal from the third run were Items 1 and 2. The mean
square and t-value of Item 1 (MS = 1.24 and tW = 3.8) indicated that it should be
removed in preference to Item 1 (MS = 1.31 and tW = 3.4).

In order to confirm this decision, an item analysis was performed. The lower point
biserial of Item 2 (0.15) indicated that it had a lower discrimination than Item 1 (0.33).
Based on this analysis, Item 2 was excluded and the Rasch analysis was rerun.

The fourth run indicated that the two initial candidates for removal were Items 1 and
4. The mean square and t-value of Item 1 (MS = 1.29 and tW = 4.5) indicated that it
should be removed in preference to Item 4 (MS = 1.19 and tW = 3.1).

In order to confirm this decision, an item analysis was performed. The item analysis
was inconclusive - the point biserial of Item 1 (0.33) was similar to that of Item 4
(0.37). So based on the analysis of the t-values (6.16and6.99, respectively), Item 1
was excluded and the Rasch analysis was rerun.

The fifth run indicated that the three initial candidates for removal were Items 4, 6C and
7A. The mean square and t-value of Item 4 (MS = 1.20 and tW = 3.1) indicated that
it should be removed in preference to Item 6C (MS = 1.27 and tW = 2.9) or Item 7A
(MS = 1.33 and tW = 2.8).

In order to confirm this decision, an item analysis was performed. The lower point
biserial of Item 7A (0.15) indicated that it has a lower discrimination than Items 4
(0.37) and 6c (0.42). Based on this analysis, Item 7A was be excluded and the Rasch
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analysis was rerun.

The sixth run indicated that the three initial candidates for removal were Items 3, 4 and
6C. The mean square and t-value of Item 4 (MS = 1.23 and tW = 3.5) indicated that
it should be removed in preference to Item 3 (MS = 1.18 and tW = 2.8) or Item 6C
(MS = 1.26 and tW = 2.9).

In order to confirm this decision, an item analysis was performed. The analysis in
was inconclusive - the point biserial of Items 3, 4 and 6C (0.43, 0.37 and 0.42,
respectively) were similar. So based on this analysis on the t-values (8.36, 6.93 and
8.07, respectively), Item 4 was excluded and the Rasch analysis was rerun.

The seventh run indicated that the three initial candidates for removal were Items 3, 6C
and 8B. The mean square and t-value of Item 6C (MS = 1.32 and tW = 3.4) indicated
that it should be removed in preference to Item 3 (MS = 1.21 and tW = 3.2) or Item
8B (MS = 1.17 and tW = 2.7).

In order to confirm this decision, an item analysis was performed. The analysis was
inconclusive - the point biserials of Items 3, 6C and 8B (0.43, 0.42 and 0.47, re-
spectively) were similar. Item 6C was recoded using binary scoring to try to improve
the fit.

The eighth run indicated that the three initial candidates for removal were Items 3, 6C
and 8B. The fit of Item 6C was not improved by using binary scoring. The mean square
and t-value of Item 6C (MS = 1.25 and tW = 3.6) indicated that it should be removed
in preference to Item 3 (MS = 1.21 and tW = 3.2) or Item 8B (MS = 1.18 and tW =

2.8).

In order to confirm this decision, an item analysis was performed. The analysis was
inconclusive - the point biserials of Items 3, 6C and 8B (0.43, 0.40 and 0.48, re-
spectively) were similar. So based on this analysis on the t-values (8.39, 7.58 and
9.49, respectively), Item 6C was excluded and the Rasch analysis was rerun.

The ninth run indicated that the three initial candidates for removal were Items 3, 8B
and 10. The mean square and t-value of Item 3 (MS = 1.24 and tW = 3.6) indicated
that it should be removed in preference to Item 8B (MS = 1.20 and tW = 3.0) or Item
10 (MS = 1.19 and tW = 3.0).
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In order to confirm this decision, an item analysis was performed. The analysis was
inconclusive - the point biserials of Items 3, 8B and 10 (0.43, 0.47 and 0.46, respec-
tively) were similar. So based on this analysis on the t-values (8.33, 9.40 and 9.16,
respectively), Item 3 was excluded and the Rasch analysis was rerun.

