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Abstract 

This study examines various factors associated with students’ mathematics 

performance, specifically in relation to higher order thinking (HOT) and lower order 

thinking (LOT). It examines the student-, teacher- and school-level factors, their 

interrelationships and impact on Year 9 students’ mathematics performance in Aceh, 

Indonesia.  

The theoretical basis of this study comes from research on childhood cognitive 

development and educational theory, educational effectiveness theory, and a review of 

numerous previous studies related to how variables at student-, teacher- and school-

level contribute to students’ mathematics performance. The conceptual framework is 

a multilevel analysis of the factors influencing students’ performance related to LOT 

and HOT designed to examine the possible relationships within and between student-

, teacher- and school-level variables. Student-level variables include students’ 

background, attitudes and beliefs, as well as classroom practices as perceived by 

students. Teacher-level variables include teachers’ background, beliefs, and classroom 

practices as perceived by teachers. School-level variables include school 

demographics information and resources.  

The study employs a quantitative method. Questionnaires and a mathematics test were 

used to obtain data from students, teachers and schools. Questionnaires were given to 

students, mathematics teachers and principals/administrators at the schools and a 

mathematics test administered to the students. The questionnaires were administered 

to a total of 1135 Year 9 students, 46 Year 9 mathematics teachers and 25 schools from 

one major city (representing the urban area) and one district (representing the rural 

area) in the province of Aceh, Indonesia. Scales in the questionnaires were validated 

using confirmatory factor analysis (CFA) and Rasch analysis. The data was then 

analysed employing single-level and multilevel analysis techniques. Partial least 

squares path analysis (PLS-PA) and hierarchical linear modelling (HLM) were 

employed to examine the relationships between variables tested in this study.  

The results from the single-level analysis using PLS-PA show that there are five 

variables directly influencing students’ mathematics performance relating to LOT: (a) 

students’ beliefs concerning mathematics related to LOT; (b) gender; (c) school 

location; (d) socio-economic status (SES); and (e) students’ attitude of liking 
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mathematics. The multilevel analysis using HLM indicates that there are seven 

variables (three at student-level, three at teacher-level and one at school-level) that 

have a direct impact on the students’ mathematics performance related to LOT: (a) 

students’ liking of mathematics; (b) students’ beliefs concerning mathematics related 

to LOT; (c) students’ beliefs concerning mathematics related to HOT; (d) teachers’ 

professional development; (e) instructional activities; (f) teachers’ beliefs concerning 

mathematics related to HOT; and (g) school resources. 

The results from the single-level analysis using PLS-PA indicate that four variables 

directly influence students’ mathematics performance related to HOT, namely: (a) 

students’ mathematics performance related to LOT; (b) students’ educational 

expectations; (c) SES; and (d) school location. The multilevel analysis using HLM 

indicates seven variables (four at student-level, two at teacher-level and one at school-

level) that directly influence student mathematics performance related to HOT, 

namely: (a) students’ mathematics performance related to LOT; (b) students’ 

educational expectations; (c) students’ individual judgement of mathematics ability; 

(d) students’ beliefs concerning mathematics related to LOT; (e) teacher certification; 

(f) teachers’ beliefs concerning mathematics teaching related to HOT; and (g) the 

availability of a ‘Mathematics Olympiad’ club at the schools.  

This study contributes to the literature of how student-, teacher- and school-level 

variables influence students’ mathematics performance related to LOT and HOT, 

especially in the context of Aceh, Indonesia, a developing nation. This study also 

provides empirical evidence of Acehnese students’ mathematics performance related 

to LOT and HOT, indicating their poor performance in questions related to both LOT 

and HOT. While students throughout the world struggle with mathematics problems 

that require HOT, in Aceh, and Indonesia in general, students are still struggling with 

LOT. This is clearly a subject of a great concern for the development of mathematics 

education in Aceh and Indonesia. As the current trends in education have shifted from 

lower order to higher order thinking, Indonesia as a rapidly developing nation needs 

to meet the challenge of progressing the nation’s education. Thus, the findings of this 

study have important implications for the improvement of mathematics teaching and 

learning in Aceh, Indonesia. Mathematics teaching and learning that improve both 

lower order thinking and higher order thinking skills should be of major concern for 

Indonesia and the efficient mathematics education of its students.   
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Chapter 1 Introduction 

1.1. Background of the Study 

Throughout history mathematics has been at the centre of scientific progress and is 

now integral to the technological developments of the digital age. It is a corner stone 

of modern education and important for everyday life skills (Harackiewicz, Rozek, 

Hulleman, & Hyde, 2012; Kumar, 2011; Reyna & Brainerd, 2007), as well as career 

paths (Gowers, 2000; Harackiewicz et al., 2012; Schoenfeld, 2002). Equipping 

students with mathematics skills prepares them for life in modern society. Some level 

of understanding of mathematics, mathematical reasoning and mathematical tools are 

required to comprehend and solve numerous problems and situations in daily life, 

including in professional contexts (OECD, 2013a). However, as is evidenced by 

international studies (Mullis, Martin, Foy, & Arora, 2012; OECD, 2013b), many 

students throughout the world continue to struggle to attain mathematical competence. 

This phenomenon is not restricted to developing countries, with Australia and the US 

not ranked highly in international studies such as the Programme for International 

Student Assessment (PISA) and trends in International Mathematics and Science 

Study (TIMMS) (Fleischman, Hopstock, Pelczar, & Shelley, 2010; Kelly, Nord, 

Jenkins, Chan, & Kastberg, 2013; Thomson, De Bortoli, & Buckley, 2013; Thomson, 

De Bortoli, Nicholas, Hilman, & Buckley, 2013). National education systems are 

continually renewing their efforts to establish more effective mathematics curricula 

and teaching programmes in order to improve students’ learning outcomes (Li & 

Lappan, 2014; Mailizar, Alafaleq, & Fan, 2014; Zhang & Stephens, 2013).  
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Mathematics learning requires various cognitive skills. These are described in Bloom’s 

(revised) taxonomy of educational objectives as six hierarchical cognitive processes: 

remembering, understanding, applying, analysing, evaluating and creating (Anderson 

et al., 2001). Remembering, understanding and applying are then categorised as lower 

order thinking (LOT) and analysing, evaluating and creating are higher order thinking 

(HOT). This categorisation of thinking and assessment can be applied to all disciplines. 

However, the sophistication of the modern world places an increasing emphasis on 

HOT (Mevarech & Kramarski, 2014; J. Osborne, 2013). In real life problems, these 

thinking skills are interwoven and interdependent. 

LOT is a reproduction of previous repetitions (Lewis & Smith, 1993), closely related 

to memorisation and recalling information (Miri, David, & Uri, 2007), with a simple 

application of the knowledge to familiar problems or exercises (Zoller, 2002). HOT is 

more difficult to define. According to Lewis and Smith (1993, p.136), when a person 

uses both “new information and information stored in memory and interrelates and/or 

rearranges and extends this information to achieve a purpose or find possible answers 

in perplexing situations”. HOT is linked to problem solving and critical thinking and 

these are considered as an essential component of skills needed in the 21st century 

(Edens, 2000; King, Goodson, & Rohani, 1998; Sheffield, 2007; Silva, 2008; Trilling 

& Fadel, 2009). HOT assists students to face the challenges of a dynamic and 

innovative world (Forster, 2004; Sendag & Ferhan Odabasi, 2009; Sheffield, 2007). In 

the field of mathematics, LOT means learning and being able to apply mathematical 

principals and formulae. While, HOT means understanding the logic behind 

mathematical principals and being able to apply mathematical reasoning to understand 

and solve unfamiliar problems in new contexts (OECD, 2013a).  
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As students encounter more and more unfamiliar challenges in their daily life, where 

LOT is no longer sufficient, the demand for HOT, including problem solving skills, 

increases (Zamri, 2016). However, it is reported that “on average in OECD countries, 

half of the students were unable to solve problems that are more difficult than basic 

problems” (OECD, 2013a, p.14). The promotion of HOT skills has thus become of 

great concern to mathematics educators.  

Despite the clear articulation of the necessity of equipping students with HOT, it is 

still seen as a challenge to develop both LOT and HOT skills within the classroom 

(Marshall & Horton, 2011) and classroom practices related to LOT are still dominating 

(J. Osborne, 2013). If students’ capacity in mathematics is seen as important to their 

education what factors contribute to the success of building students’ LOT and HOT 

skills? This thesis investigates the student-, teacher- and school-level factors 

influencing Acehnese students’ mathematics performance in relation to both LOT and 

HOT, as well as the cross-level relationships, providing an overview of the 

effectiveness of their mathematics education.  

1.1.1. Indonesia, a Rapidly Developing Nation 

For developing nations, education is critical to progress in the improvement in health, 

the lowering of poverty and unemployment within a stable government and sustainable 

socio-economic growth (Suryadarma & Jones, 2013). Indonesia is currently the second 

fastest developing country in the world, after China. It is the fourth most populous 

nation, with approximately 261 million in 2016. There are approximately 300 ethnic 

groups, speaking 700 different languages, across 6000 inhabited islands. In 2011, 32 

million people were still living below the national poverty line, often minority groups 
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living in more remote areas, where it is difficult to deliver effective education (Hayden 

& Martin, 2014). 

Throughout the colonial period, few Indonesians received education and with 

independence in 1945 it was necessary to establish an extensive new education system. 

In an unstable political system, the government was seeking to unite the nation through 

the education system (Bjork, 2013). They quickly achieved a situation providing 

access to school for the whole nation. There are currently more than 50 million 

students in Indonesian schools, with 3 million teachers in over 300,000 schools. While 

primary education is now 96%, nearly 80% attend junior high and nearly 60% senior 

secondary (Hayden & Martin, 2014). The adult literacy rate in 2011 was 95.6%, with 

98.7% in younger people between the ages of 15 and 24 years (Hayden & Martin, 

2014). While Bahasa Indonesia is the national language of Indonesia and the language 

used in schools after lower primary, large numbers of its population are not fluent in 

it (Hayden & Martin, 2014). This, combined with traditional ways of teaching and 

reliance on multiple choice answers in the national examinations, may go towards 

explain students’ performance in international testing (Bjork, 2013). The focus for 

Indonesia now is on the quality of its education. 

1.1.2. The Indonesian Mathematics Curriculum: an Overview 

Mathematics is a compulsory subject from Year 1 to Year 12 in Indonesia. As a core 

component of the curriculum, it is one of the subjects in the national examinations 

which are conducted for Year 6, Year 9 and Year 12 students. In 2006, a school-based 

curriculum, was implemented throughout Indonesia, having been formulated under the 

supervision of the regional Ministry of Education and Culture and the Ministry of 

Religious Affairs which are jointly responsible for education. Even though both the 
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problem-solving approach and the introduction of contextual problems was 

emphasised, there was no clear direction or further elaboration of the teaching and 

learning processes that would encourage the integration of HOT into mathematics 

classrooms. An evaluation of this curriculum has indicated that there was limited 

integration of HOT skills in Indonesian mathematics classrooms (Dewi & Kusumah, 

2014; Oktiningrum, Zulkardi, & Hartono, 2015). There was also little provision for 

educating teachers in this area; the teacher training has been considered for decades as 

ineffective (Bjork, 2013; Hadi, 2002). In some cases, where teachers received 

professional development training, they seemed to grasp the knowledge during the 

training yet they faced many issues in implementing it in their classrooms (Fauzan, 

2002; Suhendra, 2015).   

In May 2013 the Ministry of Education and Culture introduced another new national 

curriculum, addressing eight standards of national education: content, process, 

graduate attributes, educators, educational staff, facilities, management, finance and 

assessment. The external factors driving this change included the issues of 

globalisation and the poor performance of Indonesian students in international 

assessments. Standards for the teaching and learning processes were developed to 

encourage more innovative teaching, including: (a) moving from a teacher-centred 

classroom to student-centred learning; (b) moving from a single resource to multi-

resources learning; (c) moving from a textbook approach to a scientific approach; (d) 

moving from content based learning to competence based learning; (e) moving from a 

single solution learning to multi-solutions learning; and (f) moving from verbal 

learning to applicable learning. All of these standards can be seen as an attempts to 

promote HOT skills into the classrooms. It also aimed to encourage lifelong learning, 

creativity in learning, open space learning (understanding that students may learn in 



  

6 

 

many situations, from many different people), and the use of technology for increasing 

the effectiveness of learning, and at the same time addressed individual students’ 

needs, background and culture. The standards of assessment in the new curriculum 

included: (a) assessing students’ lower and higher order thinking; (b) emphasising the 

higher order questions requiring reasoning beyond memorising; (c) assessing 

processes; and (d) using portfolios of students’ learning (Wardhani, Anggraena, & 

Marfuah, 2015). 

The new curriculum stated clearly its direction, employing the scientific approach: 

observing, questioning, experimenting, associating and communicating in the teaching 

and learning process. It also aimed to equip students with a better understanding of 

mathematics concepts and good mathematics reasoning and communication skills for 

both routine and non-routine problems. The new curriculum aimed specifically for the 

improvement of mathematics and science teaching and learning in Indonesia. It 

emphasised HOT skills by recommending the integration of LOT and HOT questions 

for students throughout the teaching and learning process. It sought to enable students 

to apply mathematical concepts beyond the classroom.  It has been posited forcefully 

by Bjork (2013), who has studied classroom delivery and teachers’ culture in detail in 

Indonesia and internationally, that while the intentions and policies of the ministry, as 

well as the curriculum, are aligned with developed standards there is an inability to 

translate these goals into the schools and classrooms.  

1.1.3. Assessment of Indonesian Students’ Mathematics 

Performance  

Indonesian Students’ Results in International Testing 

International studies of student mathematics literacy, along with science and language 

literacy, are conducted by two major organisations: the Organisation for Economic 
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Co-operation and Development (OECD) carries out PISA and the International 

Association for the Evaluation of Educational Achievement (IEA) carries out TIMSS. 

Although both studies measure students’ mathematics they have a different focus, with 

PISA evaluating students’ capability to apply their knowledge to real-life situations 

which they may meet in their everyday life after leaving school (OECD, 2012) and 

TIMSS aiming to assess students’ mathematics and science achievement and gather 

information concerning the mathematics curriculum, teachers, schools and the context 

of mathematics learning across the countries participating (IEA, 2012).  

Indonesia has been participating in both these studies since they first started (TIMSS 

in 1995 and PISA in 2000) and has been consistently ranked as a country with poor 

outcomes. Based on the results of the TIMSS studies for Year 8 students, in 1999, 

Indonesia was ranked 34th (out of 38 countries); in 2003, 36th (out of 46 countries); in 

2007, 36th (out of 46 countries) (Iryanti, 2010), in 2011, 38th (out of 42 countries) 

(Mullis et al., 2012). Similar outcomes are also seen in PISA studies: in 2003, 37th (out 

of 39 countries) (OECD, 2004); in 2006, 50th (out of 57 countries) (OECD, 2007); in 

2009, 27th (out of 31 non OECD countries) (Fleischman et al., 2010); in 2012, 64th (out 

of 65 countries) (OECD, 2013b); and in 2015, 62th (out of 70 countries) (OECD, 

2016b). Of concern, PISA studies from the period of 2000 to 2012 show that there had 

been no significant improvement in Indonesian students’ mathematics performance 

(Firman, 2016). In the latest PISA, 2015, the results reported that Indonesian students’ 

mathematics performance has slightly improved; however the Indonesian ranking 

remains among the bottom countries (OECD, 2016b). 

The results of the PISA 2009, 2012 and 2015 reported that around 70% of the 

Indonesian students are low performers (below level 1) (OECD, 2016a). PISA 2003 
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and 2006 results showed that only a very small percentage of Indonesian students were 

able to successfully complete the more challenging questions which require HOT skills 

(level 4 and above). Only one per cent of students reached level 4 in 2003 and two per 

cent in 2006. No students reached level 5 or 6 (Barrera-Osorio, Garcia-Moreno, 

Patrinos, & Porta, 2011). In PISA 2009, 0.9 per cent of Indonesian students reached 

level 4 and 0.1 per cent reached level 5, with no students reaching level 6 (OECD, 

2010; Stacey, 2014). The results of the latest PISA 2015 also showed similar trends 

(OECD, 2016a). The description of the mathematical competences of each level used 

in PISA will be outlined in Chapter 2. 

Issues Contributing to the Indonesian Students’ Mathematics Performance 

The problem of Indonesian students’ mathematics performance has not only been 

recorded in international studies such as PISA and TIMSS but has also been examined 

in several studies related to mathematics education in Indonesia. Jupri, Drijvers, and 

van den Heuvel-Panhuizen (2014b) found that Indonesian students were lacking in 

problem solving-skills, particularly in the development and integration of flexible 

operational and structural views of equations and algebraic expressions. Furthermore, 

they were having difficulty in bringing mathematical contexts to mathematical notions 

(Jupri, Drijvers, & van den Heuvel-Panhuizen, 2014a). Students did mathematical 

problems without understanding the reasoning involved or identifying the application 

of the mathematics topics to real life. 

Researchers have focused on the poor performance of mathematics students in the 

PISA and TIMSS studies is a consequence of the lack of HOT skills of the students 

(Dewi & Kusumah, 2014; Oktiningrum et al., 2015), with students being unfamiliar 

with the types of questions in PISA and TIMSS testing (Abdul, Muhammad, 

Syahrullah, & Ikhbariaty, 2014). Furthermore, a secondary analysis of PISA 2012 
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conducted by Razak and Shafaei (2016) reported that half of Indonesian students used 

memorisation strategies in studying mathematics. The lack of problem-solving skills 

being taught in the classroom (Jupri et al., 2014a), the lack of contextual mathematics 

learning and the lack of training students to be able to present their argumentation and 

thinking processes (Abdul et al., 2014; Cahyono, 2010) are seen as important factors.  

While there are various factors influencing the poor learning outcomes of mathematics 

teaching in Indonesia, the importance of teaching methods is consistently related to a 

student’s performance (Suhendra, 2015). Even though the Indonesian mathematics 

curriculum specifies the inclusion of problem solving and HOT, researchers (Fauzan, 

2002; Hadi, 2002; Wijaya, 2015), in noting HOT’s absence in the classroom, found 

that teachers are still focused on the LOT skills and emphasising rote learning and the 

repetition of similar basic problems. Students are not given the opportunity to relate 

the problem to practical daily life situations or to find solutions using their own 

methods. Furthermore, continued reliance on a teacher-centred approach has 

contributed to students’ attitudes towards mathematics learning, with them relying 

entirely on directions from the teachers, without exhibiting critical and creative 

thinking (Sembiring, Hadi, & Dolk, 2008). The teacher-centred instruction also 

requires students to reproduce the tasks given by the teacher and there is little 

encouragement to ask further questions related to the topic (Y. B. Widjaja & Heck, 

2003; Zakaria, Solfitri, Daud, & Abidin, 2013). It has also been indicated that 

Indonesian teachers are generally less confident concerning their ability to integrate 

and promote HOT skills in the classroom (OECD, 2015).  

While Indonesian teachers are criticised for their heavy reliance on rote learning, half 

of their students do not have to capacity to answer LOT related questions in PISA and 

TIMSS. At the end of Year 9, all Indonesian students sit for a national examination 
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where over 95% of the students receive a pass. This indicates a discrepancy between 

the results of the international testing and the national examination. The high pass rate 

in the national examination may be due to the fact that teachers are teaching students 

directly for the test (Hendayana, Asep, & Imansyah, 2010). This bring some 

disadvantages to the learning as teachers tend to focus on curriculum content rather 

than developing students’ beliefs, attitudes and values. They found that covering the 

breadth of the curriculum often meant that depth of understanding was sacrificed 

(Fauzan, 2002). The discrepancy in terms of results between the international and 

national assessments provokes the need for a deeper understanding of what is 

happening in mathematics education in Indonesia today.  

1.1.4. The Case of Aceh  

Aceh, at the extreme north-west end of the Indonesian archipelago, was chosen as the 

focus of this study. International testing, from the researcher’s personal knowledge and 

inquiry, has not been carried out in this province. Aceh is separated by distance and 

culture from the nation capital and the most populous areas of Indonesia. It has long 

had a difficult relationship to the central government of Indonesia and for decades, 

before a peace settlement in 2005, it had been fighting for its independence. 

Unfortunately this struggle and other issues have kept the province as one of the 

poorest in the rapidly developing nation. This situation was further exacerbated by the 

devastating tsunami and earthquake of 2004. As a result of international assistance 

after the tsunami and the ‘special autonomy’ granted by the Indonesian government, 

the province has had huge financial support. As a consequence, a high amount of the 

Aceh province budget, 30% compared with the national 20% (World Bank, 2006), is 

being spent on education. The province has had to rebuild a huge number of school 

and suffered the loss of many teachers in the 2005 tsunami (World Bank, 2008). There 
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is a large discrepancy between the money spent per pupil on education in urban areas 

and rural areas, and rural areas lack infrastructure that supports effective education. In 

more remote parts of Aceh with poor infrastructure and resources, teacher qualification 

and professionalism combined with the students’ low socio-economic position are 

likely contributors to student outcomes.  

In Aceh, enrolment levels are higher than the overall figure for Indonesia, across all 

income levels and types of education. While there are sufficient numbers of teachers, 

there is also a high level of absenteeism, especially in the rural areas. Improved 

infrastructure and public services may help alleviate this. The majority of teachers 

throughout Aceh, however, are not fully qualified (World Bank, 2008). In the national 

examination, Aceh’s performance is not significantly different to the rest of Indonesia, 

though it would appear that a larger number of Acehnese are failing to complete junior 

high school (Year 9) (World Bank, 2008).  

A small number of studies carried out in Aceh have pointed to the same problems 

identified throughout Indonesia: teachers are having difficulty incorporating 

contextual problems (Arsaythamby & Zubainur, 2014); students perceive mathematics 

as mainly calculation using mathematics operations (Johar & Afrina, 2011); and 

students are having difficulty engaging with the possibility of creating their own 

solutions for mathematics problems (Taufik, 2014). Some teachers seem to not fully 

understand the student-centred learning approach, according to Syah, Fitri, Yani, 

Qurnati, and Idris (2011) who reported that some mathematics teachers have 

misconceptions about active learning, not realising it involves students working in 

small groups.  
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1.2. Statement of the Research Problem 

It would appear that many students throughout the world struggle with mathematics 

problems that require HOT. But in Indonesia, students are also struggling with LOT 

(Firman, 2016; OECD, 2013a). Despite the acknowledged importance of equipping 

students with mathematical skills, the development of both LOT and HOT in the 

mathematics classroom in Indonesia, including Aceh, continues to be problematic (as 

described in the previous section). This demands an in-depth analysis and an attempt 

to discover the various factors that may contribute to the situation.  

There has been some research touching on the issues of mathematics teaching in Aceh 

(Arsaythamby & Zubainur, 2014; Johar & Afrina, 2011; Syah et al., 2011; Taufik, 

2014 are studies conducted in Aceh identified in this study). However no study, to the 

researcher’s knowledge, has been empirically based. In order to assess the state of 

mathematics teaching and learning and student outcomes in Aceh, systematic data 

collection is necessary. Rather than focusing on one aspect of the education system, 

and to incorporate an understanding of Aceh’s special conditions, the study needs to 

be multilevel. Are the Acehnese students’ mathematics performance in relation to LOT 

and HOT any different from the overall outcomes presented in previous studies for 

Indonesia as a whole? What multilevel factors are involved in their performance? How 

might these analyses help with understanding educational effectiveness? How might 

students’ performance be improved? 

There is a wide range of international studies related to HOT skills and the 

mathematics performance of students (Kolovou, Van den Heuvel-Panhuizen, & 

Bakker, 2009; Pegg, 2010; Tassell et al., 2012). However, there are limited studies 

investigating the relationship of mathematics performance related to both LOT and 

HOT, from both the teachers’ and students’ perspectives. Most studies focus on either 



  

13 

 

LOT or HOT, and many are related to teacher effectiveness rather than student 

outcome (Rooney, 2012; T. Thompson, 2008; Wenglinsky, 2002; Zohar, Degani, & 

Vaaknin, 2001). Therefore, it is necessary to conduct a multilevel study that caters to 

three levels of data (student-, teacher- and school-level).  