The tenth run indicated that the two initial candidates for removal are Items 8B and 10.
The mean square and t-value of Item 8B (MS = 1.21 and tW = 3.2) were the same as
those for Item 10 (MS = 1.21 and tW = 3.2).

In order to confirm which item to remove, an item analysis was performed. The analysis
was inconclusive - the point biserials of Items 8B and 10 (0.47 and 0.46, respectively)
were similar. So Item 8B was excluded and the Rasch analysis was rerun.

The eleventh run indicated that the only candidate for removal was Item 10. It was
excluded and the Rasch analysis was rerun.

The twelfth run indicated that the three initial candidates for removal were Items 6A, 6B
and 9D. The mean square and t-value of Item 6A (MS = 1.17 and tW = 2.3) indicated
it should be removed in preference to Item 6B (MS = 1.15 and tW = 2.1) or Item 9D
(MS = 1.22 and tW = 2.1)

In order to confirm which item to remove, an item analysis was performed. The lower
point biserial of Item 9D (0.39) indicated that it has a lower discrimination than Items
6A (0.49) and 6B (0.53). Based on this analysis, Item 9D was excluded and the Rasch
analysis was rerun.

The thirteenth run indicated that the two initial candidates for removal were Items 6A
and 6B. The mean square and t-value of Item 6a (MS = 1.19 and tW = 2.6) were the
same as those for Item 6B (MS = 1.19 and tW = 2.6).

In order to confirm which item to remove, an item analysis was performed. The two
items had similar discrimination as indicated by their point biserials (0.49 and 0.52,
respectively), so Item 6B was removed and the Rasch analysis was rerun.

The fourteenth run indicated that the only candidate for removal was Item 6A. As it was
the only underfitting item (tW = 3.3), Item 6A was excluded and the Rasch analysis
was rerun.

The fifteenth run indicated that the only candidate for removal was Item 12B. As it was
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the only overfitting item (tW = −2.9), Item 12B was excluded and the Rasch analysis
was rerun.

Based on the estimates given in Table I.1, all the items fitted within the desired param-
eters. This was used to generate Warm’s Mean Weighted Likelihood Estimates (WLE)
based on students’ scores.

I.2 Attitude

This section describes the process used to create the scales variable of Attitude, Inst,
S el f and Intr based on students’ responses in the survey that was administered.

The first run of the combined analysis indicated that IntrInterest was overfitting (tW =

−3.0). It was excluded and the Rasch analysis was rerun. The second run of the com-
bined analysis indicated that SelfMarks was overfitting (tW = −5.3). It was excluded
and the Rasch analysis was rerun.

Based on the estimates in Table I.2, all the items were within the desired parameters.
This was used to generate Warm’s Mean Weighted Likelihood Estimates (WLE) based
on students’ responses.

Based on the estimates in Table I.3, all the items within each separate scale were within
the desired parameters. This was used to generate Warm’s Mean Weighted Likelihood
Estimates (WLE) based on students’ responses.
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Table I.1: Partial Credit Item Parameter Estimates for Literacy (Sixteenth Run)

Unweighted Fit Weighted Fit

Estimate Error
Mean
square

tU
Mean
Square

Confidence
interval

tW

Test 5 1.339 0.132 1.65 6.8 1.08 (0.82, 1.18) 0.9

Test 7B −0.107 0.120 1.07 0.9 1.08 (0.86, 1.14) 1.2

Test 8A −2.223 0.128 1.05 0.6 1.02 (0.83, 1.17) 0.2

Test 9A −3.548 0.148 1.95 9.3 0.96 (0.76, 1.24) −0.3

Test 9B −3.387 0.145 0.66 −4.8 0.82 (0.77, 1.23) −1.6

Test 9C −1.628 0.123 1.28 3.3 1.07 (0.85, 1.15) 1.0

Test 11A −1.217 0.121 0.75 −3.4 0.86 (0.86, 1.14) −2.0

Test 11B −0.475 0.119 1.22 2.5 1.05 (0.87, 1.13) 0.7

Test 11C 1.259 0.131 0.76 −3.2 0.96 (0.83, 1.17) −0.5

Test 12A −0.064 0.120 1.04 0.5 1.01 (0.86, 1.14) 0.1

Test 12C 2.902 0.159 0.51 −7.5 0.95 (0.71, 1.29) −0.3

Test 13 1.022 0.128 1.48 5.3 1.10 (0.84, 1.16) 1.2

Test 14A 1.571 0.135 1.80 8.1 0.96 (0.81, 1.19) −0.4

Test 14B 1.958 0.141 0.64 −5.2 0.86 (0.79, 1.21) −1.4

Test 14C 2.598 0.497 0.71 −4.1 0.89 (0.74, 1.26) −0.8
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Table I.2: Rating Scale Item Parameter Estimates for Attitude (Third Run)