From a methodological perspective, the use of quantitative methods in this study, 

including a multilevel analysis, will develop a more meaningful model of factors 

influencing students’ mathematics performance related to LOT and HOT. Also, 

multilevel analyses are at the basis of the growing body of education effectiveness 

research which seeks to investigate the differing levels (from the institutional, to the 

local school, to the teachers’ classrooms practices to the students) that can explain the 

variations in students’ performance. The hierarchical structure of education that 

impacts on students requires modelling techniques to overcome the weakness of earlier 

attempts at analysis that saw just one level being analysed. More complex relationships 

within and between the various levels and their factors allows for an empirical 

evaluation of educational effectiveness (Creemers, Kyriakides, & Sammons, 2010).   

The limited research in the context of Indonesia (Rakhmani & Siregar, 2016), 

especially in the area of students’ mathematics performance related to LOT and HOT 

and the fact that there is no reported research in the area of students’ mathematics 

performance for a multilevel analysis of student-, teacher- and school-level factors in 

the context of Aceh, are the central reasons for conducting this research. In such a large 

system as exists in Indonesia, it is important to assess the outcome of education within 

regions. A traditional style of teaching which emphasises memorisation and repetition 

is not adequate to develop the skills of HOT. It has even been seen to be detrimental 

to the teaching of LOT (Pogrow, 2005; Soar & Soar, 1976; Zohar & Dori, 2003).  
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A multilevel analysis, along with the single-level analysis, is expected to provide a 

more in-depth examination of the effectiveness of mathematics education and factors 

associated with students’ mathematics performance related to LOT and HOT in Aceh. 

The following section provides the research questions for this study. 

1.3. Research Questions 

This study aims to examine the student-, teacher- and school-level factors, their 

interrelationships and impacts on Year 9 students’ mathematics performance related 

to LOT and HOT skills in Aceh, Indonesia, using single and multilevel analyses. The 

student factors include students’ background, students’ attitudes and beliefs, and their 

perception of classroom practices; the teacher factors include teachers’ background, 

beliefs and classroom practices; and school factors include school demographics and 

resources.  

The study addresses the following specific research questions:  

1. To what extent are Year 9 Acehnese students able to solve mathematics problems 

related to LOT and HOT? 

2. What are the student-level factors influencing students’ mathematics performance 

related to LOT and HOT? 

3. What are the interrelationships among student-level factors influencing students’ 

mathematics performance related to LOT and HOT? 

4. What are the teacher-level factors influencing instructional activities in the 

mathematics classroom? 

5. What are the interrelationships among the teacher-level factors influencing 

instructional activities in the mathematics classroom? 
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6. Taking into account the hierarchical nature of the data, do the student-, teacher- 

and school-level factors have direct effects on students’ mathematics performance 

related to LOT and HOT? 

7. Are there any cross-level interactions between the student-, teacher- and school-

level factors in influencing students’ mathematics performance related to LOT and 

HOT? 

1.4. Structure of the Thesis 

This thesis is organised into ten chapters. Chapter one provides the background and an 

overview of the study by discussing the importance of mathematics and the 

development of cognitive skills, the context of Indonesia and Aceh, including a brief  

summary of the Indonesian mathematics curriculum and the state of students’ 

performance in Indonesia, followed by the statement of the problem and research 

questions.  

Chapter two provides a review of previous theory and research that provides the basis 

for this study. It briefly reviews the childhood development theories at the base of the 

taxonomies developed to assess student learning in the areas of LOT and HOT. The 

place of LOT and HOT skills in the mathematics classroom is discussed along with 

issues of assessment. Educational effectiveness theory and research is then reviewed, 

emphasising the multilevel nature of the education process. Multilevel factors 

influencing students’ mathematics performance are then identified from various 

studies. The conceptual framework designed for this study is then presented. 

Chapter three presents the methods of investigation used in the study, including the 

ethics approval. The sample techniques and the procedures for data collection are 

described. The operationalisation, the measurement, and the development of the 
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instruments, including the mathematics test, are then presented. The pilot study is 

described. Some general methodological considerations are presented and the 

statistical procedures employed in the study are also discussed. The quantitative 

techniques used in the study are outlined, including the path analysis for the single-

level analyses and the hierarchical linear modelling for the multilevel analysis. The 

role of confirmatory factor analysis (CFA) and Rasch analysis in the study in assessing 

the instrument validity is explained.  

Chapter four and five present the validation of instruments used in the student 

questionnaire (Chapter 4) and teacher questionnaire (Chapter 5). The validity and 

reliability of the instruments are established by employing CFA and Rasch analysis. 

CFA is carried out to examine the factor structure of the instrument and Rasch analysis 

is used to confirm the structure that has been previously tested in CFA. The CFA is 

conducted using IBM SPSS Amos 22 and the Rasch analysis is conducted using ACER 

Conquest 2.0 software (Wu, Adams, Wilson, & Haldane, 2007). The final structures 

of the instruments to be used for the subsequent analyses are then made. 

Chapter six presents a comprehensive descriptive analysis along with contextual 

information based on the student, teacher and school questionnaires. The descriptive 

analyses of students’ mathematics performance related to LOT and HOT are also 

presented. Independent t-tests are conducted for the scales involved in the student and 

teacher questionnaires and the mathematics performance related to LOT and HOT in 

order to examine whether there are any gender or school location differences. 

Significant results are then briefly reported in the chapter to be further discussed in the 

final chapter. The details of these results are presented in Appendix I. The descriptive 

results in this chapter were generated using the IBM SPSS 22.  
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Chapter seven and eight discuss the single-level model of the student-level (Chapter 

7) and teacher-level (Chapter 8) models of partial least square path analysis (PLS-PA). 

The student-level model examines the relationships between the student-level factors 

in influencing students’ mathematics performance related to LOT and HOT. The direct 

relationships between student-level factors and students’ mathematics performance 

and the interrelationships between student-level factors are illustrated. The teacher-

level model examines the interrelationships between teacher-level factors. The path 

analysis for both student- and teacher-level models are carried out using SmartPLS 

3.2.6 (Ringle, Wende, & Will, 2015).  

Chapter nine presents the two three-level (student-, teacher- and school-level) HLM 

models, namely the three-level HLM model of mathematics performance related to 

LOT and three-level HLM model of mathematics performance related to HOT. The 

HLM models examine the relationships between variables at each level and the 

outcome as well as the interaction effects between variables across levels using HLM 

6 (Raudenbush, Bryk, & Congdon, 2004). The building and the findings of the HLM 

models are presented in this chapter.  

Chapter ten summarises and discusses the findings from the analyses conducted in this 

study. Findings are discussed in relation to the research questions and in comparison 

to the results reported in the previous studies, as well as taking into account the context 

of this study. A discussion of the limitations and implications of the study as well as 

some recommendations for future research is also presented in this chapter.  

1.5. Summary 

The current research is designed to examine the interrelationships between student-, 

teacher- and school-level factors influencing Year 9 students’ mathematics 
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performance related to LOT and HOT in Aceh, Indonesia. This chapter presents the 

background to the study, the context of the research, its setting in the Indonesian 

education system. The statement of the problem and the research questions are also 

provided. The following chapter provides a review of selected research in areas 

relevant to this thesis.  
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Chapter 2 Review of Research 

Studies 

2.1 Introduction 

This chapter begins with an overview of development of the concepts of LOT and 

HOT, before looking specifically at their application to mathematics and mathematics 

teaching methods promoting LOT and HOT, including their assessment. The 

theoretical basis of this study comes from the research on childhood cognitive 

development and educational theory. Childhood development theories (particularly 

Piaget and Bruner) and the association found between physical and cognitive growth 

resulted in educational theorists attempting to assess the various stages of cognitive 

learning.  The development of taxonomies (particularly Bloom) followed to assist 

structure the curricula and measure the level of skills attained by students. These skills 

were roughly divided into the basic ‘lower’ skills and the more sophisticated ‘higher’ 

skills and attempts to understand the best methods of teaching and learning these skills 

continue to challenge educationalists. From educational effectiveness theory has come 

the theoretical perspective for this study, focussing on a quantitative assessment of 

student performance see as being connected to a large set of variables at all levels of 

the education system. The conceptual model developed from this theory provides the 

basis of a multilevel analysis of the factors related to student performance related to 

LOT and HOT.  
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2.2 Lower Order Thinking (LOT) and Higher Order Thinking 

(HOT) 

2.2.1. Childhood Development and Learning 

Foundational Theories and Earlier Development of Cognitive Skills  

The work of Piaget and Bruner, two major developmental theorists, have influenced 

childhood psychology and education throughout the latter half of the 20th century, with 

educational thought and practice relying heavily on the pioneering work of Piaget 

(Biggs & Moore, 1993; Seddon, 1978). In his theory of cognitive development Piaget 

identified four stages: the sensorimotor stage (0 – 18 months old); the symbolic stage 

(18 months – 7 or 8 years old); the concrete-operational stage (7 or 8 – 12 years old); 

and the stage of formal operations (12 – 15 years old). Piaget claimed that each 

successive stage was built upon the earlier stage (Bigge & Shermis, 1992). Piaget 

explained that during the sensorimotor period children only understood direct action 

because they had a limited ability to recognise symbols. A child starts to recognise 

symbols and differentiate things at the symbolic stage, when the child begins to think 

and classify things as well as combine and classify concepts. The symbolic stage and 

the concrete-operational stage, were seen as prerequisites for the period of formal 

operations, when adolescents developed the capacity to evaluate their thoughts and 

create ideas about the future use of their reasoning skills. Piaget’s emphasis was on the 

development of more complex thinking resting upon the acquisition of the earlier 

stage.  

Bruner (1977), similarly identified cognitive growth according to the ability to use 

differing modes of representation. The enactive mode was the initial mode, which 

involved the ‘knowing’ skill of a child with the absence of images. The iconic middle 

stage mode developed the knowledge with the presence of images enabling the 
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understanding of concepts. The symbolic mode was the last mode of cognitive growth 

and was indicated by the ability of adolescents to understand abstract concepts with 

the presence of symbols and using language as the medium of thought (Bigge & 

Shermis, 1992). Bruner’s modes, unlike Piaget’s stages, were not simply linked to age 

as environment also played a significant role in either slowing down or accelerating 

the processes of cognitive growth (Bigge & Shermis, 1992). Neither Piaget nor Bruner 

explicitly discussed LOT and HOT skills in their cognitive developmental theories. 

Vygotsky’s constructivist theory, which became influential in the late 20th century, 

was based on the notion that the environment was a crucial factor in children’s 

development, expanding upon Piaget’s and Bruner’s theories, which were focused on 

cognitive development as an inherently individual process. Vygotsky emphasised that 

teachers and peers had a great influence on students’ learning (Jaworski, 1994; 

Leonardo & Manning, 2017). In his theory of learning Vygotsky introduced the idea 

of ‘the zone of proximal development’ which pointed to the learning a student could 

do when assisted by the teacher or classroom peers. The activity of assisting students’ 

development was also known as ‘scaffolding’ (Fernández, Wegerif, Mercer, & Rojas-

Drummond, 2002). Vygotsky’s theory of development justified the use of 

collaborative learning (Bonk & Cunningham, 1998; Nyikos & Hashimoto, 1997). 

While Vygotsky’s constructivism was also not specifically focussed on the 

development of LOT and HOT skills, it highlighted the potential of peer-group 

learning. 

Educational Taxonomies 

In 1956 Bloom’s taxonomy was published and, with various modifications, it is still 

influential today. This taxonomy (Bloom, Engelhart, Furst, Hill, & Krathwohl, 1956) 

is an explicit classification of the goals and objectives of education and is applicable 
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to all subject areas. It provides a basis for assessment of students’ performance in 

relation to the stated educational goals and is thus used to compare student 

performance across states, nationally and internationally. It became the basis for the 

division of learning into lower order or basic thinking and higher order thinking. 

Bloom’s taxonomy consisted of six hierarchical levels within the cognitive domain of 

students’ learning: ‘knowledge’ (the ability to recall facts); ‘comprehension’ (the 

ability to understand, manipulate and interpret facts); ‘application’ (the ability to use 

understanding to solve problems); ‘analysis’ (the ability to recognise patterns within 

the facts); ‘synthesis’ (the ability to go beyond the facts to produce a new idea); and 

‘evaluation’ (the ability to judge the quality of a solution or theory) (Seddon, 1978). 

This structure indicated an ascension of processing, from simplicity to complexity, and  

conceptualising, from concrete to abstract, with the lower categories being important 

for the development of the upper categories (Krathwohl, 2002). Bloom’s taxonomy 

was subsequently revised by Anderson et al. (2001), members of the original team who 

developed the taxonomy. In this revision, emphasising the active processes of thinking, 

the levels are converted to verbs and the end goals are interchanged with the ultimate 

goal being ‘creating’ (rather than ‘synthesis’) (Krathwohl, 2002).  

A further taxonomy, Structure of Observed Learning Outcomes, or SOLO, was created 

by Biggs and Collis (1982) and was based on Piaget’s stages of cognitive development, 

and the hierarchical structuring of the levels on ‘increasing cleverness’ (Biggs & 

Moore, 1993). In this, learning is seen as a cycle with five levels, known as 

‘prestructural’, ‘unistructural’, ‘multistructural’, ‘relational’ and ‘extended abstract’, 

and three modes, known as ‘previous’, ‘target’ and ‘next’. SOLO taxonomy classifies 

the depth of thinking demonstrated by learners; the first three categories correspond to 

surface thinking and the last two being are associated with deep thinking (Hunt, 
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Walton, Martin, Haigh, & Irving, 2015; Murphy, 2017). The main aim of the SOLO 

taxonomy was to classify students’ outcomes or responses (Hunt et al., 2015; Murphy, 

2017), differentiating it from Bloom’s taxonomy which was mainly used in order to 

classify test items. 

Current Developments  

Since the foundational work of Bloom and others, the concepts of LOT and HOT have 

been continuously explored. Finding adequate definitions and understanding the 

relationship between the two orders has challenged educational theorists. However, 

the emphasis on learning has increasingly moved from remembering and repeating 

information to thinking, reasoning and problem-solving, with critical thinking are at 

the base of even the elementary levels of knowledge. Education practice has shifted to 

encouraging all learners at all levels to thinking and understanding.  

With the current trend in education worldwide, the shift is from LOT to HOT and the 

definition of HOT has developed into a broader context. LOT is defined as 

reproductive thinking involving the application of routine and algorithmic procedures 

(Lewis & Smith, 1993; Miri et al., 2007; Newmann, 1990). It should  however be 

recognised that learning and teaching LOT (see later) do not have to be routine and 

unimaginative; learning involves a thinking and questioning that can also be extended 

to learning LOT.  

Newmann (1988) defined HOT as a thinking process involving challenges which 

required interpretation and analysis being applied to a problem which could not be 

answered using a simple routine procedure. This definition was later expanded by 

contrasting it with LOT which mainly involved routine problems with mechanistic or 

repetitive procedures (Newmann, 1990). It has been noted that students’ abilities to 

demonstrate such skills were influenced by the type of tasks given and the student’s 
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history in performance (Lewis & Smith, 1993). Later, Miri et al. (2007) conceptualised 

HOT as a non-algorithmic sophisticated mode of thinking associated with the 

capability to produce multiple solutions. Recently, Alexander et al. (2011) proposed 

that it is: 

the mental engagement with ideas, objects, and situations in an analogical, 

elaborative,  inductive, deductive, and otherwise transformational manner that is 

indicative of an orientation toward knowing as a complex, effortful, generative, 

evidence-seeking, and reflective enterprise (p.53). 

Brookhart (2010) classified HOT in terms of its association with the ability to transfer 

knowledge, with the ability to think critically and to solve problems. The ability to 

transfer knowledge involves conveying (or translating) learned skills in one area to 

new situations; the critical thinking component involves the ability to reason, reflect 

and make decisions; the problem solving component involves the ability to encounter 

and resolve a new problem which then resulted in the creation of a new solution.  

It can be seen from the pioneering work of Piaget and Bruner to the later taxonomies 

that there has been a shift of developing towards a clearer differentiation between LOT 

and HOT. Current international trends in education are focussing on HOT skills. 

However, there is still a great need, especially in less developed countries, for LOT 

skills to be developed.  LOT and HOT skills in this study will be described generally 

using Bloom’s taxonomy: LOT skills involve remembering, understanding and 

applying and HOT skills involve analysing, evaluating and creating skills (Anderson 

& Sosniak, 1994; Pegg, 2010).  

The terms ‘lower order’ and ‘higher order’ can be interpreted as one being ‘superior’ 

to the other. It has been pointed out by Zohar and Dori (2003) that the pyramid model 

of Bloom’s presents pictorially an emphasis on LOT and suggests a hierarchy of 

educational goals. However, they also emphasise that the specifying of cognitive levels 
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that are distinguished from one another is still useful. Both LOT and HOT skills are 

likely to be interwoven (Lewis & Smith, 1993) and both need addressing in the 

classroom (Sangwin, 2017), including the mathematics classroom. Earlier studies 

(Cardelle-Elawar, 1992; Zohar & Dori, 2003) questioned whether HOT could be 

taught to low-achieving students but more recent analysis points to their 

interdependence (Pogrow, 2005). It is now recognised that thinking, rather than 

memorising, is a part of all students learning at all levels of education and that teachers, 

through their practices in the classroom (rather than their subject content) can foster 

both these skills.  

The attempt to encourage more HOT in the curriculum, as is evidence in the last 

decades, can result in the neglect of LOT skills. Yet, LOT is essential in mathematics 

education. The foundational skills in mathematics enable HOT because once the basic 

skills are mastered students are free to become involved in problem solving 

(Tikhonova & Kudinova, 2015). The basic skills cannot be neglected. Mathematics 

students who do not have the basic skills are confused by the simplest problems; 

students who perform well in mathematics will have all the basic skills. 

Staples and Truxaw (2010) argue that HOT skills can be seen as the ability of students 

to think mathematically in their reasoning when solving problems. A review of HOT 

skills in three countries by Fullan and Watson (2011), found that these skills in 

mathematics emerged in problem solving skills and the ability to communicate the 

solution mathematically. Being able to reason mathematically and solve problems 

(utilising, analysing, evaluating skills) allow HOT mathematical problems to be 

understood. Thus, while a student’s performance can still be assessed in terms of LOT 

and HOT, a teacher’s practice needs to understand and apply both in the classroom 

(Lewis & Smith, 1993; Zohar et al., 2001; Zohar & Dori, 2003). 
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Research on LOT and HOT is summarised below.  

The characteristics of LOT involve the use of: 

a) Routine problems (King et al., 1998; Newmann, 1988; T. Thompson, 2011) 

b) Memorisation or rote learning (Miri et al., 2007; Newmann, 1990) 

c) Reproduction of previous repetitions (Brookhart, 2010; Lewis & Smith, 1993) 

The characteristics of HOT involve the use of: 

(a) Non-routine problems (Kolovou et al., 2009; Mullis et al., 2003; Newmann, 

1988, 1990; Schoenfeld, 1992); 

(b) Problem solving (Brookhart, 2010; Fullan & Watson, 2011; Sheffield, 2007; 

Silva, 2008; Trilling & Fadel, 2009); 

(c) Reasoning mathematically (Bigge & Shermis, 1992; Fullan & Watson, 2011; 

Staples & Truxaw, 2010); and 

(d) Open-ended questions (Bobis, Anderson, Martin, & Way, 2011; Puchner & 

Taylor, 2006; Staples & Truxaw, 2010; Watson, Collis, Callingham, & 

Moritz, 1995).  

2.2.2. Teaching Methodology Promoting Lower Order Thinking 

(LOT) and Higher Order Thinking (HOT) in Mathematics 

The introduction of universal education in the West saw the emphasis being placed on 

the basic skills of reading, writing and arithmetic. Teachers often had little education 

themselves; classes were large with few resources. These conditions are often still 

prevalent in developing countries. Questions concerning pedagogy have dominated 

educational research and practice over the last 60 years in an attempt to equip students 

with the appropriate skills. How a teacher teaches mathematics is integral to a student’s 

understanding of mathematical concepts. Even basic skills may be taught in such a 
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way that the student’s thinking and not just routine memorising are engaged. Some 

simple examples can indicate the difference: a) Using values between 100 and 2000, 

what would be 2 of the hardest subtraction sums you can think of? Say why you think 

they are hard; b) A room is 48m2, draw 4 different shapes it could be. These examples 

are developing LOT skills in a HOT way. 

Incorporating HOT in the classroom and integrating it with subject content and 

assessing the skills are challenging tasks for teachers (Forster, 2004; Schulz & 

FitzPatrick, 2016). In a video study of mathematics lessons of Year 8 students in the 

US and Australia, researchers found that approximately 79% of all questions in the US 

classes were related to LOT, while in the Australia it was 73% (Shahrill & Mundia, 

2014). However, there are some teaching methods which are believed to be conducive 

to encouraging these skills. It has been suggested that student-centred instruction plays 

an important role in these (King et al., 1998; Savery, 2006). A student-centred 

approach provided students with more time to develop HOT skills, as well as educating 

them to be independent thinkers. King et al. (1998) highlighted the importance of 

instructional communications, scaffolding, learning and thinking strategies, direct 

instruction, questioning strategies, feedback, team activities and computer mediation 

for facilitating these skills in students.  

Problem-based learning, where teachers acts as facilitators who both encourage 

students to develop their HOT and give information regarding the problems, as well 

as inquiry-based learning, where students are expected to develop their thinking 

without any information provided for the problems, are other aspects of student-

centred teaching (T. Thompson, 2011; Weiss, 2003). A collaborative learning 

approach, derived from Vygotsky’s research (Vygotsky, 1978), also promotes HOT 

skills through peer collaboration that elicits discussion and learning engagement 



  

28 

 

(Cicconi, 2014). Furthermore, classroom practices involving a learning strategy that 

asked students to connect their learning experiences, including asking students to relate 

what they have learnt to other subjects they studied, are seen to have a positive effect 

on students’ problem solving skills, in particular in Indonesia and Malaysia (Razak & 

Shafaei, 2016).  

Wilks (2005) found that teachers could cultivate students’ HOT by acknowledging that 

it is possible for every student to be able to examine abstract ideas and develop their 

thinking, by providing suitable resources to trigger inquiry and investigation, as well 

as establishing a classroom climate which enabled students to explore the content of 

the subject. Teachers need to take students’ responses into account in order to extend 

their skills. The classroom atmosphere established by the teacher also influences 

students’ participation, engagement and self-confidence in dealing with problems 

related to HOT.  

The types of tasks given in the classroom is also significant. The use of open-ended 

questions for mathematical tasks in the classroom is one of the approaches which could 

be utilised for promoting these skills (Bobis et al., 2011; Puchner & Taylor, 2006; 

Staples & Truxaw, 2010; Watson et al., 1995). Open-ended questions are defined as 

“those that require a student to think more deeply and to give a response that involves 

more than recalling a fact or reproducing a skill” (Sullivan & Lilburn, 2002, p.1) and 

students need to be given enough time to think about and create appropriate answers 

(Hoskins, 2005). Teachers also need to be able to stimulate students to investigate 

problems. One approach suggested for developing students’ HOT was the adoption of 

philosophical inquiry which was defined as ‘thinking about thinking’ (metacognition). 

This approach allows students to explore and present their ideas in an atmosphere that 

encouraged the appreciation of others’ ideas and opinions (Abbott & Wilks, 2005).  
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Promoting HOT in the mathematics classroom does not displace the need for LOT 

skills, such as teaching algorithms and formulae. Once the significance of HOT is 

acknowledged, the goal is to create classroom practices which allow students to 

experience and develop both LOT and HOT skills (Hoskins, 2005).   

2.2.3. Assessing Lower Order Thinking (LOT) and Higher Order 

Thinking (HOT) Skills in Mathematics 

T. Thompson (2008) suggested that mathematics teaching has changed little in the last 

two decades in the US, still relying largely on routine tasks through mechanical 

techniques. He found that while teachers were able to classify the tasks involved in 

Bloom’s taxonomy, many were unable to write test questions related specifically to 

HOT. While integrating HOT in the classroom is challenging, assessing students’ HOT 

is even more challenging where still mainly focused on LOT tasks (Hoskins, 2005).  

Caygill and Eley (2001) created categories to specifically examine mathematical and 

scientific processes and skills on the basis of Bloom’s taxonomy: (a) recalling 

knowledge (general knowledge, facts and basic information); (b) calculating or 

following formulae (ability to use certain algorithms or formulae to answer); (c) 

experimenting or investigating (using a range of mathematical procedures in solving 

the problems); (d) comparing or contrasting (using various methods and ideas and then 

comparing results before deciding on the best solution); and (e) concluding or 

explaining or justifying (synthesising ideas, presenting rigorous reasoning or 

conclusions in order to solve the problems). In assessing HOT, the tasks developed 

need to emphasise the last two categories. This is consistent with the levels in the 

SOLO taxonomy which could also be used to determine the tasks required to assess 

HOT in the mathematics classroom. The last two categories of the SOLO taxonomy, 

namely relational level and extended abstract level, might also be used as the base to 
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create assessment tasks for HOT. The relational level requires students to integrate 

various related information to produce a better understanding and to solve the 

problems, while the extended abstract level requires students to make a generalisation 

based on the given information to create a more abstract dimension (Biggs & Moore, 

1993).  

In Japan, a high ranking achiever in PISA and TIMMS, a system called ‘lesson study’ 

has been devised, an approach to improve classroom teaching in Japan. The tasks are 

designed following particular principles: (a) they are appropriate and mathematically 

valuable in terms of the aims of the lesson; (b) they are engaging for students; (c) they 

are at the appropriate level of difficulty; (d) they have several possible methods of 

solution; (e) they have implications for other mathematical problems or real life 

problems; and (f) they can elicit valuable basic wisdom (Fujii, 2015). Students’ 

answers and responses to the tasks are part of the evidence of what students learn and 

understand about the concepts which in turn reshapes teaching strategies. 

Caygill and Eley (2001) suggested a teacher-student interview as that an effective and 

appropriate way to assess HOT. This method not only allowed students to provide 

sophisticated explanations and present various responses but it also allows teachers to 

examine both the processes and the products of students’ thinking. In a similar vein, 

Hoskins (2005) suggested the use of a student journal. 

In PISA 2012, the detailed analysis of which in that particular year was focused on 

mathematics, a definition of mathematical literacy was used in the measurement of 

students’ performance across six levels, the first three being based on LOT and the 

next three on HOT:  

mathematical literacy is an individual’s capacity to formulate, employ, and 

interpret mathematics in a variety of contexts. It includes reasoning 
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mathematically and using mathematical concepts, procedures, facts, and tools to 

describe, explain, and predict phenomena. It assists individuals to recognise the 

role that mathematics plays in the world and to make the well-founded 

judgments and decisions needed by constructive, engaged and reflective citizens 

(OECD, 2013a, p. 25). 

 

PISA classifies students’ mathematics competence into six level of mathematics 

proficiency, each level can be summarised as: (a) level 1, students are able to solve 

routine problems involving familiar context using routine procedures and the direct 

information provided; (b) level 2, students are able to solve problem requiring direct 

inference by employing basic algorithms, formulae, procedures, or conventions, as 

well as being able to make a basic interpretation of the solution; (c) level 3, students 

are able to apply simple problem solving strategies using their own interpretation and 

representations of the given information, as well as being able to show their 

interpretation and reasoning skills; (d) level 4, students are able to solve complex 

problems requiring simple decision-making by integrating different representations 

and making a connection to real-life situations, as well as being able to explain their 

argument using their own interpretations, reasons and actions; (e) level 5, students are 

able to solve more complex problems by utilising their well-develop thinking and 

reasoning skills to select, compare, and evaluate the appropriate strategies to be used, 

as well as being able to reflect on their own work, formulate and explain their own 

interpretation and reasoning; (f) level 6, students are able to solve more complex non-

routine problems by using their own investigation and capacity of advance 

mathematical thinking and reasoning, applying their understanding to develop new 

approaches and strategies for non-familiar situations, as well as being able to reflect 

and communicate their findings, interpretations and reasons in relation to the 

appropriateness of these to the original situation (OECD, 2013c).  
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The description of the six levels mathematics proficiency established in PISA shows 

the hierarchy of competences: from routine to non-routine; from common to unfamiliar 

context; from direct instruction to own investigation; from relying on given 

information to creating new approaches and solutions; from the absence of reasoning 

to the demonstration of advance reasoning skills in communicating mathematical ideas 

and findings. Even though PISA does not literally classify the level of the 

mathematical proficiency into two streams of LOT and HOT, the first three levels 

generally reflect LOT and the next three, HOT.  When referring to international 

comparison of students’ performance, this research uses the assessment levels devised 

by PISA.  

 

2.3 Educational Effectiveness Theory and the Dynamic Model 

The field of educational effectiveness theory (EET), research (EER) and models, now 

identified with the work of Creemers and Kyriakides, attempts to build a quantitatively 

based model of school effectiveness with the goal of improving student outcomes. It 

has been extensively researched and reviewed over the last decades, undergoing shifts 

of methodology and theory, sometimes as a result of software development.  

EER was built upon earlier studies by Coleman (1968) using an equality of educational 

opportunities survey that was initially created to examine the magnitude and the factors 

contributing to the inequality of educational opportunities between races in the US. 

The variables used in this study found that students’ background are the main factors 

influencing students’ performance with the minimum effects of the school, suggesting 

that the school impact was minimal on students’ outcome. Later, Jencks et al. (1972) 

conducted a study, based on Coleman’s study, reassessing the effect of family and 

schooling on inequality in the US. Hanushek (1986) also argued that school factors, 
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seen here as teacher-student ratios, teacher education or teacher experience, had little 

or no positive influence on student performance.  

These findings initiated extensive debate. Walberg (1984) argued that factors related 

to students (ability, development and motivation), to teaching (quality and quantity) 

and a student’s environment (home background, peers, classroom environment and 

media) all had an impact on each other and the students’ performance. Other 

researchers followed (Bidwell & Kasarda, 1980; Bosker & Dekkers, 1994; 

McCormack-Larkin, 1985; McCormack-Larkin & Kritek, 1982; Taylor, 1990), 

disputing the findings of Coleman (1968) and Jencks et al. (1972).  

As the research concerning educational effectiveness evolved, several models have 

been developed. This brought together factors related to students’ performance, 

establishing the importance of the school’s impact on students’ academic development 

and seeing the need for all schools to review their practices (Reynolds, Teddlie, 

Creemers, Scheerens, & Townsend, 2000). Researchers, using large scale data, began 

to focus on causal effects (Creemers & Reezigt, 1999). Furthermore, the emphasis on 

the multilevel nature of the educational process consolidated to involve students, 

classroom (teacher), school, district and national levels (Teddlie, Reynolds, & Pol, 

2000).  

Creemers and Reezigt (1996) proposed the significance of the school level where the 

student learning outcomes are influenced by the school factors (including the quality 

of education, time and opportunity); classroom factors (including quality of instruction 

and opportunity to learn); and student factors (including time on task and opportunities 

used, motivation as well as aptitude and background). This proposition of the 

importance of the school level was incorporated into the basic model of educational 
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effectiveness designed by Creemers (1994). In this model, classroom instruction was 

the emphasis.  

The theory, research and model building of EER has further developed, student 

outcome being the central concern:  

“the main research question of EER is which factors in teaching, curriculum,  

and learning environment at different levels such as the classroom, the school, 

and the above-school levels can directly or indirectly explain the differences in 

the outcomes of students, taking into account background characteristics, such 

as ability, Socio Economic Status and prior attainment” (Creemers & 

Kyriakides, 2008, p. 12).  

Creemers and Kyriakides (2008) have now developed a more complex model called a 

dynamic model of educational effectiveness, explaining the interrelations of the factors 

within and between levels (above school, school, teacher and student) and the impact 

they have on students’ outcome. The dynamic model, with the multiple factors 

operating at different levels in contributing to students learning outcome, is seen as an 

integrated approach to educational effectiveness modelling. Its theoretical basis 

understands that: a) the influences on student performance is multilevel; b) the factors 

in the different levels are interrelated; c) the school and context level factors are 

defined and measured in a different way to the classroom level factors; d) the 

relationships between some of the factors in the model may not be linear; e) the 

necessity of carefully investigating the relationships between factors at the same level; 

and f) the model employs five dimensions in measuring each factor including: 

frequency, focus, stage, quality, and differentiation (Creemers & Kyriakides, 2010).  

This theory and model of educational effectiveness is not without its problems 

(Sandoval-Hernandez, 2008). While it may be useful in large scale comparative 

studies, its framework may not be able to provide assistance to individual schools to 

facilitate students’ outcomes. Schools are organisations that are involved in complex 
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links with their education systems and broader socio-cultural context. The model’s 

effectiveness depends on the variables and their operationalisation selected for study. 

These concepts (such as professionalism, social capital, self-efficacy and motivation) 

require a theoretical understanding from various disciplines and often need qualitative 

data to legitimise their status. Sandoval-Hernandez (2008, p. 38) clarifies that the data 

collected for these studies is not objective as “the decisions on what and how 

information (is) collected necessarily imply personal choices and the output of the 

analyses always requires some interpretation”. However, at this point in time, the 

dynamic educational effectiveness model is being applied in large-scale testing 

concerning students’ outcomes. It should be noted that this model registers cognitive 

development only.  

 

Figure 2.1 Simplified diagram of educational effectiveness  

The particular value of quantitative methods, especially when analysing large samples, 

is that their results may be used to further develop theory which may generate further 

qualitative research. The dynamic effective model of educational effectiveness by 
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Creemers and Kyriakides (2008) is simplified and adapted to this study. The simplified 

diagram is presented in Figure 2.1. The context level is not studied empirically in this 

study. It is noted that new directional arrows are placed here as teachers, schools and 

their institutional context are able to interact and influence each other. The review of 

factors included at the school, teacher and student levels are presented in the next 

section. 

2.4 Factors Affecting Students’ Mathematics Performance 

Students’ achievement is an important dimension of both teaching and learning. 

Studies have tried to discover ways to raise students’ performance through identifying 

the factors influencing their performance. As students are nested within classrooms 

and classrooms are nested within schools, the factors influencing students’ 

mathematics performance may be categorised as school-level factors, teacher-level 

factors and student-level factors. However, findings concerning the relationships 

between factors at the three levels and students’ mathematics performance have varied, 

depending on the context and the set of variables involved in the study (Chen, 2016). 

The following sections present the factors that are related to students’ mathematics 

performance in each category.   

2.4.1. School-level Factors 

Many previous studies have been conducted concerning school-related factors 

associated with students’ mathematics performance and researchers have varied in 

what they classified as these factors. Fuller (1987) suggested that the association 

between school-related factors and students’ mathematics performance was more 

significant in developing countries than it was in developed countries, with the school-

related factors explaining a higher percentage of the variance in developing countries 
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than it did in developed countries. The school-related factors included the number of 

textbooks, class size, school size, instructional materials and media, hours devoted to 

the subject in the timetable and the school library facilities (Fuller, 1987). Entwisle 

and Alexander (1992) listed student socio-economic background, whether the school 

was segregated, and racial composition as school-related factors. Sutton and 

Soderstrom (1999) reported that: (a) school-related factors had varying impacts on the 

graduation rate; (b) drop-out rates had a strong impact on students’ achievement; (c) 

attendance, mobility and student-teacher ratio had a medium impact on achievement; 

and (d) class size and expenditure per students had a small impact on achievement. 

Schreiber (2002) reported that school resources and school size were associated with 

students’ achievement in advanced mathematics and Mji and Makgato (2006) reported 

that teaching strategies, content knowledge, laboratory use and non-completion of the 

syllabus in a year were some school-related factors directly influencing mathematics 

performance. Furthermore, school type, school size and student-teacher ratio 

significantly influenced students’ mathematics performance in Singapore (Chen, 

2016).  

The location of the school (whether it was in privileged or underprivileged area), and 

the type of mathematics programme adopted by the school were also reported to be 

associated with students’ mathematics performance (S. E. Graham & Provost, 2012; 

Mohammadpour & Ghafar, 2014). School location has also been one of the factors 

influencing students’ mathematics performance in Malaysia (Abdullah, Zain, Nair, 

Abdullah, & Ismail, 2016; Zamri, 2016) and Vietnam (Ha, 2016), with students from 

the urban schools having higher mathematics performance than students from the rural 

schools. Other studies have found that student demographic information and the 

school’s socio-economic standing (Demir & Kilic, 2010; Lamb & Fullarton, 2002; 
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McCoach et al., 2010; McConney & Perry, 2010), as well as the tone of the school, 

also contributed to mathematics performance (Choi & Chang, 2011; McCoach et al., 

2010; Shin, Lee, & Kim, 2009).  

Based on these previous studies, the school-related factors selected for analysis of 

students’ mathematics performance in Aceh are: school location, school and class size, 

school resources (including instructional materials, media and the number of 

textbooks), types of mathematics programmes and demographic information.  

2.4.2. Teacher-level Factors 

Teachers’ Background 

At the teacher-level, teacher background has been reported to have an impact on 

students’ mathematics performance. In relation to teachers’ background, factors 

commonly linked with students’ mathematics achievement are the qualifications of 

teachers (Clotfelter, Ladd, & Vigdor, 2010; Croninger, Rice, Rathbun, & Nishio, 2007; 

Darling-Hammond, 2000; Demir & Kilic, 2010; Dodeen, Abdelfattah, Shumrani, & 

Hilal, 2012; Palardy & Rumberger, 2008) and teachers’ professional development 

(Blank & de las Alas, 2009; Laura, McMeeking, Orsi, & Cobb, 2012; Wallace, 2009). 

Teacher certification is also found to be strongly related to students’ mathematics 

performance (Darling-Hammond, 2000; Hill, Rowan, & Ball, 2005). Experience, 

usually indicated by years of teaching, is associated with teachers’ certification also 

contribute to students’ achievement (Hill et al., 2005; Kini & Podolsky, 2016; Ladd & 

Sorensen, 2017). There is a lack of evidence that the teacher’s gender influences 

students’ mathematics achievement (Chudgar & Sankar, 2008). However, the link 

between a teacher’s gender and their students’ mathematics achievement might exist 
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in a particular country, such as was found in research in Pakistan (Warwick & Jatoi, 

1994).  

Teachers’ Beliefs 

While research related to teachers’ beliefs has been conducted over a long period, no 

precise definition has been established (Goldin, Rösken, & Törner, 2009; A.G 

Thompson, 1992). The definitions and classification of beliefs are highly dependent 

on the discipline under research (Goldin et al., 2009; Leder, Pehkonen, & Törner, 

2003). Philipp (2007, p. 259) created a working definition of beliefs as 

“physiologically held understanding premises or propositions about the world that are 

thought to be true”. Kagan (1992, p. 73) defined teachers’ beliefs as knowledge which 

would “reflect the actual nature of the instruction the teacher provides for the 

students”. Furinghetti and Morselli (2009, p. 62) outlined three main components of 

mathematics teachers’ beliefs as “the nature of mathematics, the nature of mathematics 

teaching, and the process of learning mathematics”. In this study ‘teachers’ beliefs’ 

focuses on teachers’ understanding and teaching of LOT and HOT.  

Research into teachers’ beliefs in mathematics education is important as this provides 

a link between the curriculum and classroom practice (McLeod, 1992; Pajares, 1992). 

A. G. Thompson (1984) established that teachers’ beliefs influence the direction of 

teaching practices. Teachers play important roles in the implementation of curriculum 

and decision-making related to classroom practices. Nathan and Koedinger (2000) 

looked at the accuracy of teachers’ beliefs concerning difficulties in algebra and the 

student’s performance, discovering that middle school teachers were most accurately 

able to predict students’ performance. Stipek, Givvin, Salmon, and MacGyvers (2001) 

worked on linking teachers’ beliefs and practices in mathematics instruction and 

discovered that teachers’ beliefs were usually consistent with their practices. Staub and 
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Stern (2002) carried out a study concerning teachers’ beliefs in terms of the teachers’ 

knowledge of pedagogical content and its association with student learning outcomes, 

finding that when teachers believed strongly in a cognitive constructivist orientation, 

the students’ performance was high. Muijs and Reynolds (2002) established that 

teachers’ beliefs were linked indirectly to students’ learning outcome through the 

teachers’ practices in the classroom. Tschannen-Moran and Barr (2004) confirmed the 

previous study, finding that teachers’ beliefs had a positive link with students’ 

achievement. These studies indicate that teachers’ beliefs make an important 

contribution to students’ learning outcomes either directly or indirectly.    

Classroom Practices  

Turner, Christensen, and Meyer (2009) noted that teachers’ beliefs strongly influenced 

teachers’ decisions about their classroom instructions. Research into classroom 

practices in mathematics classrooms indicates their substantial influence on students’ 

achievement (Kane, Taylor, Tyler, & Wooten, 2010; Rodriguez, 2004; Saxe, Gearhart, 

& Seltzer, 1999; Wenglinsky, 2001, 2002). Classroom practices include the choice of 

teaching methods and approaches, the types of learning activities, the types of tasks 

and the types of assessments. Seeing assessment as part of the classroom practices, 

Martínez, Stecher, and Borko (2009) accepted that teachers’ conceptions concerning 

students’ performance was influenced by the assessment practices. However, this 

relationship may also be inverted to indicate that teachers’ conceptions of students’ 

capabilities influence the assessment practices.  

Brown, Kennedy, Fok, Chan, and Yu (2009) reported that teachers paid more attention 

to training students for a test when they believed that the students had a low level of 

abilities, modifying their usual classroom practice in order to improve students’ 

performance. In another context, Tan and Saw Lan (2011) reported that when English 
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was new as the medium of instruction, teachers’ beliefs influenced the classroom 

practices through influencing the method of teaching: teachers used translation and the 

repetition of keywords in teaching mathematics and science. These studies highlight 

the influence of teachers’ classroom practices on students’ achievement but also 

indicate that the impacts may vary according to the situation.   

Classroom practices can be defined in various ways. Stuart and Thurlow (2000) 

considered teaching methods as classroom practices. Stillman et al. (2009) described 

the types of mathematical tasks as classroom practices, while Cross (2009) defined 

classroom practices as how classroom activities were organised, teacher-student 

interaction and assessment of students’ learning outcomes. The differing definitions of 

classroom practices reflect the objectives of the studies. In this current research study, 

classroom practices are described as teaching approaches, including teaching 

strategies, used in the classroom. It seeks to find: (a) whether teacher-centred or 

student-centred instructional activities predominate; (b) whether LOT or HOT 

activities are predominate; and (c) whether the types of assessment tasks relate to 

routine mathematics problems or non-routine problems.  

As already outlined, there are various frameworks for understanding classroom 

practices. The factors can be related to how classroom practices are defined in a 

particular study. Carpenter, Fennema, Peterson, Chiang, and Loef (1989) argued that 

providing teachers with professional development workshops, which were related to 

research-based knowledge, changed both teachers’ beliefs and classroom practices. 

Supovitz and Turner (2000) found that the number of professional development 

courses teachers were involved in had a strong influence on their classroom practices. 

This finding was followed up by several studies which indicated that teachers’ beliefs 

concerning the nature of mathematics greatly influenced classroom practices (Cross, 
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2009; Stuart & Thurlow, 2000). The years of experience, teachers’ qualification and 

gender might also influence the classroom practices but the influence of gender was 

not significance (Nisbet & Warren, 2000). Even though teachers’ beliefs were strongly 

linked to classroom practices, there were other factors found to have a strong influence, 

namely: (a) the current school situation and previous teaching experience (Barkatsas 

& Malone, 2005); and (b) textbooks, standardised testing, and district requirements 

(Grouws, Good & Dougherty, 1990 in Da Ponte & Chapman, 2006). Furthermore, 

teachers’ perceptions of students’ abilities in learning (Stuart & Thurlow, 2000) and 

the integration of technology into the classroom (Kozma, 2003) might also result in a 

change in classroom practices.  

Based on these previous studies, the teacher-level factors selected for analysis of 

students’ mathematics performance in Aceh are: teacher background (experience, 

gender, age, education, professional development, and certification), teachers’ beliefs 

(related to LOT and HOT) and classroom practices (instructional activities, teacher 

engaging students, types of mathematics questions used and teaching resources).  

2.4.3. Student-level Factors 

Students’ Background 

It is generally accepted that factors related to students have more predictors. These 

background factors associated with students’ mathematics achievement include 

gender, socio-economic status (SES), parents’ education, parents’ occupation, wealth, 

technological devices available at home and number of books available at home. 

Gender has consistently been investigated as one of the so called ‘predictors’ of 

mathematics achievement, being reported as a significant factor in some studies 

(Lloyd, Walsh, & Yailagh, 2005; Mohammadpour, 2012), yet not significant in others 
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(Chen, 2016; Lindberg, Hyde, Petersen, & Linn, 2010; Petty, Wang, & Harbaugh, 

2013; Steinmayr & Spinath, 2008; Tsui, 2007). Female students had lower 

achievement than males in some studies (Guiso, Monte, Sapienza, & Zingales, 2008) 

but also outperformed male students in some others (Hyde, Fennema, & Lamon, 1990). 

Gender has been found in one study to be a significant factor for higher achieving 

students, with male students having performed better (Tsui, 2007). Some studies 

reported that, male students performed better in problem solving (Hyde et al., 1990) 

and novel problems (Halpern, Wai, & Saw, 2005). However, the PISA 2012 study also 

reported the inconsistency of gender effect to students’ mathematics performance in 

the South East Asian context. Female students were recorded to outperformed male 

students in Thailand (Dechsri, 2016) and Malaysia (Darmawan, 2016). Conversely, 

male students were reported to have higher mathematics performance in Vietnam (Ha, 

2016) and Indonesia (Darmawan, 2016).  

Socio-economic status (SES) (Chen, 2016; McConney & Perry, 2010; 

Mohammadpour & Ghafar, 2014; Oh, 2013; Thien & Darmawan, 2016), and parents’ 

education (Howie, 2002; Kanyongo, Schreiber, & Brown, 2007; Mullis, Martin, 

Gonzalez, & Chrostowski, 2004; Schreiber, 2002; Wang, Wildman, & Calhoun, 1996) 

positively influenced students’ mathematics achievement. The impact of SES tends to 

be stronger on students with high and average level SES than on those with lower level 

SES (Farooq, Chaudhry, Shafiq, & Berhanu, 2011). Parents’ occupation has also 

widely been used as an indicator of SES, with students from higher SES having higher 

mathematics achievement, corresponding to the availability of technological devices 

at home. The availability of technological resources has been seen to influence 

students’ achievement (Papanastasiou, 2000). Furthermore, the number of books at 

home indicated how important literacy was to a family and was also associated with 
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mathematics achievement, with students who had a larger number of books at home 

tending to have higher achievement (Papanastasiou, 2000). Parents’ education has 

been found to be more important than parents’ occupation in explaining students’ 

mathematics achievement (Farooq et al., 2011). In addition, the family composition, 

indicated by whether students were raised by single parents or two parents, was also 

associated with mathematics performance in certain countries. PISA results indicated 

that Indian students from single parent families had higher mathematics scores due to 

the culture of single parents living with the students’ grandparents which resulted in 

the children receiving more help (Areepattamannil, 2014). A further factor in the 

students’ backgrounds relates specifically to the individual student’s educational 

aspirations, with how far they want to go in their schooling correlating with their 

achievement (Papanastasiou, 2000).  