Unweighted Fit Weighted Fit

Estimate Error
Mean
Square

Confidence
Interval

tU
Mean
Square

tW

InstWork −1.602 0.082 1.13 (0.82, 1.18) 1.4 1.10 1.1

SelfGood-R −0.552 0.079 1.02 (0.82, 1.18) 0.2 1.01 0.1

IntrRead 1.540 0.076 0.92 (0.82, 1.18) −0.9 0.91 −1.0

InstCareer −1.774 0.082 1.08 (0.82, 1.18) 0.9 1.05 0.5

SelfQuick 0.173 0.077 0.98 (0.82, 1.18) −0.2 0.98 −0.2

SelfBest 0.423 0.077 1.17 (0.82, 1.18) 1.8 1.19 2.0

InstStudy −0.792 0.079 1.09 (0.82, 1.18) 1.0 1.11 1.2

SelfUnder 1.019 0.077 0.85 (0.82, 1.18) −1.7 0.87 −1.6

IntrLook 1.119 0.077 0.89 (0.82, 1.18) −1.2 0.88 −1.4

IntrEnjoy 1.172 0.077 0.83 (0.82, 1.18) −1.9 0.83 −2.0

InstJob −0.727 0.247 1.10 (0.82, 1.18) 1.1 1.06 0.7
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Table I.3: Rating Scale Item Parameter Estimates for Inst, Self and Intr (First Runs)

Unweighted Fit Weighted Fit

Estimate Error
Mean
Square

Confidence
Interval

tU
Mean
Square

tW

InstWork 0.972 0.105 1.18 (0.82, 1.18) 1.9 1.16 1.7

InstCareer 0.137 0.105 1.00 (0.82, 1.18) 0.0 1.02 0.2

InstStudy 0.239 0.105 0.87 (0.82, 1.18) −1.5 0.91 −1.0

InstJob −1.348 0.181 0.82 (0.82, 1.18) −2.1 0.85 −1.6

SelfGood-R −1.054 0.095 0.97 (0.82, 1.18) −0.3 0.99 0.0

SelfMarks −0.804 0.094 0.77 (0.82, 1.18) −2.7 0.75 −2.9

SelfQuick 0.058 0.093 0.94 (0.82, 1.18) −0.7 0.93 −0.8

SelfBest 0.437 0.093 1.28 (0.82, 1.18) 2.9 1.25 2.6

SelfUnder 1.363 0.188 0.94 (0.82, 1.18) −0.6 0.96 −0.4

IntrRead −0.521 0.096 0.96 (0.82, 1.18) −0.5 0.96 −0.4

IntrLook −0.749 0.097 0.90 (0.82, 1.18) −1.2 1.00 0.0

IntrEnjoy 0.596 0.093 1.00 (0.82, 1.18) 0.0 1.03 0.4

IntrInterest 0.674 0.165 1.05 (0.82, 1.18) 0.6 1.05 0.5
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Year 10 Mathematics Test

Question Sheet

SCHOOL OF MATHEMATICAL SCIENCES



Question 1: Spring Fair

A game in a booth at a spring fair involves using a spinner first. Then, if the spinner stops on an even
number, the player is allowed to pick a marble from a bag. The spinner and the marbles in the bag
are represented in the diagram below.

Prizes are given when a black marble is picked. Sue plays the game once.

How likely is it that Sue will win a prize?

1. Impossible.

2. Not very likely.

3. About 50% likely.

4. Very likely.

5. Certain.

2



Question 2: Table Tennis Tournament

Teun, Riek, Bep and Dirk have formed a practice group in a table tennis club. Each player wishes to
play against each other player once. They have reserved two practice tables for these matches.