Students’ Affective Factors 

Affective factors, which include students’ attitudes towards mathematics (valuing and 

liking), students’ self-efficacy and beliefs concerning mathematics are prominent 

student-related factors associated with mathematics achievement. Affective factors 

have been seen to include “students’ feeling about mathematics, aspects of the 

classroom or about (how they saw) themselves as learners of mathematics” (Reyes, 

1984, p.558). These factors were not only important predictors of student mathematics 

achievement but also were important for the students’ process of decision making 

when solving mathematical problems and their choices of courses and career paths 

(Reyes, 1984). Affective factors have also been found to be significant when looking 

at gender differences in mathematics achievement (Fennema, 1977; Fennema & 

Sherman, 1977; Hyde et al., 1990).  
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Students’ positive attitudes toward mathematics (Areepattamannil, 2014; Mohamed & 

Waheed, 2011; Papanastasiou, 2000), students’ high valuing of mathematics (Lay, Ng, 

& Chong, 2015) and students’ positive self-efficacy (Ferry, Fouad, & Smith, 2000; 

Mohammadpour, 2012; Papanastasiou, 2000) were more likely to be positively 

associated with students’ mathematics performance. In some studies, self-efficacy had 

the strongest association with mathematics achievement (Liu, 2009; Pajares & 

Graham, 1999; Papanastasiou, 2000). However, this might not necessarily be the case 

when different cultural and background characteristics are examined. Liu (2009), in 

her study comparing  standardised mathematics performances, found that while Hong 

Kong students had a very low mathematics self-concept, their mathematics 

performance was exceptionally high, whereas students in the US had very high 

mathematics confidence, yet their performance was weak. Shin et al. (2009), in a study 

of Korean and Japanese students found that the attitudes toward mathematics were 

stronger predictors for mathematics performance while, for the US students, valuing 

mathematics was a stronger predictor.  

Attitude has been defined as the student ‘evaluation’, involving ‘liking or disliking’, 

or providing a ‘positive or negative ’ response to a particular subject (Aiken, 1970, p. 

551; Shrigley, Koballa, & Simpson, 1988, p. 675). When students have a positive 

attitude toward mathematics then they have high performance or they perform well in 

mathematics; positive performance then further reinforced positive attitude. One of the 

attitudinal variables is motivation which include both intrinsic and extrinsic 

motivation. Intrinsic motivation involves interest in learning and liking mathematics 

while extrinsic motivation concerns the utility values of whether mathematics is 

perceived as important and useful (Guay et al., 2010; Pintrich, 1999; Ryan & Deci, 

2000).  
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Self-efficacy has the power to change individual behaviour both directly and indirectly 

(Bandura, 2006) and is defined as “people’s judgement about their abilities” (Bandura, 

1986, p. 94). Performance accomplishment is a main trigger, with high self-efficacy 

being correlated to highly successful performance while low self-efficacy is related to 

failure (Bandura, 1977). Despite the main core of self-efficacy being an individual 

judgement of one’s performance, one’s confidence to execute a particular task is also 

involved (Pintrich, 1999). Thus, in an educational setting, self-efficacy could be 

defined as what students thought of their abilities and how confident of success they 

are in a particular subject. Self-efficacy is a subject-specific matter, with no single self-

efficacy scale being applicable across all subjects. Bandura (2006) advised that a 

generic form of self-efficacy scale would result in a poor fit of the measurement for a 

particular subject. Thus for this research, a specific scale for mathematics self-efficacy 

needed to be designed. 

Students’ beliefs concerning mathematics is a further affective factor influencing 

mathematics performance. Schoenfeld (1992, p.68) defined beliefs related to 

mathematics as “an individual’s understandings and feelings that shape the ways that 

the individual conceptualizes and engages in mathematical behaviour”. Furthermore, 

Op’t Eynde, De Corte, and Verschaffel (2003, p.16) provided a working definition of 

students’ mathematics-related beliefs as “the implicitly or explicitly held subjective 

conceptions students hold to be true that influenced their mathematical learning and 

problem solving”. In this study, students’ beliefs related to mathematics are defined as 

students’ conceptions of the nature of mathematics and students’ conceptions on how 

they learn mathematics.  

Despite students’ beliefs related to mathematics being found to have an influence on 

students’ mathematics performance, it is rarely reported as having a direct effect. 
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Earlier, Schoenfeld (1989) found that students believed that mathematics helped the 

development of logic and allowed for creativity but at the same time, they believed 

memorisation was the best strategy to master mathematics. Garofalo (1989) found that 

students who held the belief that mathematics textbook exercises could be solved only 

by the methods presented in the textbook would not be able to see themselves creating 

their own solution for mathematics problems. Students’ beliefs concerning 

mathematics influenced their decision-making in their approaches to and methods of 

dealing with mathematics tasks (Garofalo, 1989b). Recently, Schommer‐Aikins, 

Duell, and Hutter (2005) reported that students’ beliefs concerning mathematics 

influenced their mathematical problem solving performance; the less students 

believing in quick or fixed learning, the more likely they were to have higher 

achievement in mathematics problem solving tasks. Thus, research indicates that even 

though students’ beliefs concerning mathematics has no direct association with 

mathematics performance, it does influence their practice in learning mathematics, 

which in turn has an impact on their performance. 

Based on these previous studies, the student-level factors selected for analysis of 

students’ mathematics performance in Aceh are: students’ background (gender, 

parents’ occupation and educational level, home possession, and educational 

expectation), students’ attitude, self-efficacy, beliefs related to LOT and HOT, 

students learning activities, types of mathematics questions and learning resources.   

2.5 Conceptual Framework   

From the review of previous studies relating to LOT and HOT, from the research into 

educational effectiveness theory and its emphasis on a multilevel analysis, and factors 

influencing students’ mathematics performance, the conceptual framework for the 

present study is presented. The framework is created by incorporating constructs which 
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represent student-, teacher-and school-level factors examining students’ mathematics 

performance related to LOT and HOT. While there have been many studies 

investigating factors predicting students’ mathematics performance by examining 

school, teacher, and school characteristics, they have often been a single level analysis 

rather than a multilevel analysis, despite the hierarchical nature of the data obtained.  

This present study examines the causal relationships between factors at the student-, 

teacher- and school-level and how they influence students’ mathematics performance 

related to LOT and HOT. The dynamic model of educational effectiveness developed 

by Creemers and Kyriakides (2006) is adapted and modified for this study. Only three 

out of four levels of the original model are used in this study, namely, student-, teacher- 

and school-level. While the context-level is not examined empirically in this study (as 

presented by dash line in Figure 2.2), it will be discussed in relation to the findings of 

this study in the final chapter. The variables or scales in each level have been selected 

for this particular study.  

The conceptual framework in Figure 2.2 illustrates the relationships between student, 

teacher- and school-level factors as well as the interrelationships between factors in 

each level (student and teacher level) in influencing students’ mathematics 

performance related to LOT and HOT. The conceptual framework proposes that 

school-level factors (defined by school demographic), teacher-level factors (defined 

by teacher background, teacher beliefs and classroom practice as perceived by 

teacher), and student-level factor (defined by students’ background, student affective 

factors and classroom practices as perceived by students) have a direct impact on 

students mathematics performance related to LOT and HOT. The conceptual 

framework also implies the interrelationships of factors at single-level (teacher and 

students), as well as the relationships among factors across levels. 
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Note: 1National and regional socio-cultural characteristics and educational systems. 2Types of schools, total enrolment, admission criteria, class size and classification, number of teachers, school 

resources and additional mathematics programme. 3Experience, gender, age, education, professional development, and certification. 4Gender, parents’ occupation and educational level, home 

possession, and educational expectation. 5Classroom practices as perceived by teacher. 6Classroom practices as perceived by student. 

Figure 2.2 Conceptual framework of factors influencing students’ mathematics performance related to LOT and HOT    
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2.6 Summary 

Students’ mathematics performance is an important focus of studies in the area of 

mathematics education. The findings may be useful for educational effectiveness 

involving the improvement of classroom practices and mathematics learning which in 

turn can benefit in advancing students’ mathematics performance. Furthermore, 

advancing mathematics performance related to HOT is also being given attention in 

all countries, as students increasingly need these skills to be able to compete and fit in 

a global society.  

The factors contributing to students’ mathematics performance may be categorised 

into student-, teacher-, school-level factors. In this study, the school-level factors 

include school demographics information; teacher-level factors include background, 

beliefs and classroom practices as perceived by teachers; and the student-level factors 

include background, beliefs, and classroom practices as perceived by students. 

Wherever appropriate, a distinction is made between LOT and HOT so as to ascertain 

a more accurate assessment of these factors’ influences on performance. The nested 

nature of these levels and the possibility of impacts across the levels requires both 

single-level and multilevel analysis. This allows the examination of relationships 

among factors in each level as well as across levels. Therefore, the conceptual 

framework is created to incorporate the explanatory factors associated with students, 

teachers and schools. The research methods employed to examine this conceptual 

framework follows this chapter. 
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Chapter 3 Methods of 

Investigation 

3.1 Introduction  

This chapter outlines the research methods used in this study, including the process of 

obtaining ethics approvals from both the University of Adelaide and the Education 

Department in Indonesia. It also provides the details of the pilot study in Aceh and the 

process of sampling and data collection. There are several scales used within the study 

and the operationalisation and instrumentation of these scales is presented. The 

statistical procedures associated with analyses employed are also discussed, together 

with the validity and reliability issues associated with the instruments. Confirmatory 

factor analysis (CFA), structural equation modelling (SEM), partial least squares 

(PLS) path analysis and hierarchical linear modelling (HLM) are examined. Moreover, 

the process of validation of the scales of measurement, using CFA and Rasch analysis, 

are discussed.  

3.2 Methods Employed in this Study 

The methods chosen for this study derive from the framework and research questions. 

The design of this study is fundamentally cross-sectional, with data collection being 

conducted at one point in time but with an underlying longitudinal purpose. A cross-

sectional study design provides the best range of descriptive results within a short time 

at a relatively low cost and also allows the researcher to obtain data concerning causal 

processes and to examine a hypothesised causal model (De Vaus & de Vaus, 2001). A 

quantitative research method is necessarily employed in this study. Bryman (2012, 
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p.160) described a quantitative method as “entailing the collection of numerical data 

as exhibiting a view of relationship between theory and research as deductive and a 

prediction for a natural science approach”. The numerical data is obtained through 

compiling questionnaires to schools, teachers and students, as well as a mathematics 

test for students to assess performance. The questionnaires were used to enable the 

researcher to obtain a description of trends in a population by investigating a sample 

of the population (Creswell, 2013).  

3.3 Ethics Approval  

Ethics approval was required before the data collection could take place. Approval was 

sought from the University of Adelaide, Indonesia requiring no further ethics approval. 

However, it was necessary to seek permission from the Department of Education and 

Culture as well as from the Department of Religious Affairs of Republic Indonesia in 

the province of Aceh to conduct the study. The application for approval of the ethics 

was submitted to the Research and Ethics Committee (UAHREC) at Adelaide 

University and approved on 21 May 2013 (project number HP-2013-034, refer to 

Appendix A). The approvals from the Aceh Department of Education and Culture and 

from the Department of Religious Affairs of Republic Indonesia were obtained a 

month later (refer to Appendix B).  

3.4 Sampling and Data Collection 

3.4.1. Population 

The study is conducted in the province of Aceh, located in the far west of Sumatra, 

Indonesia. The province consists of 18 districts and five cities, with 567 public junior 

high schools, 113 Islamic public junior high schools, 93 private junior high schools, 

189 private Islamic junior high school and 40 special needs junior high schools. The 
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special needs schools, which do not use the standard curriculum, are excluded from 

the target population of this study.  

3.4.2. Sample and Sampling Method 

The sample of this study is Year 9 students enrolled in 25 schools and their 

mathematics teachers, from both rural and urban areas. The urban area in the study is 

the capital of Aceh, Banda Aceh, where 13 schools were co-opted.  The rural area 

chosen is Aceh Besar, the district area surrounding Banda Aceh, where 12 schools 

were co-opted. The hinterland of Banda Aceh was chosen as the rural area to enable 

the researcher to visit the schools involved throughout the data collection period, 

further distances requiring time and transport. The number of Year 9 students 

participating in this study is 1135 (581 from urban schools and 554 from rural schools) 

with 46 mathematics teachers. The number of female and male students is 

approximately equal (630 female and 505 male) but the number of female and male 

teachers is not (39 female and seven male), as female teachers in this sample 

predominate at this level. The summary of the sample is presented in Table 3.1 (refer 

to Chapter 6 for a more detailed description). 

Table 3.1  

Distribution of the Sample according to Location 
  Frequency  

Total   Urban Rural 

School 13 12 25 

Teacher 23 23 46 

Student 581 554 1135 

A stratified sampling method was used to obtain the appropriate number of schools 

and students in the desired sample. The advantages of stratified sampling is that it 

raised the “accuracy in sample estimate” without raising the cost (Ross, 1978, p. 10). 

Stratified sampling also enables the researcher to have a sample containing a 
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representation of the general population (Bryman, 2012). The stratification variables 

are the type of schools, which has four categories: (a) public school, (b) public Islamic 

school, (c) private school, and (d) private Islamic school; and school location, which 

has two categories: city of Banda Aceh (urban) and district of Aceh Besar (rural).  

In this study, students are nested within teachers, and the teachers are nested within 

the schools. The sampling process is started by randomly selecting the schools in each 

of the strata. Then the mathematics teachers who teach Year 9 in the respective school 

are approached, with their Year 9 students making up the student data set. Usually only 

two mathematics teachers are teaching Year 9 in each school. When there were more 

than two mathematics teachers teaching Year 9 students in one school, one female and 

one male teacher were chosen in order to balance the gender distribution. Where the 

teacher had more than one Year 9 classroom the teacher chose which class would 

participate in the study. All students in the chosen class are included in the study.  

3.4.3. Data Collection 

The data collection period was from July 2013 until mid-October 2013. The initial 

phase of the data collection involved administering the school questionnaire and the 

teacher questionnaire. The second and third phases involved administering the student 

questionnaire and mathematics test to the students. Sometimes, according to school 

flexibility, the test was administered before the questionnaire.  

3.5 The Questionnaires 

This study administered three sets of questionnaires: to the school; to the teachers; and 

to their students. These are included in the appendices (Appendix C to E). 
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3.5.1. School Questionnaire 

The school questionnaire, completed by a school administrator, consists of 14 

questions concerning demographic information: the total enrolment of the schools, the 

number of teachers, school admission criteria, classroom classification, available 

learning resources and also any available extra mathematics programmes at the school. 

No validation of the items in the questionnaire is considered to be needed.  

3.5.2. Teacher Questionnaire 

The teacher questionnaire is self-reported with 17 closed-ended questions. The first 

section contains information relating to gender, qualifications, certification, 

professional development, years of experience, and the use of technology. The second 

section concerns teachers’ beliefs related to the nature of mathematics, mathematics 

learning, and mathematics teaching distinguishing LOT and HOT. LOT characteristics 

are characterised by the use of routine problems, repetitive or mechanistic work, closed 

questions, the use of a teacher-centred approach, and the development of the skills of 

remembering, understanding and applying skills. HOT is characterised by the use of 

non-routine problems, open-ended questions, the use of a student-centred learning 

environment, as well as the development of analysing, evaluating, creating, 

transferring, and reasoning skills involving problem solving and critical thinking. The 

third section of the teacher questionnaire consists of questions related to their 

classroom practices, as well as learning resources in the classroom.  

3.5.3. Student Questionnaire  

The student questionnaire consists of 17 closed-ended questions to provide 

information on student’s gender, socio-economic status (SES) and affective 

dimensions of self-efficacy towards mathematics, attitudes toward mathematics and 
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beliefs concerning mathematics. SES is indicated by the parents’ jobs and education 

and the possession of particular items in the home (e.g. computer, mobile phone, car, 

internet connection, a room of your own, etc.). Judgements of self-efficacy toward 

mathematics are indicated by statements of their self-perceived abilities in doing 

mathematics, whether they like mathematics or not and whether they enjoy learning 

mathematics or not. Attitudes toward mathematics are indicated by statements 

regarding students’ opinions concerning mathematics relating to their daily life, as well 

as views on the necessity of learning mathematics in order to understand other subjects, 

or to enter university, or to obtain a particular job. Beliefs toward mathematics involve 

both LOT and HOT aspects and are indicated by questions regarding students’ beliefs 

towards mathematics such as: ‘mathematics has only one correct answer’, ‘it is best to 

solve mathematics problems individually’, and ‘only advanced students can learn 

mathematics’.  

3.6 Operationalisation and Measurement 

This section presents information on the scales used in school, teacher and student 

questionnaires. 

3.6.1. Variables and Scales used in the School Questionnaire 

The school questionnaire consists of variables related to demographic information, 

namely:  types of schools, total enrolment of the schools, school admission criteria, 

class classification, class size, the number of teachers in the schools, the number of 

teachers with certification, school resources, and any additional mathematics 

programmes. The types of school refers to the category of the school such as public or 

private school (there are four different types of schools included in the study). The 

total enrolment of the schools refers to the total number of the students in the school. 
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School admission criteria refers to the means of selecting students to be admitted in 

the school (such as being a residence in particular area).  

Class size refers to the average numbers of students in the classroom and class 

classification refers to the method of classifying students into the classroom (whether 

students are grouped based on their ability or not). The number of teachers refers to 

the total number of teachers in the school, the total number of mathematics teachers 

and the total of mathematics teacher teaching Year 9. Teacher certification refers to 

the total number of teachers with teaching certification and the total number of 

mathematics teachers with teaching certification.  

Table 3.2  

Development of Items of School Questionnaire and Expressions Used in School 

Measurement Scales 
Variables Items Expression used 

in the category 

and coding 

Sources 

Types of schools  1 Yes (1), No (0) Researcher own 

constructed item 

Total enrolment of the schools  2 Number  Foy, Arora, and 

Stanco (2013) 

School admission criteria   3-5 Yes (1), No (0) Foy et al. (2013) 

Class classification 6-8 Yes (1), No (0) Foy et al. (2013) 

Class size 9 Number  Researcher own 

constructed item 

Number of teachers in the schools 10, 12, 

and 14 

Number As above 

Number of teachers with certification 11 and 

13 

Number As above 

School resources 15-25 Number Foy et al. (2013) 

Additional mathematics programmes 26-29 Yes (1), No (0)  

≤ 2 hours (1) to 

≥4 hours (4) 

Researcher own 

constructed item 

School resources refer to the number of resources (such as mathematics textbook and 

computers for mathematics instruction) that are available at schools. Additional 

mathematics programmes refers to mathematics class after school hours and club as 

‘Mathematics Olympiad Club’ provided in the school and the frequency of the 
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programmes conducted. The development of the items of the school questionnaire, 

including the expression used in each variable, is summarised in Table 3.2.  

3.6.2. Variables and Scales used in the Teacher Questionnaire 

Teachers’ Background  

Teachers’ background variables include experience, gender, age, education, teacher 

professional development and teacher certification. Experience refers to the number of 

teaching years. Gender refers to the sex of the teachers, i.e. male or female. Age refers 

to the age of teachers and education refers to teacher’s highest level of education and 

subject major. Teachers’ professional development refers to the regularity of attending 

professional development programmes for mathematics teachers and the topic of 

professional development training or seminars the teachers attended during the last 

two years. Teacher certification refers to whether or not teachers have passed the 

certification examination. 

Beliefs concerning Mathematics  

Teachers’ beliefs concerning mathematics refers to teachers’ personal knowledge and 

understanding concerning the nature of mathematics, mathematics learning and 

mathematics teaching associated to both LOT and HOT (Furinghetti & Morselli, 2009; 

Goldin et al., 2009; Philipp, 2007). The questions related to beliefs concerning 

mathematics are used to assess teachers’ beliefs concerning both LOT and HOT and 

have three subscales: beliefs concerning the nature of mathematics; beliefs concerning 

mathematics learning; and beliefs concerning mathematics teaching. The questions, 

developed by Perry, Tracey, and Howard (1999) for mathematics generally, were 

adapted. These questions are registering the teachers’ self-reported beliefs. Some of 

the items from Perry et al. (1999) already met the characteristics of LOT or HOT (as 
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previously outlined in Chapter 2). The adapted scale consisted of 34 items with a four-

point Likert response scale: nine items of beliefs concerning the nature of mathematics; 

12 items of beliefs concerning mathematics learning; and 13 items of beliefs 

concerning mathematics teaching. Each statement has four possible responses: 

‘disagree a lot’, ‘disagree a little’, ‘agree a little’ and ‘agree a lot’. The original scale 

used by Perry et al. (1999) employed only three Likert-scale responses: ‘agree’, 

‘undecided’ and ‘disagree’. The modified instrument also allowed for the 

characterisation of statements related to LOT and HOT. 

The scale of beliefs concerning the nature of mathematics was composed with four 

items from the original scale developed by Perry et al. (1999); one item taken from the 

scale of conceptions of mathematics by Crawford, Gordon, Nicholas, and Prosser 

(1998); and four items created for the current study. Five statements relate to HOT and 

four statements relate to LOT. The scale of beliefs concerning mathematics learning 

included five items from Perry et al. (1999); two items taken from Hart (2002); one 

item taken from Peterson, Fennema, Carpenter, and Loef (1989); and three items 

created for the current study. Eight statements relate to HOT and four items relate to 

LOT. The scale of beliefs concerning mathematics teaching included four items from 

Perry et al. (1999);  two items taken from Peterson et al. (1989); two items taken from 

Hart (2002); one item taken from (Zakaria & Musiran, 2010); and four items created 

for the current study. Eight statements relate to HOT and five statements relate to LOT.  

Classroom Practices 

Classroom practices consist of the types of mathematics questions used in classrooms 

and examinations (Martínez et al., 2009); instructional activities for students (Cross, 

2009); teacher engaging students (Franke, Kazemi, & Battey, 2007; Stuart & Thurlow, 

2000); and teaching resources (Kozma, 2003; Remillard, 2005). The scales concerned 
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with classroom practices are adapted from the TIMSS 2011 teacher questionnaire (Foy 

et al., 2013). The scale was modified and employed in this study using the responses 

of a five-point Likert scale: ‘never’, ‘rarely’, ‘sometimes’, ‘usually’, and ‘always’.  

Table 3.3  

Development of Items of Teacher Questionnaire and Expressions Used in Teacher 

Measurement Scales 
Scales Subscales Items Expression used in the 

category and coding 

Sources 

Teachers’ 

background   

  

Experience 1 Year 

Foy et al. (2013) 

Gender 2 Female (1), Male (0) 

Age 3 Year 

Education 4-13 Yes (1), No (0) 

 Teachers’ professional 

development 

14-26 Yes (1), No (0) 

 
Certification exam 27 Yes (1), No (0) Items created for this study 

Teachers’ beliefs 

concerning 

mathematics (TBM) 

Teachers’ beliefs 

concerning nature of 

mathematics (TBNM) 

28-35 

Disagree a lot (1) 

Disagree a little (2) 

Agree a little (3) 

Disagree a lot (4) 

Crawford et al. (1998); 

Perry et al. (1999); four 

items created for this study 

   

Teachers’ beliefs 

concerning 

mathematics learning 

(TBML) 

36-45 Crawford et al. (1998);Hart 

(2002); Perry et al. (1999); 

three items created for this 

study 

   

Teachers’ beliefs 

concerning 

mathematics teaching 

(TBMT) 

46-56 Hart (2002); Perry et al. 

(1999); Peterson et al. 

(1989); Zakaria and 

Musiran (2010); four items 

created for this study 

Classroom practices Types of questions 

used in the classroom 

57-60 

Never (1) 

Rarely (2) 

Sometimes (3) 

Usually (4) 

Always (5) 

 

  

  

 Foy et al. (2013) 

  

 

 

 

  

Types of questions 

used in the exam 

61-65 

  

Instructional activities 

for student (IAS) 

66-75 

Teacher engaging 

students (TES) 

76-81 

Teaching resources 82-85 Not used (0) 

Supplement (1) 

Basis of instruction (2) 

The types of mathematics questions used in the classroom refers to the frequency of 

teachers using certain types of questions (such as word problems and non-routine 

problems) in mathematics classrooms. The types of mathematics questions used in the 
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examination refers to the frequency with which teachers use certain types of questions. 

Teaching resources refers to the frequency of teachers using certain types of teaching 

resources (such as mathematics textbooks and concrete materials) in the mathematics 

classroom. Instructional activities in the classroom refers to the frequency with which 

teachers ask students to do various activities and teacher engaging students refers to 

the frequency with which teachers attempt to increase students’ interest and 

engagement in their learning. The development of the items of the teacher 

questionnaire, including the expression, used in each measurement scale, is 

summarised in Table 3.3.  

3.6.3. Variables and Scales used in the Student Questionnaire 

Students’ Background 

Students’ background consists of gender, family structure, parents’ occupation, 

parents’ educational level, home possessions and student’s educational expectation.  