Complete the match schedule on the answer sheet by writing the names of the players playing in each
match.

Question 3: Test Scores

The diagram below shows the results on a Science test for two groups, labelled as Group A and Group
B.

The mean score for Group A is 62.0 and the mean for Group B is 64.5. Students pass this test when
their score is 50 or above.

Looking at the diagram, the teacher claims that Group B did better than Group A in this test.

The students in Group A don’t agree with their teacher. They try to convince the teacher that Group
B may not necessarily have done better.

Give one mathematical argument, using the graph, that the students in Group A could use.

3



Question 4: Carpenter

A carpenter has 32 metres of timber and wants to make a border around a garden bed. He is considering
the following designs for the garden bed.

Circle either “Yes” or “No” on the answer sheet for each design to indicate whether the garden bed
can be made with 32 metres of timber.

4



Question 5: Coins

You are asked to design a new set of coins. All coins will be circular and coloured silver, but of different
diameters.

Reachers have found out that an ideal coin system meets the following requirements:

1. diameters of coins should not be smaller than 15mm and not be larger than 45mm;

2. given a coin, the diameter of the next coin must be at least 30% larger;

3. the minting machinery can only produce coins with diameters of a whole number of millimetres
(e.g. 17mm is allowed, 17.3mm is not).

You are asked to design a set of coins that satisfy the above requirements.
You should start with a 15mm coin and your set should contain as many coins as possible. What
would be the diameters of the coins in your set?

Question 6: Growing Up

Youth grows taller
In 1998 the average height of both young males and young females in the Netherlands in represented
in this graph.

1. Since 1980 the average height of 20 year-old females has increased by 2.5cm, to 170.6cm. What
was the average height of a 20 year-old female in 1980?

2. Explain how the graph shows that on average the growth rate for girls slows down after 12 years
of age.

3. According to this graph, on average, during which period in their life are females taller than
males of the same age.

5



Question 7: Payments by Area

People living in an apartment building decide to buy the building. They will put their money together
in such a way that each will pay an amount that is proportional to the size of their apartment.

For example, a man living in an apartment that occupies one fifth of the floor area of all apartments
will pay one fifth of the total price of the building.

1. Circle “Correct” or “Incorrect” on the answer sheet for each of the following statements.

a) A person living in the largest apartment will pay more money for each square metre of his
apartment than the person living in the smallest apartment.

b) If we know the areas of two apartments and the price of one of them we can calculate the
price of the second.

c) If we know the price of the building and how much each owner will pay, then the total area
of all apartments can be calculated.

d) If the total price of the building were reduced by 10%, each of the owners would pay 10%
less.

2. There are three apartments in the building. The largest, Apartment 1, has a total area of 95m2.
Apartments 2 and 3 have areas of 85m2 and 70m2 respectively. The selling price for the building
is 300000 zeds. How much should the owner of Apartment 2 pay? Show your work.

Question 8: The Best Car

A car magazine uses a rating system to evalutate new cars, and gives the award of “The Car of the
Year” to the car with the highest total score. Five new cars are being evaluated, and their ratings are
shown in the table.

Car Safety features (S) Fuel efficiency (F) External appearance (E) Internal fittings (T)
Ca 3 1 2 3
M2 2 2 2 2
Sp 3 1 3 2
N1 1 3 3 3
KK 3 2 3 2

The rating are interpreted as follows:
3 points = Excellent
2 points = Good
1 point = Fair

1. To calculate the total score for a car, the car magazine uses the following rule, which is a weighted
sum of the individual score points.

Total score = (3 ∗ S) + F + E + T

Calculate the total score for Car “Ca.”

2. The manufacturer of car “Ca” thought the rule for the total score was unfair.

Write down a rule for calculating the total score so that Car “Ca” will be the winner.

Your rule should include all four of the variables, and you should write down your rule by filling
in positive numbers in spaces provided on the answer sheet.

6



Question 9: Building Blocks

Susan likes to build blocks from small cubes like the one shown in the following diagram:

Susan has lots of small cubes like this one. She uses glue to join cubes together to make other blocks.
First, Susan glues eight of the cubes together to make the block shown in Diagram A.

Then Susan makes the solid blocks shown in Diagram B and Diagram C below.