Gender refers to the sex of students, i.e. male or female. Family structure refers to the 

family students’ living with. Parents’ occupations refer to the occupation of mother 

and father or guardian. Parents’ educational levels refer to the highest level of 

education held by mother and father. Home possessions refers to two categories: (a) 

several items of educational resources and general possessions in the students’ home; 

and (b) the quantity of (so called) luxury items that are available in the student’s home. 

Students’ educational expectation refers to the highest level of education that students 

aspire to achieve. 

Students’ attitude Toward Mathematics 

Students’ attitude toward mathematics refers to students’ evaluation of mathematics 

as a subject, which involves their liking or disliking it (Aiken, 1970; Shrigley et al., 
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1988) and whether it is important or useful (Guay et al., 2010; Pintrich, 1999; Ryan & 

Deci, 2000). In order to assess students’ attitudes toward mathematics, this study uses 

an adaptation of the scale of attitude toward mathematics employed by TIMSS 2011 

(Foy et al., 2013). The original items explicitly aim to measure students’ attitudes 

toward mathematics; therefore it is assumed that the scale meets the purpose of the 

scale required for this study. The adapted instrument includes nine statements relating 

to two subscales of attitude toward mathematics: students’ liking of mathematics (five 

statements) and students’ valuing mathematics (four statements). The original 

instruments use four-point Likert scale responses: ‘agree a lot’, ‘agree a little’, 

‘disagree a little’, and ‘disagree a lot’. The adapted instrument retains four-point Likert 

scale but in the reverse order: ‘disagree a lot’, ‘disagree a little’, ‘agree a little’ and 

‘agree a lot’. The reversing of the responses is made to assist in coding the responses. 

Students’ Self-efficacy toward Mathematics 

Student self-efficacy toward mathematics refers to what students thought of their 

abilities and how confident of success they are in handling mathematics as a subject 

(Bandura, 1986, p. 94; Pintrich, 1999). The students’ self-efficacy toward mathematics 

scale is used to assess their confidence in learning mathematics and their assessment 

of their mathematical ability. The scale is made up of two subscales: confidence (four 

statements) and individual judgement (five statements). The instrument used is 

adapted from the TIMMS 2011 student questionnaire (Foy et al., 2013). The original 

instrument intended the nine items to assess mathematics confidence only and 

classified mathematics confidence as part of student attitudes toward mathematics. In 

this study the scale fits the description of self-efficacy, which also involves a 

judgement of one’s own ability. The original instruments uses a four-point Likert scale 

responses: ‘agree a lot’, ‘agree a little’, ‘disagree a little’, and ‘disagree a lot’. The 



  

63 

 

adapted instrument also uses four-points Likert scale responses but in the reverse 

order: ‘disagree a lot’, ‘disagree a little’, ‘agree a little’ and ‘agree a lot’. The reversing 

of the responses is made to assist in coding the responses.  

Students’ Beliefs concerning Mathematics 

Students’ beliefs concerning mathematics refers to students’ understanding of the 

nature of mathematics (Schoenfeld, 1992, p.68) and students’ conceptions on how they 

can learn mathematics (Op’t Eynde et al., 2003) in relation to LOT and HOT. This 

scale aims to assess the tendency in which students’ beliefs concerning mathematics 

are related primarily LOT or HOT. As no previous scale was available fitting the focus 

on LOT and HOT as in this research, these items include statements associated with 

the nature of mathematics and mathematics learning and was formed by selecting items 

from beliefs related to the nature of mathematics and mathematics learning employed 

by previous researchers (Kloosterman, 2002; Op't Eynde & De Corte, 2003; Presmeg, 

2002; Schoenfeld, 1992; A.G Thompson, 1992). The scale consists of 14 statements 

related to the nature of mathematics and mathematics learning which have two 

subscales: beliefs concerning mathematics related to LOT and beliefs concerning 

mathematics related to HOT. The scale uses a four-point Likert scale response: 

‘disagree a lot’, ‘disagree a little’, ‘agree a little’ and ‘agree a lot’.  

Students’ Learning Activities 

The scale of students’ learning activities refers to students’ engagement in learning 

activities in the mathematics classroom (Cross, 2009; Franke et al., 2007; Stuart & 

Thurlow, 2000).  It provides a link with the teacher scale of instructional approaches. 

It also provides a comparison between how students perceive their engagement in 

learning and how teachers perceive their engagement in the classroom. The instrument 

is adapted from TIMSS 2011 teacher questionnaire (Foy et al., 2013), using its 
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statements of teacher instructional approaches. It consists of eight statements which 

are then classified into two subscales of student learning activities related to LOT and 

student learning activities related to HOT. However, the student learning activity scale 

responses are simplified to a three-point Likert scale: ‘never or almost never’, 

‘sometimes’ and ‘always or almost always’. The development of the items of the 

student questionnaire, including the expression used in each measurement scale, is 

summarised in Table 3.4. 

Table 3.4  

Development of Items of Student Questionnaire and Expressions Used in the Student 

Measurement Scales 
Scales Subscales Items Expression used in 

the category and 

coding 

Sources 

Student's 

background 

Gender 1 Yes (1), No (0) Foy et al. (2013) 

Family structure 2-7 

Mother's job 8 

Mother's education 9-16 

Father's job 17 

Father's education 18-25 

Home possessions 26-43 

Educational expectation 44-49 

Students’ attitude 

toward mathematics 

(SAM) 

Liking mathematics 48-54 Disagree a lot (1) 

Disagree a little (2) 

Agree a little (3) 

Disagree a lot (4) 

Foy et al. (2013) 

Valuing mathematics 55-59 

Students’ self-

efficacy toward 

mathematics (SSM) 

Mathematics 

confidence 

60, 63, 

65-67 

As above Foy et al. (2013) 

Individual judgement of 

mathematics ability 

61-62, 

64, 68 

Student beliefs 

concerning 

mathematics (SBM) 

Students’ beliefs 

concerning mathematics 

related to LOT and  

Students’ beliefs 

concerning mathematics 

related to LOT  

69-82 As above 

 

Kloosterman (2002); 

Op’t Eynde et al. 

(2003); Presmeg 

(2002); Schoenfeld 

(1992); A.G Thompson 

(1992) 

Types of questions 

used in the 

classroom 

  83-86 Never or almost 

never (0) 

Sometimes (1) 

Always or almost 

always (3) 

Foy et al. (2013) 

  

Learning resources  87-90 As above Foy et al. (2013) 

Learning activity   91-98 As above Foy et al. (2013) 
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3.6.4. The Mathematics Test 

The mathematics test is employed to examine the students’ performance related to 

LOT and HOT, consisting of eight questions. The test questions combine items for 

Grade 8, adapted from both TIMSS and PISA. Two items are adapted from TIMSS 

1999 (IEA, 2001), one item from TIMSS 2003 (IEA, 2005), one item from TIMSS 

2007 (IEA, 2009), two items from TIMSS 2011 (IEA, 2013) and two items from PISA 

released items (OECD, 2006). As Indonesia has been participating in TIMSS and PISA 

testing, it was decided that collating items from these tests would provide a valid 

assessment. The choice of questions taken from each original instrument is based on 

the task level (lower or higher order) and on the content areas covered in the curriculum 

by Year 9 students in Aceh, Indonesia at the time of data collection. The classification 

of the test items as LOT or HOT was according to Bloom’s revised taxonomy 

(Krathwohl, 2002) in which remembering, understanding, and applying are 

categorised as LOT and analysing, evaluating and creating are categorised as HOT. 

The lists of the items, the content domain and the cognitive domain are given in 

Appendix F and G.  

3.7 The Pilot Study  

In order to ensure that the instruments are functional a pilot study was conducted. The 

pilot study provided the content validity of the instrument and also exposed any 

problems with the questions, format and scales (Creswell, 2013). Such a study is 

especially important when self-administered questionnaires are involved, as there is 

no possibility of clearing up any areas of confusion as the forms are filled in by the 

participants (Bryman, 2012). Back-to-back translation from English to Bahasa 

Indonesia was carried out for all the tests and questionnaires used in the study prior to 
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the pilot study. The following section provides detailed information relating to the pilot 

study. 

3.7.1. The School Questionnaire 

The school questionnaire was concerned with demographic information related to the 

schools, with both closed and open-ended questions. Three teachers and one university 

scholar in Aceh provided feedback on the format and content of the school 

questionnaire. Their feedback was then used to improve the questionnaire. 

3.7.2. The Teacher Questionnaire 

The teacher questionnaire consisted of three parts, seeking information about the 

teachers’ backgrounds, their beliefs and classroom practices. Four different schools 

participated in the pilot study and ten mathematics teachers were involved. Two 

schools in the rural area and two schools in the urban area of the Aceh province, 

Indonesia were chosen. These schools were chosen for convenience, as the researcher 

had contacts within these schools. However, in these schools there were few male 

mathematics teachers. The participants were asked to respond to the questionnaires 

and provide feedback on statements or words they found confusing or unclear. They 

were also asked to provide further suggestions for the questionnaires. The feedback 

was then collected and amendments were made to improve the questionnaire.  

3.7.3. The Student Questionnaire 

The initial student questionnaire had 17 questions and was also categorised in three 

parts including students’ backgrounds, beliefs about mathematics and classroom 

practices. After the demographic information, all questions were in a closed-ended 

format using Likert scale responses. There were five scales tested in the questionnaire: 
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‘students liking mathematics’, ‘valuing mathematics’, ‘self-efficacy’, ‘beliefs 

concerning nature of mathematics’, and ‘beliefs concerning mathematics learning’.  

One school was chosen for the pilot study, a public school in the urban area of the 

Aceh province, Indonesia. This school was chosen because of its convenience and 

suitability and was then excluded from the sampling plan for the main study. A class 

of 30 Year 9 students were chosen from this school. Although class was not chosen 

randomly, it did consist of equal numbers of female and male students. It was 

important to discover how long it took the students to fill in the questionnaire and if 

the students had any confusion with questions. On average, students took around 15-

20 minutes to complete the questionnaire.  

The data obtained from the student questionnaire were then keyed in and processed 

into the IBM SPSS 22 which was employed to analyse the data in order to examine 

the consistency and reliability of the items for each scale in the instrument. 

3.7.4. The Mathematics Test 

The student mathematics test consisted of eight problems related to LOT and HOT. 

The student sample for piloting the mathematics test was the same sample as that used 

for piloting the student questionnaire. The pilot study was carried out to ensure that 

the test format and wording were appropriate for Year 9 students. It was also necessary 

to check the time needed, as well as the level of difficulty of the test (whether the test 

was too easy or too difficult for students). It took approximately 35 to 45 minutes for 

students to answer the questions. The results from the pilot study showed that the test 

was adequate for Year 9 students. However, most students were having problems with 

the HOT questions. Before administering the pilot test, the mathematics questions had 

already passed through checks on the content and face validity. One mathematics 
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education university scholar from Indonesia and one mathematics education university 

scholar in Australia participated in the examination of content and face validity. 

Amendments were then made based on the feedback received.  

3.8 General Methodological Considerations 

Several statistical procedures were prepared for use in this study with a range of 

statistical software which was created purposely for each procedure to investigate 

causal relationships between student-, teacher- and school-level factors and student 

mathematics performance related to LOT and HOT. The use of appropriate statistical 

procedures was vital to ensure valid and reliable results. Prior to choosing the 

appropriate analyses for the purpose of this study, there are some general 

methodological issues that have to be considered: (a) missing values, (b) the notion of 

causality and (c) the level of analysis.  

3.8.1. Missing Values 

Despite the great effort to obtain complete datasets, missing values are unavoidable in 

research based on surveys (Kline, 2011). This is for varied reasons, such as: (a) the 

respondents’ failing to provide answers for certain questions (Darmawan, 2003); (b) 

the respondents’ lack of knowledge concerning certain questions; and (c) the 

respondents’ failing to complete the questions due to the length of the questionnaires 

(Vriens & Melton, 2002). Kline (2011) noted that a small number of missing values 

(such as less than 5%) for a single variable of a large sample was not a great concern, 

especially when data loss occurred accidentally or not systematically. There are four 

methods for dealing with the missing values (Vriens & Melton, 2002): 
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(1) The available case method: This analyses only the data available involving a 

list-wise deletion (deleting cases that have missing values on any variable) or 

pair-wise deletion (deleting cases that have missing values on the variables 

involved in a certain analysis). 

(2) The single imputation method: This analyses data after replacing the missing 

values with the mean of each variable based on the cases available. 

(3) The model-based multiple imputation method: This analyses data after 

replacing the missing values with multiple values “obtained by a draw from the 

predictive distribution of the variable” (Vriens & Melton, 2002, p.14). 

The main advantage of the available case method list-wise deletion is its simplicity 

and directness (Hair, Black, Babin, & Anderson, 2014). However, discarding any case 

with any missing values might result in a large decrease in the sample size, causing 

substantial loss of information (Vriens & Melton, 2002) and the pair-wise deletion 

would result in a non-uniform sample size for each variable (Kline, 2011). The single 

imputation method that employed the replacement of missing values by the mean is 

considered superior to the available case method (Vriens & Melton, 2002). This 

method is easily implemented and widely used, the rationale behind it being that the 

mean value is the best single replacement value (Hair et al., 2014). However, it could 

result in the distortion of the underlying distribution of the data, with the variance 

reduced and the distribution being centred more on the mean (Vriens & Melton, 2002). 

Within the literature, the model-based multiple imputation is the most recommended 

and advanced method of managing missing values (J. W. Graham & Coffman, 2012; 

Vriens & Melton, 2002), imputing “the missing value several times by drawing from 

a normal distribution with the estimated mean and variance” (Vriens & Melton, 2002, 

p.14). The major advantages of this method are that it is able to handle both non-
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random and random missing data and provide new complete cases that are more 

representative of the original data and have least bias (Hair et al., 2014). However, this 

method is complex and special software is required except for the expected 

maximisation method (EM) in the IBM SPSS 22 (Hair et al., 2014).  

The single-imputation method of managing missing data is used in this study, as the 

percentage of missing values in the datasets is less than five per cent and is not 

systematic (Hair et al., 2014; Kline, 2011). It is also less complex than the other 

methods. The missing values are replaced by the mean of each variable in this study.  

3.8.2. Notion of Causality 

Causal analysis is widely conducted in the social sciences. Such analysis has 

“increasingly developed consensus on applying the potential outcome model” (Wolf 

& Best, 2015, p. 76). The application of causal analysis leads to a particular inference 

drawn from the survey data called ‘a causal inference’. The notion of causality arises 

when the existence of one event could be a basis to expect the production of another 

(Heise, 1975). Heise (1975, p. 12) provided the guidelines for the application of the 

causality principle in theory construction and the design of research: 

An event C, causes another event, E, if and only if: 

(a) An operator existed which generated E which responds to C, and which 

was organised so the connection between C and E could be analysed into 

a sequence of compatible components with overlapping event fields; 

(b) Occurrences of event C were coordinated with the presence of such an 

operator, such an operator exists within the fields of C; 

(c) When condition (a) and (b) were met, when the operator was isolated from 

the fields of events and other than C, and neither C nor E was present to 

begin with, then occurrences of C invariably started before the beginning 

of an occurrence of E; 

(d) When condition (a) and (b) were met, C implies E; that was, during some 

time interval occurrences of C were always accompanied by occurrences 

of E, though E might be present without C or both events might be absent. 
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Further, Heise (1975) elaborated that condition (a) and (b) were the basis of causality 

where a highly structured situation ought to have existed for the possibility of a 

particular causal relation to be present, and the incidents ought to be synchronised with 

such conditions for the effect to exist.  

Recently, Pearl (2010, p.108) proposed a five-step process of methodological 

principles of causal inference: (a) Define: indicating the target quantity Q as a function 

Q(M) that could be computed from any model M; (b) Assume: expressing the causal 

assumptions in ordinary scientific language and creating a graphical representation of 

the structural part; (c) Identify: finding out whether the target quantity is identifiable; 

(d) Test: determining any testable implication of M and test the necessary implications 

for the identifiability of Q; (e) Estimate: estimating the identifiable target quantity or 

approximating the non-identifiable ones.  

Based on the earlier guidelines provided by Heise (1975) and the five-step process of 

Pearl (2010), it is necessary to set up the outcome variables and any variables to be 

included in a model, hypothesising the possible causal relationships between variables, 

determining how to measure each variable, undertaking the analysis for any possible 

relationships and estimating the outcomes. Furthermore, with the assumption that the 

causal inference requires the precedent event establishing an expectation for the 

second event to happen, in some particular circumstances deleting the impossible or 

non-significant relationship is acceptable. The principles mentioned before are 

reflected in the model building of any causal analysis employed in this study and in 

the model trimming where the elimination of the impossible or non-significant 

relationships is necessary.   
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3.8.3. Level of Analysis 

The data collected in this study includes variables gathered at the student-, teacher- 

and school-level. This data is of a hierarchical nature, with the individual students, the 

professional teachers and the institution of the school. The model of students’ 

mathematics performance of both LOT and HOT skills as the outcome is influenced 

by certain student-, teacher- and school-level variables. A causal relationship may be 

found using a test of statistical significance. However, bringing all three levels of data 

into one dataset may raise some problems and create some bias. Therefore, it is 

necessary to pay attention to the level of analysis of the data.  

Commonly, data from two levels is brought together by aggregating (taking lower 

level data to a higher level) or disaggregating (taking higher level data to a lower level) 

(Snijders & Bosker, 1999). Hox and Roberts (2011, p.4) have stated that both 

aggregating and disaggregating “were flawed because the analysis either ignored the 

different level or treated them inadequately”. Some of the potential problems of the 

aggregation method have been listed by Snijders and Bosker (1999): (a) the shift of 

meaning, where the variables aggregated to the upper meaning could not be directly 

referred to the lower level, instead referring only to the upper-level; (b) the ecological 

fallacy, which was related to the previous problem, where any correlations between 

the upper-level variables could not be used to make any claim about the lower-level; 

(c) the neglect of the original data structure; and (d) the absence of cross-level 

interaction examination. The problems of the disaggregation involved a high increase 

of the number of units, as the number of units at the lower-level were added to the 

number of units brought from upper-level (Snijders & Bosker, 1999). 

The problems resulting from aggregation and disaggregation methods are avoided in 

this study. In order to obtain meaningful estimates and conclusions, the analyses are 
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conducted at each individual level, as well as at the multilevel. This multilevel analysis 

incorporates the three levels of hierarchical data (student, teacher and school) in a 

hierarchical linear modelling (HLM) analysis, using HLM software developed by 

Raudenbush et al. (2004).  

3.9 Statistical Procedure Employed in this Study 

This section discusses the methods of analysis employed in this study. Confirmatory 

factor analysis (CFA) and Rasch measurement are used for the validation of the scales. 

Structural equation modelling (SEM), in particular, the SEM based on partial least 

square (PLS), is used for examining relationships at each level (student and teacher 

level). Hierarchical linear modelling (HLM) analysis is employed to examine variables 

from the three-levels of data. The details of each analysis employed and the statistical 

software used are presented.   

3.9.1. Confirmatory Factor Analysis (CFA) 

Factor analysis is used to examine the relationship between a set of manifest variates 

and a latent variable by calculating the covariance within the set of manifest variates 

to obtain information on the implicit trait (Byrne, 2013; Field, 2013). The main goal 

of factor analysis is to examine the correlations between the observed and underlying 

latent variables (Bollen, 1989) and to reduce the number of initial variables into a 

smaller set of factors without losing much information (Hair et al., 2014). 

Exploratory factor analysis (EFA) is conducted with the assumption that the 

relationship between a set of observed variates and the latent variable is not yet known 

or established and performed to obtain statistical information on how many factors are 

required for the model to best represent the data, where the factors are only named 
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after the analysis has been carried out (Hair et al., 2014). In contrast, the confirmatory 

factor analysis (CFA) is conducted with the assumption that the relationship between 

the set of observed variates and the latent variable has already been established and 

therefore the analysis is carried out to test the hypothesised structure of the relationship 

(Byrne, 2013; Schumacker & Lomax, 2012). In addition, CFA is performed to examine 

how well the constructs were represented by the observed variates (Hair et al., 2014).  

CFA allows relationships to be established between observed variates and latent 

variables (Bollen, 1989). It is used to investigate whether the constructs fitted and 

operated well in the population of the study as well as to provide comparisons of the 

use of constructs across different studies and populations (Harrington, 2008). CFA is 

therefore employed in this study as most sets of items used are adapted from the finding 

of existing research studies and the researcher has already specified the model and the 

number of constructs that can result from a set of observed variates. In this study, CFA 

is performed using the IBM SPSS Amos (Analysis of Moment Structure) 22.  

CFA is used in this study, at the validation stage, to examine the construct validity and 

reliability of each scale. In particular, the model comparison approach is employed, 

where “a researcher specifies a number of alternative a priori models and fits each 

model to the same dataset” (MacCallum, 1995, p. 34). The main purpose of the model 

comparison approach is to examine whether one or several alternative models are 

“more consistent with the data” (MacCallum, 1995, p. 186). Therefore, the scales can 

be structured into several different models, namely: (1) a single-factor model, when 

all the observed variables load onto a single-factor; (2) an N-orthogonal factor model, 

when the observed variables load onto two or more uncorrelated factors; (3) an N-

correlated factor model, when the observed variables load onto two or more correlated 

factors; (4) an hierarchical factor model, when two or more single-factor models reflect 
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a higher order factor; and, (5) a nested factor model, when the observed variables 

reflect both a set of an N-orthogonal factor model as well as a single-factor model. The 

nested factor model is not used in this study as it is not possible to incorporate the 

nested structure in the subsequent analyses of path analysis and hierarchical linear 

modelling analysis. Once the alternative models are tested, the results are then 

evaluated and compared with respect to the goodness-of-fit (details of goodness of fit 

is presented in Appendix H).  

3.9.2. Rasch Measurement 

The Rasch model is used in this study to analyse and scale both the mathematics test 

and attitudinal questionnaire items. It is used in the validation process to examine the 

factor structures of a set of items which have been previously been examined by CFA. 

Rasch analysis complements the CFA in the validation process as it enables further 

data analysis, such as item fit (Masters & Keeves, 1999).  

The Rasch model involves item response theory (IRT), and is a method used widely 

to analyse and scale both test and attitudinal data (Alagumalai & Curtis, 2005). IRT is 

seen as an improvement over classical test theory (CTT) which is based on the true 

score theory where the raw score was the combination of the true score and the 

measurement error (Alagumalai & Curtis, 2005). The major drawbacks of CTT include 

the limited possibility to compare test items and examinees when: (a) different tests 

that investigated the same construct were given to a different cohort of students; (b) 

the ambiguity of the raw score with the limitation of comparing student ability; and (c) 

the dependency of the observed and true score for the test that resulted in the 

fluctuation of a score based on the modification of test difficulty (Alagumalai & Curtis, 

2005). Therefore, CTT is not used in this study.  
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Rasch scaling is seen as a technique to ensure a more rigorous instrument for 

measuring a certain construct (Boone, Staver, & Yale, 2014). The purpose of the Rasch 

model is to: “measure the ability of a person in a domain by testing it against a set of 

items of calibrated difficulty, so that the person’s ability can be placed appropriately 

on the scale” (Stacey & Steinle, 2006, p.77). Furthermore, Bond and Fox (2015) noted 

that the key feature of the Rasch model enabled the examination of the possibility of a 

person with certain ability to solve an item with identified difficulty correctly. Wu and 

Adams (2007) described the Rasch model as a particular IRT model which applies the 

transformation process of a raw score in order to maintain that interval between two 

people was not dependant on the specific items tested. Rasch scaling could then be 

used in the analysis of data using the Rasch model. One of the requirements of a Rasch 

analysis is unidimensionality (Bond & Fox, 2015; Stacey & Steinle, 2006).  

The Rasch model was originally formulated for dichotomous items, while now it also 

includes the rating scale, partial credit, facets models, the Saltus model and the 

unfolding model (Alagumalai & Curtis, 2005). In Rasch modelling, a mathematical 

function is applied to illustrate the probability of a person’s response to an item, as a 

function of that person’s ability level. This probability function is referred to as an 

item characteristic curve (Wu & Adams, 2007). The original Rasch model, involving 

an item characteristics curve for a dichotomous item, was created by Rasch (1960). 

The model is given below by the exponential function: 

𝑝 = 𝑃(𝑋 = 1) =
exp(𝜃−𝛿)

1+exp(𝜃−𝛿)
     [3.1] 

Where,  

P is the probability that the person provides a correct response to an item which 

depends on the person’s ability and the item difficulty; 

X is the success or failure of the item demonstrated by a random variable;  

success is recorded by X=1 and failure is recorded by X=0; 

θ represents the ability of the person on the latent variable scale; and  
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δ represents the item difficulty on the same latent variable scale.  

The Rasch model for polytomous items was later created for the partial credit scale 

(Masters, 1982) and the rating scale (Andrich, 1978) derived from the original equation 

(3.1). Andrich (1978) argued that each threshold of the responses discriminated 

equally for all items in the rating scale model. In this study, the rating scale model is 

employed for examining the questionnaires which use Likert-scale responses such as 

‘strongly disagree’, ‘disagree’, ‘agree’, and ‘strongly agree’. The partial credit model 

is also employed in this study for the mathematics test. The partial credit model is an 

alternative to Andrich’s rating scale model which was developed and was based on the 

difficulty level of the steps in every single item (Masters, 1982). Allowing the steps to 

discriminate in numbers and structure in the partial model result in alternative 

estimates of a person’s ability (Masters, 1982). The mathematics test administered in 

this study does not use a fixed response. Instead, each item has different independent 

steps. Therefore, the partial credit model is used. Both the rating scale and the partial 

credit model employed in this study are carried out using ACER Conquest 2.0 software 

(Wu et al., 2007).  

3.9.3. Structural Equation Modelling (SEM) 

SEM is a form of multivariate analysis which, using the application of statistical 

methods, concurrently examines causal relationships between variables. Grace (2006, 

p.12) defined SEM as “modelling hypotheses with structural equations”, while Byrne 

(2013, p. 3) provided a clearer definition of SEM as “a statistical methodology that 

takes a confirmatory (i.e., hypothesis-testing) approach to the analysis of a structural 

theory bearing on some phenomenon”. SEM combines regression, factor analysis, 

statistical modelling, and model evaluation (and requires the selection of software) 

(Grace, 2006). There are two emphases in SEM: (a) examining causal relationships 
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between variables which are indicated by a series of structural equations (Byrne, 2013; 

Grace, 2006); and (b) the graphic presentation through path analyses of the structural 

relationships which allows a better understanding and conceptualisation of the 

framework tested (Byrne, 2013). The main goals of SEM analysis are to examine a 

theoretical model hypothesised by incorporating both observed variates and 

unobserved variables and to provide a thorough understanding of the relationships 

between the constructs under study (Schumacker & Lomax, 2012).  

While SEM analysis is considered confirmatory, path is exploratory, which means that 

the interrelationships between variables have previously been determined in SEM. 

SEM allows the model to include both latent variables and observed variates (Byrne, 

2013). Latent (or unobserved) variables cannot be measured directly so they are 

measured using a set of observed variates. SEM consists of two sub-models: a 

measurement model and a structural model. A measurement model hypothesises 

relationships between latent variables and observed variates by connecting the scores 

of the observed variates and the latent constructs that they are designed to measure. A 

structural model examines the relationships between the latent variables by estimating 

the extent of one latent variable’s direct or indirect influence on other latent variables  

(Byrne, 2013).  

SEM analysis is conducted and based on the five sequence steps as suggested by 

Schumacker and Lomax (2012): (a) model specification, (b) model identification, (c) 

model estimation, (d) model testing and (e) model modification. Model specification 

is the initial step where the researcher builds the theoretical model based on relevant 

theory and information from previous research. Specifying the relationship between 

variables in the model is also part of model specification. Model identification is the 

expansion of the previous model when the researcher identifies the model on the basis 
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of whether all parameters could be estimated by the sampled data. There are three 

possibilities in model identification: (a) a model could be under-identified when there 

is not sufficient information in the matrix S to estimate one or more parameters; (b) a 

model could be just-identified when there is just sufficient information available in the 

matrix S to estimate all parameters; and (c) a model could be over-identified when 

there is a surplus of information producing more than one way of estimation for a 

parameter or parameters. Model estimation is the middle step where estimating the 

parameters in the model is carried out. This step involves the effort to reduce the 

difference between ∑ and S including unweighted or ordinary least squares (ULS or 

OLS), partial least squares (PLS), generalised least squares (GLS) and maximum 

likelihood (ML). Model testing is a way of examining whether the data fits the model 

and how the sampled data fits the theoretical model specified. The data fit might be 

examined using the general types of fit indices for the whole model as well as the 

individual parameters within the model. Model modification is then the final step, 

where the researcher might need to modify the original model if the model has a poor 

fit. The modification of the model should not only be based on the better fitting model 

but also on the more meaningful model (Schumacker & Lomax, 2012).  

3.9.4. Path Analysis  

Path analysis is a procedure for structural equation modelling (SEM) that examines 

and tests the structural model involving the hypothesised causal modelling of manifest 

variates (Kline, 2011). It was initially developed in 1918 by the American geneticist 

Sewall Wright and the techniques have since been further developed far beyond its 

initial usages (Hoyle, 2012; Kline, 2011). Path analysis involves graphic presentation 

(which is referred to as a path diagram) and a path model (which is referred as to the 

development and estimation of the path coefficients in the model) (Loehlin, 1998). A 
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path model usually consists of circles or ovals for the representation of latent variables 

and rectangles for representing manifest variates (Hair, Hult, Ringle, & Sarstedt, 

2013). Path analysis is performed to examine the strength of the path displayed in the 

path model, the strength of the path being the path coefficient (Hair et al., 2014). The 

model development of path analysis involves three major steps: (a) creating a path 

diagram, (b) identifying the structural model and (c) specifying the measurement 

model.  

Partial Least Square Path Analysis (PLS-PA) 

Partial least squares path analysis (PLS-PA) is a SEM procedure, involving partial 

least squares (PLS) theory to examine causal relationships between variables and 

observed or manifest variates (Hair et al., 2013). PLS was originally created to allow 

theoretical conclusions to be drawn from rich-datasets  (Wold, 2006). The term ‘PLS-

PA analysis’ is also referred to as PLSPATH, PLS path modelling and PLS-SEM. 

However, in this study, PLS-PA is used throughout. PLS-PA employs variance-based 

SEM, for estimating the path coefficients by maximising the variance explained of the 

dependent variables (Hair et al., 2013), as opposed to a covariance-based path analysis 

which operates by maximising the likelihood of a covariance matrix. PLS-PA is 

“primarily used to develop theories in exploratory research” (Hair et al., 2013, p.4). 

Wold (2006) described PLS as a flexible procedure, broadly applicable for the data 

analysis with a diverse set of acceptable data. The data could be nominal, ordinal or 

categorical and have the capacity to work with both large and small sample sizes. PLS-

PA involves predictive logic, meaning that it is able to aim towards maximising 

prediction rather than the maximum likelihood of explanatory power and the 

“statistical accuracy of estimates” (Vinzi, Trinchera, & Amato, 2010, p.48). However, 

PLS-PA does not replace the covariance-based path analysis but rather complements 
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it, with each method compensating for the other’s drawbacks (Hair, Ringle, & Sarstedt, 

2012). The advantages of PLS-PA are not restricted to the normal distribution of the 

data and its capacity to incorporate both formative and reflective variates in the 

measurement models (Chin, 1998b; Hair et al., 2013). PLS-PA also allows the 

inclusion of both predictive and causal models in the analysis, this being one of the 

primary reasons for its use in this study.  

As one of the features of SEM, the path analysis modelling procedure, including PLS-

PA, has two sub-models: the measurement model and the structural model. The 

relationships between each unobserved or latent variable and the corresponding 

observed or manifest variates are accounted for in the measurement model and the 

relationships between unobserved or latent variables are employed in the structural 

model (Vinzi et al., 2010). The structural model is also referred to as the inner-model, 

where a path model is formed by the linear relationships between latent variables and 

the measurement model, also referred to as the outer-model (Lohmöller, 2013).  

The analysis begins with drawing a path diagram consisting of circles or ellipses 

representing the unobserved or latent variables and rectangles representing the 

observed or manifest variates. The relationships between the latent variables in the 

inner model and the latent variables and manifest variates in the outer model are 

represented by one-directional arrows. The outer measurement model may involve 

either: (a) ‘formative measurement’, where the one-directional arrow representing 

influence is coming from the manifest variates to the construct or latent variable; or 

(b) ‘reflective measurement’, where the one-directional arrow representing influence 

is coming from the construct or latent variable to the manifest variates. There are some 

main differences between reflective and formative measurement models. The manifest 

variables are explained by the construct in the reflective model and the construct of the 
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formative model is formed by the manifest variables (Chin, 1998a). Furthermore, the 

manifest variables of the reflective measurement model are interchangeable and the 

elimination of one variable does not change the meaning of the construct. However, 

formative measurement models consist of variables that are not interchangeable and 

the elimination of one variable might change the meaning of the construct (Jarvis, 

MacKenzie, & Podsakoff, 2003).   

The inner structural model is made up of the exogenous and endogenous variables. An 

exogenous variable is a variable that acts as an independent variable with the 

directional arrow coming from the variable. An endogenous variable is a variable that 

acts as either a dependent variable or both as a dependent and independent variable, 

indicating that the variables may have the directional arrows either coming to or to and 

from the variable. The causal influence in a path diagram is usually illustrated from 

the left to the right, starting from the exogenous variables. The requirement of PLS-

PA algorithms is recursive, meaning that a reciprocal or loop relationship between the 

latent variables in the structural model is not acceptable. This influence in the 

relationship operates only in one direction. In the path analyses carried out in this 

study, SmartPLS 3.2.6 (Ringle et al., 2015), is employed.   

Evaluating the Results of PLS-PA 

One of the acknowledged limitations of PLS-PA is the lack of established fit indices. 

According to Henseler and Sarstedt (2013, p.56), “the lack of a global scalar function 

and the consequent lack of global goodness-of-fit measures has long been considered 

a drawback of PLS path modelling”. This absence of a well identified global 

optimisation is the reason why PLS-PA has no global fit indices to examine how well 

the model worked or operated (Vinzi et al., 2010). In fact, PLS-PA operates by 

maximising the variance in order to allow prediction. Thus, the validation of the model 
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is more about the model’s predictive capacity (Vinzi et al., 2010). Vinzi et al. (2010) 

outlined how the validation of PLS-PA is examined in the measurement model, the 

structural model, and the overall model. Consequently, PLS-PA requires three fit 

indices including the communality, the redundancy and the goodness-of-fit (GoF) 

index. Tenenhaus, Amato, and Vinzi (2004) suggested that a global GoF index for 

PLS-PA, which catered for the redundancy and communality, is the equivalent of the 

chi-square test. The GoF index, the geometric mean of the average communality index 

and the average of the R2 value are created to evaluate the operation of both the 

measurement and structural models, as well as the overall power model (Vinzi et al., 

2010). Furthermore, a modified version of GoF, called relative GoF or GoFrel, was also 

developed. The GoFrel is acquired by comparing “the communalities obtained from 

PLS with the communalities obtained from a principal component analysis, and the R2 

values obtained from PLS with the R2 values obtained from a canonical correlation 

analysis” (Henseler & Sarstedt, 2013, p. 571). The values of both GoF and GoFrel range 

from 0 to 1, with a value closer to 1 indicating a good performance of the model. 

However, it is not possible to examine the statistical significance of both values (Vinzi 

et al., 2010).   

Both the GoF and GoFrel have limitations. The GoF is used for the reflective 

measurement model (Henseler & Sarstedt, 2013). While Vinzi et al. (2010) claimed 

that it is also possible to use the GoF for formative measurement by interpreting it 

differently from reflective measurement. Henseler and Sarstedt (2013) suggested not 

to use GoF for formative measurement, explaining that using the formative model is 

not the main purpose of PLS-PA. Another limitation of the GoF is that it might only 

operate for path models with endogenous latent variables (Henseler & Sarstedt, 2013). 

This limitation is overcome by the development of the GoFrel (Vinzi et al., 2010). 
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However, the simulation of data conducted by Henseler and Sarstedt (2013) showed a 

non-successful result for both GoF and GoFrel in distinguishing between the valid and 

non-valid model. Therefore, neither GoF or GoFrel are appropriate indices for 

indicating the strength of a model. However, they might be used for judging how well 

the path model explains the different set of data (Henseler & Sarstedt, 2013).  

In conclusion, while the covariance-based path analysis has global fit indices, it is 

acknowledged that there is no single goodness-of-fit criterion for evaluating the PLS-

PA. As Hair et al. (2013) made clear, the meanings of the term ‘fit’ in the PLS-PA and 

in the covariance-based path analysis are different:  

fit statistics for CB-SEM are derived from the discrepancy between the 

empirical and the model implied (theoretical) covariance matrix, whereas PLS-

SEM focuses on the discrepancy between the observed (in the case of manifest 

variables) or approximated (in the case of latent variables) values of the 

dependent variables and the values predicted by the model in question (Hair et 

al., 2013, p. 96).  

The evaluation as to whether a model is good in PLS-PA is mainly based on measures 

related to the model’s strength to predict or explain. In particular, the evaluations of 

the measurement and structural models are based on a set of nonparametric evaluation 

using techniques such as bootstrapping and blindfolding (Efron & Tibshirani, 1994; 

Hair et al., 2013).  

When conducting a PLS-PA, especially when using SmartPLS 3.2.6 (Ringle et al., 

2015), there are several requirements for evaluating both the measurement and 

structural models. In this research, it is proposed to employ a systematic evaluation of 

the results of PLS-PA in two stages: the evaluation of the measurement model (stage 

1) and the evaluation of the structural model (stage 2). The evaluation of the 

measurement model is divided into the evaluations of reflective and formative 

measurement models. The evaluation of the reflective measurement model involves 
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internal consistency (composite reliability), indicator reliability, convergent validity 

(average variance extracted) and discriminant validity. Convergent validity, 

colinearity among indicators as well as significance and relevance of outer weights are 

all required for the evaluation of the formative measurement model. The assessment 

of structural models involves reporting the coefficients of determination (R2), 

predictive relevance (Q2), size and significance of path coefficients, f2 effect sizes and 

q2 effect sizes. The detailed guidelines for evaluating the PLS-PA measurement and 

structural models, adopted from (Hair, Sarstedt, Ringle, & Mena, 2012), are presented 

in Table 3.5. 

Table 3.5  

Guidelines of Evaluating PLS Path Models (Hair, Sarstedt, et al., 2012) 
Criterion Recommendation and reference 

Outer model evaluation: reflective  

Indicator reliability: The square of a standardised 

indicator’s outer loading that represents how much of the 

variation in an item is explained by the construct 

Standardised indicator loadings ≥ 0.70; or 0.40 

for exploratory studies are acceptable (Hulland, 

1999) 

Internal consistency reliability: One of the reliability 

indicators that is used to indicate the consistency of results 

across items on the same test 

Composite reliability ≥ 0.70; 0.60 is also 

acceptable for exploratory research (Bagozzi & 

Yi, 1988) 

Convergent validity: The extent to which a measure 

correlates positively with alternative measures of the same 

construct 

AVE ≥ 0.50 (Bagozzi & Yi, 1988) 

Discriminant validity (Fornell-Larcker criterion): The 

extent to which a construct is truly distinct from other 

constructs, in terms of how much it correlates with other 

constructs 

The AVE’s for each construct should be higher 

than its squared correlation with any other 

construct  (Fornell & Larcker, 1981) 

Cross loadings The loading of each indicator should be higher 

in the intended construct compared to any other 

construct (Chin, 1998b; Grégoire & Fisher, 

2006)  

Outer model evaluation: formative  

Indicators’ relative contribution to the construct Report indicator weights 

Significance of weights Report t-values, p-values or standard errors 

Multicollinearity: The condition where two or more 

indicators are highly correlated 

VIF < 5; Tolerance > 0.20; Condition index < 

30 (Hair et al., 2014) 

Inner model evaluation  

R2 

 

The acceptable level is based on research 

context   (Hair et al., 2014) 

Effect size f2 0.02 is weak, 0.15 is medium and 0.35 is strong 

effects (Cohen, 1988) 

Path coefficient estimates Provide confidence interval through 

bootstrapping (Chin, 1998b; Henseler, Ringle, 

& Sinkovics, 2009);  

Predictive relevance Q2 and q2: A measure of predictive 

relevance based on the blindfolding technique to accurately 

predict the data points of indicators in reflective 

measurement models of endogenous constructs 

Q2 0.02 is weak, 0.15 is moderate and 0.35 is a 

strong degree of predictive relevance; the 

predictive relevance is obtained by blindfolding 

(Chin, 1998b; Henseler et al., 2009) 
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3.9.5. Hierarchical Linear Modelling (HLM) 

Hierarchical Linear Modelling (HLM) refers to a sophisticated statistical technique 

that allows an analysis of variance for cross-level variables. HLM is defined by two 

characteristics: (a) the structure of the data used for the model is hierarchical, meaning 

that the first level variables are nested within the second level variables and the second 

level variables are nested within the third level variables (in the case of three-level 

hierarchical model); and (b) the framework for the models is considered as a 

hierarchical linear structure (Raudenbush, 1993). HLM particularly fits the structure 

of most educational data which is hierarchical, where students are nested within 

classrooms, and classrooms are nested within schools (Cheung & Keeves, 1990).  

The major advantages of HLM is in addressing the problems caused by the 

disaggregation and aggregation processes. When data is hierarchically structured, the 

most common method applied prior to HLM data analysis was bringing the data into 

a one level structure by disaggregating or aggregating the data (see section 3.8.3). 

However, such a method creates bias and results in serious errors in estimating the 

precision and the meaning of the unit of analysis (Bryk & Raudenbush, 2002). 

Furthermore, such a technique also resulted in some potentially meaningful effects at 

certain levels to be dismissed (Hofmann, 1997). A further advantage of HLM is that it 

provides the partitioning of the variance of the lower level and upper level, resulting 

in more accurate and meaningful estimates (Cheung & Keeves, 1990). HLM is aimed 

at the analysis of data within each hierarchical level, as well as at examining the 

relationships and effects between variables across various levels (Bryk & Raudenbush, 

2002). It enables the examination of how the higher level variables influence the lower 

level outcomes while ensuring the appropriate level of analysis (Hofmann, 1997).  
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HLM analysis involves both the fully unconditional or null model, and the conditional 

model of a two-level, and three-level model (depending on the number of levels of the 

data). A fully unconditional model is the simplest model without any predictors at each 

level, to estimate the available variance in an outcome measured across all levels (Bryk 

& Raudenbush, 2002). The conditional model is the following model, with predictors 

at each level, from the lowest to the highest level, to examine the predictors at each 

level that explains the variability obtained across different levels of the unconditional 

model (Bryk & Raudenbush, 2002).  

In a two-level model, where level-1 is the student level and level-2 is the school level, 

the level-1 model and level-2 model can be shown as the following regression model 

equations: 

Level-1 model 

𝑌𝑖𝑗 = 𝛽0𝑗 + ∑𝛽𝑞𝑗𝑋𝑞𝑖𝑗 + 𝑟𝑖𝑗       [3.3] 

Where, Yij is the outcome for students i in school j , Xqij is the students’ characteristics 

and rij is the random error. βoj is the intercept and βqj is the regression coefficient 

indicating the magnitude of effects between each Xqij and the outcome in school j.  

Level-2 model 

𝛽𝑞𝑗 = 𝜃𝑞0 + ∑𝜃𝑞𝑠𝑊𝑠𝑗 + 𝑢𝑞𝑗       [3.4] 

Where, βqj is the outcome variable, Wsj is the school characteristics and uqj is the 

random error. θq0 is the intercept and θqs is the regression slope indicating the 

magnitude of effects between each Wsj and the outcome βqj.  

HLM fits the structure of data in this present study and is, therefore, employed. The 

analysis is carried out using HLM 6.08 software (Raudenbush et al., 2004).  
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3.10 Validity and Reliability of Instruments 

In order to ensure robust research, the standard of validity and reliability needs to be 

high. Bryman (2012) pointed out that validity is concerned with whether the range of 

indicators created to measure an underlying construct operates with strength to 

examine the intended construct. Validity involves an investigation into whether the 

scores of the instrument could be used to derive meaningful and strong inferences. 

Cronbach (1946, p.475) had argued that a valid test was when “what the test measures 

is determined by the content of the items”.  Later, Messick (1987, p.1) defined validity 

as “an integrated evaluative judgement of the degree to which empirical evidence and 

theoretical rationales support the adequacy and appropriateness and actions based on 

test scores”. In this study, validity involves the strength of a range of items in 

measuring the proposed constructs as indicated by the validity score to assist the 

researcher draw a significant and practical conclusion.  

Validity can be assessed in several ways, including content or face validity, construct 

validity, concurrent or criterion validity, predictive validity and convergent validity. 

Face validity involves using someone’s expertise to check whether the items of the 

instrument measure the proposed construct (Bryman, 2012; Heale & Twycross, 2015). 

The construct validity is assessed by investigating the relationships between the 

constructs under study based on the relevant concepts (Bryman, 2012; Roberts, Priest, 

& Traynor, 2006). Construct validity of the instrument is concerned with the 

meaningful inferences that could be drawn from the validity test score (Heale & 

Twycross, 2015). Criterion validity is assessed by examining the correlations of the 

constructs in the intended instrument with constructs in other instruments that 

examined the same variable (Bryman, 2012; Heale & Twycross, 2015). Criterion 

validity could be assessed in three different ways: (a) convergent validity, indicating 
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that the construct in the intended instrument is highly correlated to the same construct 

in another instrument developed in a different way; (b) divergent validity, indicating 

that the construct in the intended instrument is weakly correlated to the different 

construct in another instrument; and (c) predictive validity, indicating that the 

construct in the intended instrument is highly correlated to a future criterion measure 

(Bryman, 2012; Heale & Twycross, 2015). However, finding the appropriate 

instrument with a matching criterion is a major problem in employing the criterion-

related validity (Darmawan, 2003). Therefore, this study employs two types of validity 

assessment: face and construct validity. The construct validity is conducted using CFA 

and Rasch analysis.  

When referring to reliability, Cronbach (1947, p. 2) argued that it was “a concept 

which could not be directly observed” . Reliability was defined as “the coefficient of 

stability and equivalence, and hypothetical self-correlation” (Cronbach, 1947, p. 5)  

Reliability also relates to the examination of measurement error, namely the random 

error (Guion, 2002). A reliability estimate could be obtained in several ways, including 

internal consistency, stability and equivalence. The internal consistency could be 

examined by item-to-total correlation, split-half reliability, Kuder-Richardson 

coefficient and Cronbach alpha. The split-half reliability was developed by Spearman, 

and was obtained by using two different scores from a single testing by splitting the 

odd and even number items and then correlating the two scores (Cronbach & 

Shavelson, 2004). The Kuder-Richardson coefficient reliability was developed and 

based on Spearman split-half reliability, but was only applicable for an item with a 

zero and one scoring (Cronbach & Shavelson, 2004). Among the four internal 

consistency reliability techniques, Cronbach alpha is the most frequently used and 

reported. The Cronbach alpha is a reformulation of a Kuder-Richardson coefficient 
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that provides an average of all split-half coefficients obtained from any possible split 

of a test (Cronbach, 1951). Despite the wide application of Cronbach alpha, Cronbach 

and Shavelson (2004) stated that Cronbach alpha is not necessarily the best way of 

examining reliability. They emphasised that their current view (in 2004) of the 

Cronbach alpha was “to cover only a small perspective of the range of measurement 

uses for which reliability information was needed and was now seen to fit within a 

much larger system of reliability analysis” (Cronbach & Shavelson, 2004, p. 416). 

Therefore, the Cronbach alpha is not used in this study. This study employs Rasch 

analysis to evaluate the reliability of the instrument. Rasch analysis provides a number 

of reliability indices including person and item reliability, as well as person separation 

and item separation reliability with the value closer to one, making it a more internally 

consistent measure (Boone et al., 2014).  