1. How many small cubes will Susan need to make the block shown in Diagram B?

2. How many small cubes will Susan need to make the solid block shown in Diagram C?

3. Susan realises that she used more small cubes than she really needed to make a block like the
one shown in Diagram C. She realises that she could have glued small cubes together to look
like Diagram C, but the block could have been hollow on the inside.

What is the minimum number of cubes she needs to make a block that looks like the one shown
in Diagram C, but is hollow?

4. Now Susan wants to make a block that looks like a solid block that is 8 small cubes long, 5 small
cubes wide and 4 small cubes high. She wants to use the smallest number of cubes possible, by
leaving the largest possible hollow space inside the block.

What is the minimum number of cubes Susan will need to make this block?

7



Question 10: Triangles

Write which figure below fits the following description.

Triangle PQR is a right triangle with right angle at R. The line RQ is less than the line PR. M is the
midpoint of the line PQ and N is the midpoint of the line QR. S is a point inside the triangle. The
line MN is greater than the line MS.

8



Question 11: Lighthouse

Lighthouses are towers with a light beacon on top. Lighthouses assist sea ships in finding their way
at night when they are sailing close to the shore.

A lighthouse beacon sends out light flashes with a regular fixed pattern. Every lighthouse has its own
pattern.

In the diagram below you see the pattern of a certain lighthouse. The light flashes alternate with dark
periods.

It is a regular pattern. After some time the pattern repeats itself. The time taken by one complete
cycle of a parttern, before it starts to repeat, is called the period. When you find the period of a
pattern, it is easy to extend the diagram for the next seconds or minutes or even hours.

1. Which of the following could be the period of the pattern of the lighthouse?

a) 2 seconds

b) 3 seconds

c) 5 seconds

d) 12 seconds

2. For how many seconds does the lighthouse send out light flashes in 1 minute?

a) 4

b) 12

c) 20

d) 24

3. In the diagram on the answer sheet, make a graph of a possible pattern of light flashes of a
lighthouse that sends out light flashes for 30 seconds per minute. The period of this pattern
must be equal to 6 seconds.

9



Question 12: Apples

A farmer plants apple trees in a square pattern. In order to protect the apple trees against the wind
he plants conifer trees all around the orchard.

Here you see a diagram of this situation where you can see the pattern of apple trees and conifer trees
for any number n rows of apple trees:

1. Complete the table on the answer sheet.

2. There are two formulae you can use to calculate the number of apple trees and the number of
conifer trees for the pattern described above:

Number of apple trees = n2

Number of conifer trees = 8n

where n is the number of rows of apple trees.

There is a value of n for which the number of apple trees equals the number of conifer trees.
Find the value of n and show your method of calculating this.

3. Suppose the farmer wants to make a much larger orchard with many rows of trees. As the farmer
makes the orchard bigger, which will increase more quickly: the number of apple trees or the
number of conifer trees? Explain how you found your answer.

10



Question 13: Water Tank

A water tank has shape and dimensions as shown in the diagram.

At the beginning the tank is empty. Then it is filled with water at the rate of one litre per second.

Which of the following graphs shows how the height of the water surface changes over time?

11



Question 14: Decreasing CO2 levels

Many scientists fear that the increasing level of CO2 gas in our atmosphere is causing climate change.

The diagram below shows the CO2 emission levels in 1990 (the light bars) for several countries (or
regions), the emission levels in 1998 (the dark bars), and the percentage change in emission levels
between 1990 and 1998 (the arrows with percentages).

1. In the diagram you can read that in the USA, the increase in CO2 emission level from 1990 to
1998 was 11%. Show the calculation to demonstrate how the 11% is obtained.

2. Mandy analysed the diagram and claimed she discovered a mistake in the percentage change
in emission levels: “The percentage decrease in Germany (16%) is bigger than the percentage
decrease in the whole European Union (EU total, 4%). This is not possible, since Germany is
part of the EU.”

Do you agree with Mandy when she says this is not possible? Give an explanation to support
your answer.

3. Mandy and Niels discussed which country (or region) had the largest increase of CO2 emissions.

Each came up with a different conclusion based on the diagram.

Give two possible ‘correct’ answers to this question, and explain how you can obtain each of
these answers.