3.11 Summary 

The focus of this study is to investigate the relationships between student-, teacher-, 

and school-level factors which have an impact on students’ mathematics performance 

related to LOT and HOT. This chapter describes and justifies the research methods 

employed in this study. Three sets of questionnaires (student, teacher and school) and 

a mathematics test for students are developed for investigation. The student and 

teacher questionnaires have been developed to seek information related to students’ or 

teachers’ background, as well as information related to attitudes, beliefs and classroom 

practices. The items in both student and teacher questionnaires are the combination of 

items adapted from previously used scales and items developed specifically for this 

study. The school questionnaire is made up of information related to school 

demographics. All items in the mathematics test are from PISA and TIMSS released 
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items that are chosen and are based on the appropriateness of the items for the purposes 

of the study concerning mathematics performance related to LOT and HOT.  

The pilot study was carried out prior to the actual data collection. The results of the 

pilot study were used to make some amendments to the original questionnaires and 

mathematics test.  

The sample in this study is Year 9 students and mathematics teachers in the province 

of Aceh, Indonesia. Stratified purposive sampling is employed to select 25 schools. 

The schools chosen are from one city representing an urban area and one district 

representing a rural area. The total samples involved in the study are 1135 Year 9 

students, 46 Year 9 mathematics teachers and 25 schools. All sets of the questionnaires 

and mathematics test were translated into Bahasa Indonesia after their final 

development. Back-to-back translation and face validity were carried out for all the 

instruments before the pilot testing. The ethics approval was obtained from the 

University of Adelaide. The approval for conducting the study at the randomly chosen 

schools was also sought from the Department of Education and Culture as well as the 

Department of Religious Affairs in the province of Aceh, Indonesia.  

A number of statistical techniques are employed in this study. The descriptive analysis 

of the data is carried out using the IBM SPSS 22. CFA, using the IBM SPSS Amos 

22, and Rasch analysis, using Conquest 2.0 software (Wu et al., 2007), are employed 

to validate the scales. PLS-PA is undertaken to examine relationships between 

variables at the student and the teacher levels using SmartPLS 3.2.6 (Ringle et al., 

2015). The analysis of the relationship across three levels of data (student, teacher and 

school) is also carried out by employing HLM. The following chapter presents the 
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validation procedures conducted preceding the analysis and examination of the causal 

models that are hypothesised for investigation. 
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Chapter 4 Research Instruments: 

Students 

4.1 Introduction 

This study investigates the student-, teacher- and school-level factors, their 

interrelationships and their impacts on students’ mathematics performance related to 

LOT and HOT. In order to provide accurate estimates for the subsequent analyses, the 

reliability and validity of the instrument measuring each construct needs to be 

established. In this chapter, the validation of the instruments involved in measurement 

are presented. The validation processes are performed using confirmatory factor 

analysis (CFA) and the Rasch analysis.  

CFA is carried out to examine the construct validity and reliability of each scale. It is 

conducted to confirm the factor structure as well as the relationship between the 

observed variable and its respective underlying traits. CFA also enables the 

examination of the unidimensionality of the scales that is required for the Rasch 

analysis (Uher et al., 2008). Rasch analysis is conducted to examine whether the 

structure, which has been previously validated through CFA, fits the Rasch model. The 

internal consistency of the scales is measured by the separation reliability and the 

expected a posteriori/plausible value (EAP/PV) separation reliability of the Rasch 

analysis. The factor structures to be used in the subsequent analyses are then made.  

The student questionnaire is in three parts. Part 1 consists of personal background 

questions seeking information on parents’ occupations and education, home 

possessions and educational expectations. Part 2 consists of questions investigating 

students’ attitudes, values and beliefs concerning mathematics. Part 3 covers students’ 
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views and perceptions related to their mathematics classroom practices, including 

learning resources and the types of mathematical problems used. There are 1135 

students in the data set.  

4.2 Confirmatory Factor Analysis (CFA) 

CFA is conducted in order to confirm the structure of the relationship between the 

observed variable and their underlying traits. It is carried out using the IBM SPSS 

Amos 22. One of the advantages of using this software is the highly developed 

graphical interface for drawing the model. The software is able to perform extensive 

bootstrapping and administered analyses for datasets with missing data through 

employing a special maximum likelihood procedure (Kline, 1998).  

In this study, a model comparison approach is employed to identify the best structure 

of the scales. Several alternative models are tested and the results are compared. Four 

different models are examined through CFA: a one-factor model; an N-orthogonal 

factor model; an N-correlated factors model; and a hierarchical model. The fit for each 

factor model is reported and the factor model that has the best fit is then included in 

further analyses of the measurement model. 

It needs to be noted that the terms ‘latent variable’, ‘construct’ and ‘trait’ are 

interchangeable, as are the terms ‘observed variate’, ‘manifest variate’ and ‘indicator 

variate’. 

4.2.1. Construct validity, reliability and model fit indices 

CFA enables the assessment of the construct validity and reliability of the scales. The 

construct validity includes convergent and discriminant validity. The convergent 

validity is established through various components: (a) the loadings of each observed 
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variable onto its construct; (b) the average variance extracted (AVE) for each 

construct; and (c) the construct reliability. The cut-off value of the factor loadings used 

in this study is 0.32 (Tabachnick & Fidell, 2013). An AVE of 0.50 or greater indicates 

adequate convergent validity (Hair et al., 2014). The construct reliability is indicated 

by the composite reliability, with a value between 0.60 and 0.70 as acceptable and a 

value greater than 0.70 regarded as good reliability (Hair et al., 2014).  

CFA also enables the examination of discriminant validity in a model-comparisons 

approach (Brackett & Mayer, 2003; Darmawan, 2017) involving competing CFA 

models. The measurement model is evaluated on its model fit. Model fit indices may 

be used as criteria for judging the statistical significance and the meaningfulness of the 

parameter estimates of the CFA results. There are several fit indices that are widely 

used: chi square (χ²), root-mean-square error of approximation (RMSEA), 

comparative fit index (CFI), goodness-of-fit-index (GFI), adjusted GFI (AGFI), root-

mean-square residual (RMR), standardised RMR (SRMR), Tucker-Lewis index (TLI), 

normed fit index (NFI), parsimony fit index (PNFI) and Akaike information criterion 

(AIC). The model fit indices are used as guidelines to evaluate whether the model fits 

the observed data. While there are numerous model fit indices, each with its own 

benefits and drawbacks (a detailed description of each model fit index is presented in 

Appendix H), this study will report the chi-square, RMSEA, CFI and PGFI as the 

criteria for model fit (see Hooper, Coughlan, & Mullen, 2008). However, TLI is also 

included in this study because of its power and robustness, as suggested by Iacobucci 

(2010). A summary of model fit indices, the acceptable ranges and the interpretation, 

as devised by Schumacker and Lomax (2012), is presented in Table 4.1.  
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Table 4.1  

Summary of Model Fit Indices, Acceptable Range and Interpretation (Schumacker & 

Lomax, 2012, p.76) 
Model fit indices Acceptable range Interpretation 

χ² Based on the χ² table value Compares the obtain χ² value with tabled value for given 

df 

GFI 0 (no fit) to 1 (perfect fit) Values close to 0.90 or 0.95 indicate a good model fit 

AGFI 0 (no fit) to 1 (perfect fit) Values adjusted for df Value close to 0.90 or 0.95 indicate 

a good model fit 

RMR Depending on the researcher Indicates the closeness of ∑ to S matrices 

SRMR < 0.05 Values less than 0.05 indicate a good model fit 

RMSEA 0.05 to 0.08 Values close to 0.5 to 0.08 indicate close fit 

TLI 0 (no fit) to 1 (perfect fit) Values close to 0.90 or 0.95 indicate a good model fit 

NFI 0 (no fit) to 1 (perfect fit) Values close to 0.90 or 0.95 indicate a good model fit 

PNFI 0 (no fit) to 1 (perfect fit) Compares values in alternative models 

AIC 0 (perfect fit) to positive 

value (poor fit) 

Compares values in alternative models 

4.3 Rasch Analysis 

Rasch analysis is conducted in order to examine whether the structure, which has been 

previously validated in CFA, fits the Rasch model. The Rasch analysis conducted in 

this study is based on the data from 1135 student respondents. ACER Conquest 2.0 

software (Wu et al., 2007) is employed to run the analysis using the rating scale model. 

Rasch analysis has criteria to evaluate the item fit statistics. Infit mean square (INFIT 

MNSQ) and outfit mean square (OUTFIT MNSQ) are the two main criteria used for 

examining the fit of items to the Rasch scale. The INFIT MNSQ assesses whether the 

fit of the respondents is uniform with respect to the item characteristic curve for each 

item (Afrassa, 2005) and with consideration of the item difficulty and person ability 

(Boone et al., 2014). The OUTFIT MNSQ assesses whether the fit of the respondents 

is uniform with the item characteristic curve for each item (Afrassa, 2005) after putting 

more emphasis on extreme cases or outliers (Boone et al., 2014). 

The acceptable ranges of INFIT and OUTFIT MNSQ have been established by several 

researchers. Adams and Khoo (1993) advised a strict cut-off limit for the fit, within 

the range from 0.70 to 1.30. Values which fell outside the acceptable ranges are a sign 
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of misfitting (above 1.3) and redundancy (below 0.7) (Afrassa, 2005). Other 

researchers suggest that the acceptable range is between 0.60 to 1.40 for a Likert scale 

(survey) (Bond & Fox, 2015; Wright & Linacre, 1994). This study adopts the range 

suggested by Bond and Fox (2015), with the acceptable range within 0.60 to 1.40.  

The t-value is also used for examining the item fit, as suggested by Wright and Stone 

(1979) that a misfitting item being recognised when the t-value was greater than 5, 

while Boone et al. (2014) explained that the t-value could be ignored when the INFIT 

or OUTFIT MNSQ fell within the acceptable ranges. In this study, the INFIT and 

OUTFIT MNSQ as well as the t-value will be used to assess the item fit statistics.  

4.4 Student Attitudes towards Mathematics (SAM) Instrument 

The items assessing Student Attitude toward Mathematics (SAM) used in this study 

are adapted from the TIMSS 2011 student questionnaire. SAM consists of nine items, 

each using a four-point Likert-scale response of ‘disagree a lot’, ‘disagree a little’, 

‘agree a little’ and ‘agree a lot’, coding being 1, 2, 3, and 4. Those items that are 

negatively worded are recoded in reverse for the purposes of the analysis.   

Table 4.2  

Student Attitudes towards Mathematics (SAM) Instrument Subscales 
Subscales Item 

label 

Nature of 

statement 

Reverse 

scoring 

Item text 

Liking of 

Mathematics 

(LIKE_MATH) 

ATM_A Positive None I enjoy learning mathematics 

ATM_B Negative ATM_BR I wish I did not have to study mathematics 

ATM_C Negative ATM_CR Mathematics is boring 

ATM_D Positive None I learn many interesting things in mathematics 

ATM_E Positive None I like mathematics 

     

Valuing of 

Mathematics 

(VALUE_MATH) 

SVM_A Positive None I think learning mathematics will help me in 

my daily life 

SVM_B Positive None I need mathematics to learn other school 

subjects 

SVM_C Positive None I need to do well in mathematics to get into 

the university or college of my choice 

SVM_D Positive None I need to do well in mathematics to get the job 

I want 
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The nine items assessing SAM is made up of two subscales and are presented in Table 

4.2. Five items involve Students’ Liking of Mathematics (LIKE_MATH) and four 

items involve Students’ Valuing of Mathematics (VALUE_MATH). Table 4.1 

presents the nine items of the SAM including the subscales, item labels, the nature of 

the items, and item labels after recoding. The wording of the statement is also 

displayed.  

4.4.1. Confirmatory Factor Analysis (CFA) of the SAM 

The CFA for the nine items of the Student Attitude toward Mathematics (SAM) scale 

is undertaken by testing a series of models. The models tested are: a single-factor 

model; a two-orthogonal factors model; a two-correlated factors model; and a two-

hierarchical factors model.  

The first model tested for SAM is a single-factor model involving all nine items 

included in one construct named ‘Student Attitude toward Mathematics’ (SAM) (see 

Figure 4.1). The second model is a two-orthogonal factors model with items classified 

into two uncorrelated constructs (see Figure 4.1). Figure 4.2 shows the models, with 

the two-factor models that are correlated and then error terms that are also correlated. 

The errors of ATM_CR (e3) and ATM_BR (e4) are correlated, as well as the errors of 

SVM_B (e8) and SVM (e9). The correlated errors in this factor analysis is data-driven 

as suggested by modification indices.  
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Figure 4.1 Single-factor model and two-orthogonal factors model of SAM 

 

 

 

Figure 4.2 Two-correlated factors model and two-correlated factors model of SAM 

with two-correlated errors (residual terms) 

The models shown in Figure 4.3 are two-hierarchical factors models. A hierarchical 

model structure involves two or more different factors that are presented to reflect a 

higher order factor (Curtis, 2005). Figure 4.3 shows the two-hierarchical factor model 

and the two-hierarchical factors model with correlated errors of SAM, reflecting the 

scale of SAM as the first or higher order and the subscales of Liking Mathematics and 

Valuing Mathematics as the second order. 
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Figure 4.3 Two-hierarchical factors model and two-hierarchical factors model of 

SAM with two-correlated errors (residual terms)  

The initial stage of evaluating a model involves examining the factor loading for each 

item, defined as the correlation between the original variates and latent variables. In 

this evaluation, the cut-off value for the factor loading is 0.32 (Tabachnick & Fidell, 

2013). The estimated factor loadings of both the single-factor model and the two-factor 

models, including the hierarchical model, are presented in Table 4.3. Based on the 

criteria for evaluating the factor loadings, all items in the single-factor model and the 

two-factor models (including the two-orthogonal factors model, the two-correlated 

factors model, two-correlated factors model with errors correlated, two-hierarchical 

factors model as well as the two-hierarchical factors model with errors correlated) 

satisfy the requirement that all factor loadings exceed or are equal to 0.32. The factor 

loadings of the two-correlated factors model are the same as the loadings of the two-

hierarchical factors model. Furthermore, the factors loadings for the two-correlated 

factors model with errors correlated (e3 and e4; e8 and e9) are the same as the loadings 

of the two-hierarchical factors model with the errors correlated (Figure 4.2 and Figure 

4.3).  

The factor loadings for the two-factor models are better than the loadings for the 

single-factor model. The correlations between the subscales (LIKE_MATH and 
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VALUE_MATH) are moderate in the two-factor model (correlated) and the two-factor 

model (correlated with errors) (0.44 and 0.43 respectively). In addition, the factor 

loading for the subscales (LIKE_MATH and VALUE_MATH) in the two-hierarchical 

factors model and the two-hierarchical factors model (with errors correlated) also fall 

within the acceptable range.  

The next stage of evaluating the model is to examine the model fit based on the fit 

indices. The model fit indices for all models tested in Table 4.2 are presented in Table 

4.3. The model fit for the two-orthogonal factors model is moderate, where the TLI 

value is 0.79 and is close to an acceptable value (a value close to or greater than 0.90 

is acceptable). The CFI value is close to 0.90 which can be considered as acceptable. 

However, the RMSEA value is high (a RMSEA value less than or equal to 0.05 is 

acceptable).  

The single-factor model has the poorest fit (TLI is less than 0.50, CFI is less than 0.70 

and RMSEA is 0.17). The composite reliabilities are acceptable in all models. The 

single-factor model has the best composite reliability despite the fact that it has the 

poorest AVE. The model fit values of the two-correlated factors model and the two-

hierarchical factors model are similar. Both have an acceptable fit value (TLI is close 

to 0.90, CFI is greater than 0.90 and RMSEA is 0.08). The best fitting models are the 

two-correlated and the two-hierarchical factors models with errors correlated (TLI and 

CFI values are greater than 0.9, and RMSEA value is 0.06).  The two-correlated factors 

model is now to be examined in the Rasch analysis.   
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Table 4.3  

Factor Loadings of Items, Average Variance Extracted (AVE) and Composite Reliability (CR) of Single-factor Model and Two-factor Models of 

SAM 

Items Subscales 
Single-factor model 

Two-factor models 

Two-orthogonal  Two-correlated 
Two-correlated (errors 

correlated) 
Two-hierarchical  

Two-hierarchical (errors 

correlated) 

Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR 

ATM_A LIKE_MATH 

  
  

  

  

0.49 0.30 0.79 0.73 0.41 0.77 0.78 0.41 0.71 0.74 0.40 0.76 0.78 0.41 0.71 0.74 0.40 0.76 

ATM_BR 0.69 0.48 0.57 0.44 0.57 0.44 

ATM_CR 0.53 0.57 0.57 0.53 0.57 0.53 

ATM_D 0.57 0.56 0.49 0.57 0.49 0.57 

ATM_E 0.72 0.79 0.73 0.80 0.73 0.80 

SVM_A VALUE_MATH 
  

  

  

0.46 0.47 0.44 0.74 0.49 0.44 0.74 0.47 0.44 0.74 0.49 0.44 0.74 0.47 0.44 0.74 

SVM_B 0.44 0.40 0.42 0.40 0.42 0.40 

SVM_C 0.49 0.84 0.83 0.84 0.83 0.84 

SVM_D 0.48 0.82 0.81 0.82 0.81 0.82 

 

Table 4.4  

Summary of Model Fit Indices for Single-factor Model and Two-factor Models of SAM 
 

Indices 

Single-

factor model 

Two-factor Model 

Single-

factor model 

Two-orthogonal 

Factor Model 

Two-

correlated 

Two-correlated 

(correlated errors) 

Two-hierarchical 

model 

Two-hierarchical model 

(correlated errors) 

Chi-square (χ²) 874.46 325.26 224.21 106.36 224.21 106.36 
Degree of freedom (df) 27 27 26 24 26 24 

χ²/df 32.39 13.90 8.62 4.43 8.62 4.43 

Goodness of Fix Index (GFI) 0.84 0.93 0.96 0.98 0.96 0.98 
Adjusted Goodness of Fix Index (AGFI) 0.74 0.89 0.92 0.96 0.92 0.96 

Parsimony Goodness of Fix Index (PGFI) 0.51 0.57 0.55 0.52 0.55 0.52 
Tucker-Lewis Index (TLI) 0.48 0.79 0.87 0.94 0.87 0.94 

Comparative Fit Index (CFI) 0.69 0.88 0.93 0.97 0.93 0.97 

Root Mean Square Error of 

Approximation (RMSEA) 

0.17 0.11 0.08 

 

0.06 0.08 0.06 
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4.4.2. Rasch Analysis of SAM  

The Rasch analysis is carried out for the multidimensional SAM scale which 

corresponds to the two-correlated factor model, in order to examine to what extent the 

factor structure of the scale as validated in CFA fit the Rasch model. The summary of 

the response model parameter estimates of the scale, including the INFIT and OUTFIT 

MNSQ, confidence interval (CI) and t value, is presented in Table 4.5.  

Table 4.5  

Response Model Parameter Estimates of Two-correlated Factor Model of SAM 
Items 

Estimates Error 

Unweighted Fit Weighted Fit 

N=1135 OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

ATM_A -0.08 0.04 0.79 (0.92, 1.08) -5.2 0.78 (0.91, 1.09) -5.1 

ATM_BR -0.57 0.04 1.19 (0.92, 1.08) 4.3 1.22 (0.91, 1.09) 4.6 

ATM_CR 0.33 0.04 1.15 (0.92, 1.08) 3.5 1.11 (0.91, 1.09) 2.2 

ATM_D             0.16 0.04 0.97 (0.92, 1.08) -0.6 0.98 (0.91, 1.09) -0.5 

ATM_E 0.15 0.08 0.91 (0.92, 1.08) -2.1 0.96 (0.91, 1.09) -0.9 

SVM_A            -0.20 0.04 0.98 (0.92, 1.08) -0.6 1.01 (0.92, 1.08) 0.3 

SVM_B             1.22 0.04 0.94 (0.92, 1.08) -1.5 0.92 (0.91, 1.09) -1.7 

SVM_C               -0.64 0.05 0.94 (0.92, 1.08) -1.5 1.06 (0.92, 1.08) 1.4 

SVM_D            -0.38 0.08 1.02 (0.92, 1.08) 0.4 1.11 (0.92, 1.08) 2.4 

Separation reliability =1,  
Chi-square test of parameter equality = 1351.96 

df = 7 

Significance level = 0.00 

The results of the Rasch analysis of the two-correlated factors model of SAM in Table 

4.5 shows that the INFIT and OUTFIT MNSQ of all items fall within the acceptable 

range between 0.60 and 1.40. While the t-value of ATM_A is slightly greater than 5, 

the weighted fit estimates of the INFIT and OUTFIT MNSQ is within the acceptable 

range. 

The Rasch analysis not only provides the INFIT and OUTFIT MNSQ but also the 

reliability values. There are two reliability values available from Conquest 2.0 

software (Wu et al., 2007) namely, separation reliability and EAP/PV separation 

reliability. The separation reliability reported in this study refers to item separation 

reliability and the EAP/PV reliability refers to person reliability. Person separation 
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indicates how efficiently a set of items is able to separate those persons measured while 

item separation indicates how well a sample of people is able to separate those items 

used in the test (Wright & Stone, 1999). The value of the reliabilities ranges from 0 to 

1, where a value closer to 1 indicates a better separation and a more accurate 

measurement (Wright & Stone, 1999).  

The separation reliabilities for the two-correlated factor models of SAM scale is high, 

the value being 1. While the EAP/PV reliability values for Liking Math subscale and 

Valuing Math subscale are 0.80 and 0.74 respectively, the values are all within the 

satisfactory range of the required benchmark of 0.7 or above (Jähnig, 2013).  

4.4.3. Summary of SAM instrument 

Based on the examination of factor loadings, AVE, composite reliability and model fit 

indices in the CFA, the INFIT and OUTFIT MNSQ and the reliability in the Rasch 

analysis, it is evident that all items in the SAM scale can be retained. The AVE of the 

SAM scale is below 0.50 and is to be reassessed in the subsequent path analysis by 

taking into account the relationships with other scales involved. The two-correlated 

factors model of the SAM scale is used for the subsequent analyses.   

4.5 The Student Self-efficacy towards Mathematics (SSM) 

Instrument 

The Student Self-efficacy towards Mathematics (SSM) instrument is made up of nine 

items, with four of them being negatively worded. The instrument uses the same four-

point Likert scale categories as previously used in this chapter. The items of the SSM 

instrument used in this study are also adapted from the 2011 TIMMS student 

questionnaire. The SSM instrument consists of two subscales: Confidence and 

Individual Judgement. Table 4.6 presents the nine items of SSM including the 
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subscales, item labels, the nature of the items and item labels after recoding. Item texts 

are also displayed. The validation processes of the SSM instrument used in this section 

follow the same argument as for the previous instrument. 

Table 4.6  

Student Self-efficacy towards Mathematics (SSM) Instrument Subscales 
Subscales Item 

label 

Nature of 

statement 

Item label to 

indicate reverse 

scoring 

Item text 

Mathematics 

Confidence 

(MCONF) 

SCM_A Positive None I usually do well in mathematics  

SCM_D Positive None I learn things quickly in mathematics 

SCM_F Positive None I am good at working out difficult 

mathematics problem 

SCM_G Positive None My teacher thinks I can do well in 

mathematics classes with difficult 

materials 

SCM_H Positive None My teacher tells me I am good at 

mathematics 

     

Individual 

Judgement 

(INDI_JUD) 

SCM_B Negative SCM_BR Mathematics is not one of my 

strengths 

SCM_C Negative SCM_CR Mathematics is more difficult  for me 

than for many of my classmates 

SCM_E Negative SCM_ER Mathematics makes me confused and 

nervous 

SCM_I Negative SCM_IR Mathematics is harder for me than any 

other subject 

4.5.1. Confirmatory Factor Analysis (CFA) of SSM 

The model test in the CFA for SSM includes the single-factor model, the two-

orthogonal factors model, the two-correlated factors model and the two-hierarchical 

factors model. All models tested are presented in Figures 4.4, 4.5 and 4.6. All factor 

loadings meeting the requirement of the acceptable ranges (all loadings are greater 

than 0.32). The loadings of SSM in the single-factor model are the poorest, yet still 

meet the requirement of the acceptable loadings (above 0.32). The loadings of the two-

correlated factors model are similar to the loadings of the two-hierarchical factors 

model and the loading of the two-correlated factors models with errors correlated 

(Figure 4.5 and Figure 4.6) are similar to the loadings of the two-hierarchical factors 
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model with errors correlated. Loadings of the two-correlated factors model are the 

most satisfactory.  