12



Year 10 Mathematics Test

Answer Sheet

Name: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

SCHOOL OF MATHEMATICAL SCIENCES



Question 1: Spring Fair

Write 1, 2, 3, 4 or 5:

Question 2: Table Tennis Tournament

Practice Table 1 Practice Table 2
Round 1 Teun - Riek Bep - Dirk
Round 2 . . . . . . -. . . . . . . . . . . . -. . . . . .
Round 3 . . . . . . -. . . . . . . . . . . . -. . . . . .

Question 3: Test Scores

Question 4: Carpenter

Circle either “Yes” or “No” for each of the designs A, B, C and D.

A Yes/No
B Yes/No
C Yes/No
D Yes/No

Question 5: Coins

Question 6: Growing Up

1.

2.

3.

2



Question 7: Payments by Area

1. Circle either “Correct” or “Incorrect” for each statement.

a) Correct/Incorrect

b) Correct/Incorrect

c) Correct/Incorrect

d) Correct/Incorrect

2.

Question 8: The Best Car

1.

2. Total score = . . . . . . ∗ S + . . . . . . ∗ F + . . . . . . ∗ E + . . . . . . ∗ T

Question 9: Building Blocks

1.

2.

3.

4.

Question 10: Triangles

Write either A, B, C, D or E:

3



Question 11: Lighthouse

1. Write either a, b, c or d:

2. Write either a, b, c or d:

3. Complete the graph:

4



Question 12: Apples

1. Complete the table:

n Number of apple trees Number of conifer trees
1 1 8
2 4
3
4
5

2.

3.

Question 13: Water Tank

Write either A, B, C, D or E:

Question 14: Decreasing CO2 levels

1.

2.

3.

5
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Question 1: Spring Fair

Full credit: Not very likely.

No credit: Other responses and missing.

Question 2: Table Tennis Tournament

Full credit:

Round 1 Teun-Riek Bep-Dirk

Round 2 Teun-Bep Riek-Dirk

Round 3 Teun-Dirk Riek-Bep
No credit: Other responses and missing.

Question 3: Test Scores

Full credit: One valid argument is given. Valid arguments could relate
to the number of students passing, the disproportionate influence of the
outlier, or the number of students with scores in the highest level.

1. More students in Group A than in Group B passed the test.
2. If you ignore the weakest Group A student, the students in Group

A do better than those in Group B.
3. More Group A students than Group B students scored 80 or over.

No credit: Other (or missing) responses, including responses with no
mathematical reasons, or wrong mathematical reasons, or responses that
simply describe differences but are not valid arguments that Group B
may not have done better.

1. Group A students are normally better than Group B students in
science. This test result is just a coincidence.

2. Because the difference between the highest and lowest scores is
smaller for Group B than for Group A.

3. Group A has better score results in the 80-89 range and the 50-59
range.

4. Group A has a larger inter-quartile range than Group B.

Question 4: Carpenter

Full credit: All four correct (Yes, No, Yes, Yes - in that order).

No credit: Two or fewer correct and missing
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Question 5: Coins

Full credit: 15-20-26-34-45. It is possible that the response coul dbe
presented as actual drawings of the coins of the correct diameters. This
should be coded as 1 as well.

Partial credit: Gives a set of coins that satisfy the three criteria, but not
the set that contains as many coins as possible, e.g. 15-21-29-39 or
15-30-45.

OR

The first three diameters correct, the last two incorrect (15-20-26-).

OR

The first four diameters correct, the last one incorrect (15-20-26-34-).

No credit: Other responses or missing.

Question 6: Growing Up

1. Full credit: 168.3 cm (unit already given).
No credit: Other responses and missing.

2. Full credit: The key here is that the response should refer to the
“change” of the gradient of the graph for female. This can be
done explicitly or implicitly.
No credit: Student indicates that female height drops below male
heigh, but does not mention the steepness of the female graph or
a comparison of the female growth rate before and after 12 years.
Other or missing responses.

3. Full credit: Gives the correct interval, from 11-13 years. States
that girls are taller than boys when they are 11 and 12 years old
(this answer is correct in daily-life language, because it means the
interval from 11 to 13).
Partial credit: Other subsets of (11,12,13), not included in the full
credit section.
No credit: Other or missing responses.
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Question 7: Payments by Area

1. Full credit: Incorrect, Correct, Correct, Incorrect - in that order.
No credit: Other responses or missing.

2. Full credit: 10,200 zeds, with or without the calculation shown,
and unit not required.
Partial credit: Correct method, but minor computational error/s.
No credit: Other responses and missing.

Question 8: The Best Car

1. Full credit: 15 points.
No credit: Other responses and missing.

2. Full credit: Correct rule that will make “Ca” the winner.
No credit: Other responses and missing.

Question 9: Building Blocks

1. Full credit: 12 cubes.
No credit: Other responses or missing.

2. Full credit: 27 cubes.
No credit: Other responses or missing.

3. Full credit: 26 cubes.
No credit: Other responses or missing.

4. Full credit: 96 cubes.
No credit: Other responses or missing.
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Question 10: Triangles

Full credit: Answer D.

No credit: Other responses or missing.

Question 11: Lighthouse

1. Full credit: C.
No credit: Other responses or missing.

2. Full credit: D.
No credit: Other responses or missing.

3. Full credit: The graph shows a pattern of light and dark with
flashes for 3 seconds in every 6 seconds, and with a period of
6 seconds. If two periods are shown, the pattern must be identical
for each period.
Partial credit: The graph shows a pattern of light and dark with
flashes for 3 seconds in every 6 seconds, but the period is not 6
seconds. If two periods are shown, the pattern must be identical
for each period.
No credit: Other responses or missing.
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Question 12: Apples

1.

n Number of apple trees Number of conifer trees

1 1 8

2 4 16

3 9 24

4 16 32

5 25 40
Full credit: All 7 entries correct.
No credit: Two or more errors (including other or missing re-
sponses).

2. Full credit: Responses with the correct answer, n=8; responses
including both the answers n=8 and n=0.
No credit: Other or missing responses, including just the response
n=0.

3. Full credit: Correct response (apple trees) accompanied by a valid
explanation.
Partial credit: Correct response (apple trees) based on specific
examples or based on extending the table; correct response with
some evidence that the relationship between n2 and 8n is under-
stood, but not very clearly expressed.
No credit: Correct response (apple trees) with no, insufficient or
wrong explanation; other or missing responses.
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Question 13: Water Tank

Full credit: B.

No credit: Other responses and missing.

Question 14: Decreasing CO2 levels

1. Full credit: Correct subtraction, and correct calculation of per-
centage.
Partial credit: Subtraction error and percentage calculation cor-
rect, or subtraction correct by dividing by 6727.
No credit: Other responses, including just ‘Yes’ or ‘No,’ and
missing.

2. Full credit: No, with correct argumentation.
No credit: Other responses and missing.

3. Full credit: Response identifies both mathematical approaches
(the largest absolute increase and the largest relative increase),
and names the USA and Australia.
Partial credit: Response identifies or refers to both the largest ab-
solute and the largest relative increase, but the countries are not
identified, or the wrong countries are named.
No credit: Other responses and missing.



656 APPENDIX K. MATHEMATICS TEST



Appendix L

Ethics Approvals

657










	TITLE: Students’ Experiences of Mathematics and How They Affect Further Engagement with Mathematics
	Declaration
	Acknowledgements
	Abstract
	Contents
	List of Tables
	List of Figures

	Chapter 1 Introduction
	Chapter 2 Literature Review
	Chapter 3 Methodology
	Chapter 4 Effects on Mathematical Literacy
	Chapter 5 Effects on Attitude Towards Mathematics
	Chapter 6 Intentions to Study Mathematics
	Chapter 7 Intentions to Study Advanced Mathematics
	Chapter 8 Hierarchical Linear Modelling
	Chapter 9 Conclusion
	Appendix A Literacy
	Appendix B Literacy (HLM)
	Appendix C Attitude
	Appendix D Attitude (HLM)
	Appendix E Intentions to Study Mathematics
	Appendix F Intentions to Study AdvancedMathematics
	Appendix G PISA and TIMSS
	Appendix H Participant Observation
	Appendix I Rasch Analysis
	Appendix J Survey Questionnaire
	Appendix K Mathematics Test
	Appendix L Ethics Approvals