 

 

Figure 4.4 Single-factor model and two-orthogonal factors model of SSM 

 

 

Figure 4.5 Two-correlated factors model and two-correlated factors model with 

errors correlated of SSM 
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Figure 4.6 Two-hierarchical factors model and two-hierarchical factors model with 

errors correlated of SSM 

The average variance extracted (AVE) and composite reliability (CR) values for all 

models tested are also recorded in Table 4.7. All models have acceptable composite 

reliability (above 0.7). None of the models reach the AVE value of 0.5 or above, with 

the single-factor model having the lowest AVE. The summary of the loadings, AVE 

and CR values for all models tested is presented in Table 4.7. 

Table 4.8 presents the model fit indices of all models tested for SSM. The two-

orthogonal factors model is the least acceptable (TLI < 0.8, CFI < 0.9 and RMSEA 

>1). The model fit of the two-correlated and two-hierarchical models are the same, 

both have a better fit than the single-factor model (TLI > 0.8, CFI > 0.9 and RMSEA 

< 1). Furthermore, the model fit of the two-correlated and two-hierarchical models 

with errors correlated are similar and both models have the most satisfactory fit (TLI 

> 0.9, CFI > 0.9 and RMSEA < 1). The two-correlated factors models is to examined 

in the Rasch analysis.  
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Table 4.7  

Factor Loadings of Items, Average Variance Extracted (AVE) and Composite Reliability (CR) Values of Single-factor Model and Two-factor 

Models of SSM 

Items Subscales Single-factor model 

Two-factor model 

Two-orthogonal  Two-correlated 
Two-correlated (correlated 

errors) 
Two-hierarchical  

Two-hierarchical 

(correlated errors) 

  Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR 

SCM_A Confidence  

  

  
  

0.52 0.28 0.78 0.52 0.39 0.76 0.53 0.38 0.76 0.55 0.35 0.72 0.53 0.39 0.76 0.55 0.35 0.72 

SCM_D 0.55 0.64 0.68 0.73 0.68 0.73 

SCM_F 0.58 0.65 0.65 0.62 0.65 0.62 

SCM_G 0.41 0.57 0.53 0.38 0.53 0.38 

SCM_H 0.59 0.71 0.69 0.63 0.69 0.63 

SCM_BR Individual 

judgement  

  
  

0.60 0.64 0.43 0.75 0.67 0.42 0.75 0.68 0.43 0.75 0.67 0.43 0.75 0.68 0.43 0.75 

SCM_CR 0.55 0.73 0.71 0.71 0.71 0.71 

SCM_ER 0.52 0.65 0.64 0.64 0.64 0.64 

SCM_IR 0.44 0.59 0.58 0.58 0.58 0.58 

 

Table 4.8  

The Summary of Model Fit Indices for Single-factor Model and Two-factor Models SSM 

 

Indices 

N=1135 

Single-factor 

model 

Two-factor Model 

Two-orthogonal  Two-

correlated 

Two-correlated 

(correlated errors) 

Two-hierarchical 

model 

Two-hierarchical 

(correlated errors) 

Chi-square (χ²) 72.63 381.59 194.20 91.97 194.20 91.97 

Degree of freedom (df) 5 27 26 24 26 24 

χ²/df 14.53 14.13 7.47 3.82 7.47 3.82 

Goodness of Fix Index (GFI) 0.86 0.95 0.97 0.98 0.97 0.98 

Adjusted Goodness of Fix Index (AGFI) 0.77 0.92 0.95 0.97 0.95 0.97 

Parsimony Goodness of Fix Index (PGFI) 0.52 0.52 0.56 0.53 0.56 0.53 

Tucker-Lewis Index (TLI) 0.83 0.75 0.88 0.95 0.88 0.95 

Comparative Fit Index (CFI) 0.94 0.85 0.93 0.95 0.93 0.95 

Root Mean Square Error of Approximation 

(RMSEA) 

0.11 

 

 

0.11 0.08 0.05 0.08 0.05 
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4.5.2. Rasch Analysis of SSM  

The Rasch analysis is carried out for the nine items of the Student Self-efficacy toward 

Mathematics (SSM) scale using the rating scale model. The model examined is the 

multidimensional model of the two-correlated factor model of SSM. The summary of 

the item response parameter estimates of the scale and subscales, including the INFIT 

and OUTFIT MNSQ, is presented in Table 4.9. The INFIT and OUTFIT MNSQ of all 

items are within the acceptable range. One item (SCM_IR) has a t-value above 5. 

However, the INFIT and OUTFIT MNSQ is still within the acceptable range. 

Table 4.9  

Item Response Parameter Estimates of the Two-correlated Factor Models of Student 

Self-efficacy towards Mathematics (SSM) 

Separation Reliability = 0.99 
Chi-square test of parameter equality = 1333.71 

df = 7 

Significance Level = 0.00 

The separation reliability for the two-correlated factors model of SSM is high (0.99). 

The EAP/PV reliabilities of the confidence in mathematics subscale and individual 

judgement subscale are 0.75, and 0.79 respectively. Thus, all the EAP/PV reliability 

values of the scale and subscales are still above the required benchmark of 0.7 (Jähnig, 

2013).  

Items 

N=1135 
Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

SCM_A            -1.06 0.04 0.87 (0.92, 1.08) -3.2 0.87 (0.92, 1.08) -3.4 

SCM_BR            0.14 0.04 0.92 (0.92, 1.08) -2 0.92 (0.92, 1.08) -2 

SCM_CR            0.77 0.04 0.95 (0.92, 1.08) -1.3 0.95 (0.92, 1.08) -1.1 

SCM_D           0.15 0.04 0.98 (0.92, 1.08) -0.4 0.98 (0.92, 1.08) -0.4 

SCM_ER            0.00 0.08 0.83 (0.92, 1.08) -4.2 0.83 (0.92, 1.08) -4.3 

SCM_F           -0.02 0.04 1 (0.92, 1.08) -0.1 0.98 (0.92, 1.08) -0.4 

SCM_G            -0.35 0.04 0.98 (0.92, 1.08) -0.5 0.99 (0.92, 1.08) -0.2 

SCM_H            -0.18 0.04 0.97 (0.92, 1.08) -0.6 0.98 (0.92, 1.08) -0.5 

SCM_IR            0.55 0.07 1.35 (0.91, 1.09) 7.4 1.35 (0.92, 1.08) 7.7 
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4.5.3. Summary of SSM Instrument 

Based on the examination of factor loadings and model fit indices in the CFA, the 

INFIT and OUTFIT MNSQ and the reliability in the Rasch analysis, it is decided that 

all items in the SSM scale are to be retained. The AVE of the scale is reassessed in the 

subsequent path analysis by taking into account its relationship with other scales. The 

model of the SSM scale to be used for further analyses are the two-correlated factors 

model.  

4.6 The Student Beliefs towards Mathematics (SBM) 

Instrument 

Student Beliefs towards Mathematics (SBM) instrument is made up of items assessing 

Beliefs in the nature of mathematics and beliefs in mathematics learning (Kloosterman, 

2002; Op’t Eynde et al., 2003; Presmeg, 2002; Schoenfeld, 1992; A.G Thompson, 

1992). SBM is then further classified into beliefs related to LOT and HOT. Table 4.1 

presents the 14 items assessing SBM including corresponding subscales, item labels, 

the nature of the items, and item labels after recoding. Statements of the items are also 

given. The validation process of the instrument using CFA is similar to the procedure 

previously employed.  
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Table 4.10  

Student Beliefs towards Mathematics (SBM) Instrument Subscales 
Subscales Item label Nature of 

statement 

Item label to 

indicate 

reverse 

scoring 

Item text 

SBM_LOT SBNM_A LOT None Mathematics is just about addition, 

subtraction, multiplication and 

division 

SBNM_B LOT None Mathematics problems should be 

quickly solvable in a few steps 

SBNM_D LOT None In mathematics, a correct answer 

is more important than the way to 

get it 

SBNM_E LOT None All mathematics problems can be 

solved in one way only 

SBNM_F LOT None Mathematics is just a collection of 

rules and formulas 

SBML_A LOT None The way teacher solves 

mathematics problem is the only 

correct way to solve the problem 

SBML_B LOT None Memorising is the most important 

thing in learning mathematics 

SBML_C LOT None I should always follow the 

procedures the teacher taught in 

solving the mathematics problem 

SBML_D LOT None The main goal of doing 

mathematics problems is to obtain 

a correct answer 

SBML_F LOT None I wish my teacher only provided 

me with those problems which I 

am familiar with 

SBML_G LOT None I think my teacher should always 

show how to solve a problem 

before she/he asks me to do the 

task 

     

SBM_HOT SBNM_C HOT None There are several ways to solve a 

mathematics problem 

SBML_E HOT None I usually try to create my own 

solution for mathematics problem 

SBML_H HOT None I like working on a mathematics 

problem where the solution is not 

obvious 

4.6.1. Confirmatory Factor Analysis (CFA) of SBM 

There are two models tested for the SBM instrument: a single-factor model and a two-

orthogonal factors model. It is important to note that there is no n-correlated factors 

model and n-hierarchical factors model presented for the SBM as the correlation 

between the subscales is small (0.21). The models tested are displayed in Figures 4.7.   
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Figure 4.7 Single-factor and two-orthogonal factors models of SBM 

Some items of the single-factor model have poor factor loadings (SBNM_C, SBML_E, 

and SBML_H with a loading less than 0.20). The loading of SBNM_B in the two-

orthogonal factors model is also consistently low (below 0.32). Therefore, SBNM_B 

is excluded from the two-orthogonal factors model. SBNM_C also has low loadings 

(0.29), in the two-orthogonal factors model. However it is decided to retain SBNM_C 

as the subscale has only three items. The summary of the factor loading, AVE and CR, 

for all models is presented in Table 4.11. The composite reliability of the single-factor 

model is acceptable but the AVE is low. The AVE for one subscale in the two-

orthogonal model is higher (0.30) but it is very low for the other subscale (0.14). This 

low AVE may be due to the small number of items included in that particular subscale. 

The model fits statistics for the models tested are presented in Table 4.12. The model 

fit indices also shows that the two-orthogonal factors model has the best fit. The two-

orthogonal model of SBM is to be examined using the Rasch analysis.  
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Table 4.11  

Factor Loadings of Items, Average Variance Extracted (AVE) and Composite 

Reliability (CR) of Single-factor Model, Two-factor Model of SBM 
Items Subscales Single-factor model Two-orthogonal factors model 

  Loading AVE CR Loading AVE CR 

SBNM_A SBM related 

to LOT 

0.38 

0.20 0.72 

0.39 

0.30 0.77 

SBNM_B 0.22 Excluded 

SBNM_D 0.45 0.45 

SBNM_E 0.39 0.40 

SBNM_F 0.46 0.46 

SBML_A 0.66 0.66 

SBML_B 0.61 0.61 

SBML_C 0.69 0.69 

SBML_D 0.66 0.66 

SBML_F 0.33 0.33 

SBML_B 0.33 0.33 

      

SBNM_C SBM related 

to HOT 

0.07 0.29 

0.14 0.32 SBNM_E 0.15 0.46 

SBNM_H 0.01 0.35 

 

Table 4.12  

Summary of Model Fit Indices for Single-factor Model, Two-factor and Three Factor 

Models of SBM 

Indices Single-factor 

model 

Two-orthogonal 

factors model 

Chi-square (χ²) 610.51 497.57 

Degree of freedom (df) 77 65 

χ²/df 7.93 7.66 

Goodness of Fix Index (GFI) 0.92 0.93 

Adjusted Goodness of Fix Index (AGFI) 0.89 0.90 

Parsimony Goodness of Fix Index (PGFI) 0.68 0.67 

Tucker-Lewis Index (TLI) 0.69 0.73 

Comparative Fit Index (CFI) 0.77 0.81 

Root Mean Square Error of Approximation (RMSEA) 0.08 0.08 

4.6.2. Rasch Analysis of SBM Instrument 

Rasch analysis is conducted on the 13 item SBM instrument (SBNM_B has been 

excluded). The two separate models of the SBM scale, corresponding to the two-

orthogonal factors model, is examined. The summary of INFIT and OUTFIT MNSQ 

is presented in Table 4.13 for SBM LOT and Table 4.14 for SBM HOT.   
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Table 4.13  

Response Model Parameter Estimates of SBM_LOT 

Separation Reliability = 1 

Chi-square test of parameter equality = 3735.03 

df = 10 
Significance Level = 0.00 

 

Table 4.14  

Response Model Parameter Estimates of SBM_HOT 

Separation Reliability = 1 

Chi-square test of parameter equality =868.79 

df = 2 
Significance Level = 0.000 

Tables 4.13 and 4.14 show that the INFIT and OUTFIT MNSQ of all items of SBM 

LOT and SBM HOT subscales are within the acceptable range. The reliabilities of the 

subscales involve separation reliability and EAP/PV reliability. The Rasch analysis 

records that the separation reliability for the SBM LOT and SBM HOT are very good 

(all have a reliability of 1). The EAP/PV reliabilities of the subscales are lower 

compared to the separation reliabilities, with the EAP/PV reliability values being 0.74 

(SBM LOT) and 0.30 (SBM HOT). The EAP/PV reliabilities of the SBM LOT is 

within the satisfactory range. However, the EAP/PV reliabilities for the SBM_HOT 

Items 

N=1135 
Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

SBNM_A            0.37 0.03 1.22 0.92, 1.08 5 1.20 0.92, 1.08 5.4 

SBNM_D            0.87 0.03 1.09 0.92, 1.08 2.1 1.08 0.92, 1.08 2.1 

SBNM_E           1.49 0.03 0.92 0.92, 1.08 -1.8 0.97 0.92, 1.08 -1.7 

SBNM_F 0.25 0.03 0.94 0.92, 1.08 -1.3 0.96 0.92, 1.08 -1.4 

SBML_A -0.07 0.03 0.96 0.92, 1.08 -1.0 0.98 0.92, 1.08 -1.0 

SBML_B 0.04 0.03 0.96 0.92, 1.08 -0.9 0.97 0.92, 1.08 -1.3 

SBML_C -0.60 0.03 0.74 0.92, 1.08 -6.7 0.76 0.92, 1.08 -7.0 

SBML_D -0.64 0.03 0.88 0.92, 1.08 -2.9 0.89 0.92, 1.08 -3.0 

SBML_F -0.30 0.03 1.10 0.92, 1.08 2.2 1.10 0.92, 1.08 2.2 

SBML_G -1.33 0.10 1.15 0.92, 1.08 3.5 1.13 0.92, 1.08 3.1 

Items 

N=1135 

Estimates Error Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

SBNM_C           -0.86 0.03 0.84 0.92, 1.08 -3.9 0.85 0.92, 1.08 -3.6 

SBML_E 0.41 0.03 0.92 0.92, 1.08 -1.9 0.92 0.92, 1.08 -2.0 

SBML_H 0.46 0.05 1.16 0.92, 1.08 3.5 1.15 0.92, 1.08 3.4 
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subscale are below the acceptable value of 0.70. This is likely to be as a consequence 

of the small number of items involved in this subscale.  

4.6.3. Summary of SBM 

Based on the examination of factor loadings and model fit indices in the CFA, the 

INFIT and OUTFIT MNSQ and the reliability in the Rasch analysis, the conclusion is 

made to exclude item SBNM_B and that the best model for in the subsequent analyses 

is the two-orthogonal factors model of SBM.  

4.7 Student Learning Activities (SLA) Instrument 

The SLA scale is related to how often students perceive themselves as engaged in 

particular activities during mathematics lessons. The items assessing Student Learning 

Activities used in the study are adapted from the TIMMS 2011 student questionnaire. 

The SLA instruments consist of eight items which are divided into two subscales: SLA 

related to LOT and HOT. The instrument uses a three point Likert-type scale to express 

the frequency: ‘never’, ‘sometimes’, and ‘always or almost never’.  

Table 4.15  

Student Learning Activities (SLA) Instrument Subscales  
Subscales Item 

label 

Nature of 

statement 

Item label to 

indicate reverse 

scoring 

Item text 

SLA 

related to 

LOT 

SLA_A LOT None Listening to the teacher explaining how to 

solve problems 

SLA_B LOT None Memorising formulas 

SLA_C LOT None Working on problems with your classmates 

SLA_D LOT None Using your knowledge from previous 

topics to solve problems 

     

SLA 

related to 

HOT 

SLA_E HOT None Explaining your answer 

SLA_F HOT None Relating what you learn in mathematics to 

your daily life 

SLA_G HOT None Using your own way to solve difficult 

problem 

SLA_H HOT None Working on problems which you cannot 

find the solution to straight away 
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The validation processes of the SLA instrument is undertaken in a similar way to the 

previous instruments in the student questionnaire. The detailed description of the 

instrument, including the item labels, nature of the items and texts of the items, is 

shown in Table 4.15. 

4.7.1. Confirmatory Factor Analysis (CFA) of SLA Instrument 

The models tested for CFA include a single-factor model, a two-orthogonal factors 

model, a two-correlated factors model, and a two-hierarchical factors model. Figures 

4.8 and 4.9 show the models tested and the summary of the loadings is displayed in 

Table 4.16.  

   

Figure 4.8 Single-factor model and two-orthogonal factors models of SLA 

 

 

Figure 4.9 Two-correlated factors and two-hierarchical factors models of SLA 
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Table 4.16 shows that the single-factor model has the poorest factor loading, but only 

one item loading falls outside the acceptable range (SLA_A with a loading of 0.24). 

The loadings of the remaining models are acceptable. The two-correlated factors and 

two-hierarchical factors models have similar loadings and also the most satisfactory 

loadings. The AVE and CR values are also presented in Table 4.16. Both AVE and 

CR for all models are below the acceptable values.  

Table 4.16  

Factor Loading of Items, Average Variance Extracted (AVE) and Composite 

Reliability (CR) of the Single-factor Model and Two-factor Models of SLA 

Items Subscales 
Single-factor model 

Two-factor model 

Two-orthogonal  Two-correlated Two-hierarchical  

Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR 

SLA_A SBM 

related to 
LOT 

0.24 0.34 0.61 0.44 0.19 0.48 0.45 0.19 0.48 0.45 0.19 0.48 

SLA_B 0.40 0.44 0.45 0.45 

SLA_C 0.37 0.47 0.49 0.49 

SLA_D 0.37 0.37 0.33 0.33 

            

SLA_E SBM 

related to 

HOT 

0.49 0.61 0.26 0.57 0.54 0.25 0.57 0.54 0.25 0.57 

SLA_F 0.47 0.61 0.52 0.52 

SLA_G 0.43 0.37 0.45 0.45 

SLA_H 0.46 0.38 0.47 0.47 

 

Table 4.17  

Summary of Model Fit Indices for the Single-factor Model and Two-factor Models of 

SLA 

Indices 
Single-factor 

model 

Two-factor model 

Two-

orthogonal  

Two-

correlated  

Two-

hierarchical  

Chi-square (χ²) 180.12 212.25 118.56 118.56 

Degree of freedom (df) 20 19 19 19 

χ²/df 9.01 6.24 6.24 6.24 

Goodness of Fix Index (GFI) 0.96 0.95 0.97 0.97 

Adjusted Goodness of Fix Index (AGFI) 0.93 0.92 0.95 0.95 

Parsimony Goodness of Fix Index (PGFI) 0.54 0.53 0.51 0.51 

Tucker-Lewis Index (TLI) 0.59 0.51 0.73 0.73 

Comparative Fit Index (CFI) 0.77 0.73 0.86 0.84 

Root Mean Square Error of Approximation 

(RMSEA) 

0.08 0.09 0.07 0.07 

The model fit indices for each model are presented in Table 4.17. As with the factor 

loading assessment, the single-factor model has the least satisfactory fit values (TLI < 
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0.60, CFI < 0.70 and RMSEA > 0.08). The best fitting models are the two-correlated 

factors and two-hierarchical factors models (TLI > 0.70, CFI is close to 0.90 and 

RMSEA is 0.07). While the TLI values of the two models are outside the acceptable 

range, the CFI and RMSEA are within the acceptable range. The two-correlated factors 

model is to be examined in the Rasch analysis.  

4.7.2. Rasch Analysis of SLA Instrument 

A Rasch analysis is conducted for the multidimensional model of the two-correlated 

factors model of SLA. Tables 4.18 shows the summary of the response model 

parameter estimates of the scale, including the INFIT and OUTFIT MNSQ, as well as 

the t values for the two-correlated factors model of SLA scale.  Table 4.18 records the 

response model parameter estimates of SLA as a two-correlated factor model. All 

items have INFIT and OUTFIT MNSQ value which fall within the acceptable range.  

Table 4.18  

Response Model Parameter Estimates of Rating Scale of the Two-correlated Factors 

Model of SLA 

Separation Reliability = 1 
Chi-square test of parameter equality = 2844 

df = 6   

Significance Level = 0.00 

The Rasch analysis records that the separation reliability for the two-correlated factors 

model of SLA is very good, the value is 1. The EAP/PV reliabilities of the subscales 

are lower than the separation reliabilities (0.51 and 0.61 for SLA LOT and SLA HOT 

Items 

N=1135 
Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI   t 

SLA_A            -1.88 0.05 1.06 ( 0.92, 1.08) 1.5 1.09 ( 0.92, 1.10) 1.7 

SLA_B          0.73 0.04 0.96 ( 0.92, 1.08) -0.9 0.97 ( 0.92, 1.08) -0.8 

SLA_C            0.87 0.04 0.81 (0.92, 1.08) -4.9 0.81 (0.92, 1.08) -4.9 

SLA_D            0.27 0.07 1.01 (0.92, 1.08) 0.4 1.02 (0.92, 1.07) 0.5 

SLA_E            -0.64 0.04 0.96 ( 0.92, 1.08) -1 0.96 ( 0.92, 1.08) -1.1 

SLA_F            -0.43 0.04 0.98 (0.92, 1.08) -0.4 0.99 (0.92, 1.08) -0.3 

SLA_G            0.38 0.04 1.03 (0.92, 1.08) 0.8 1.04 (0.92, 1.08) 1 

SLA_H            0.69 0.07 1.06 (0.92, 1.08) 1.5 1.06 (0.92, 1.08) 1.5 
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respectively, below the acceptable range of 0.70). The low EAP/PV reliabilities of the 

subscales is likely to be a consequence of the small number of the items (only four 

items in each scale).  

4.7.3. Summary of SLA Instrument 

Based on the examination of factor loadings and model fit indices in the CFA, the 

INFIT and OUTFIT MNSQ and the reliability in the Rasch analysis, it is concluded 

that the two-correlated factors model is the best model and consequently, this model 

is used in the subsequent analysis. The AVE and composite reliability are reassessed 

in the subsequent path analysis by taking into account the relationships of the scales 

with the other scales involved.  

4.8 Summary 

The validation processes of the four instruments included in the student questionnaire 

are discussed in this chapter: Student Attitudes toward Mathematics (SAM); Student 

Self-efficacy toward Mathematics (SSM); Student Beliefs concerning Mathematics 

(SBM); and Student Learning Activities (SLA). The validation processes are similar 

across all instruments, involving both CFA and Rasch analysis. The results of the 

competing CFA models, together with the INFIT and OUTFIT MNSQ of the Rasch 

analysis, are used to judge how well the models fit the data. The best models are chosen 

for the subsequent analyses. Rasch scale scores are used for the subsequent analysis 

when appropriate. The chosen model from each instrument is summarised as follows: 

1. Student Attitudes toward Mathematics (SAM) 

SAM measures student attitudes toward mathematics. After examining the CFA 

and Rasch analysis results of all alternative models, the two-correlated factors 

model is used for the subsequent analysis. 
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2. Student Self-efficacy toward Mathematics (SSM) 

SSM measures student self-efficacy toward mathematics. The two-correlated 

factors model is used for the subsequent analysis. 

3. Student Beliefs concerning Mathematics (SBM) 

SBM measures student beliefs concerning mathematics. The two-orthogonal 

factors model is used for the subsequent analysis 

4. Student Learning Activities (SLA) 

SLA measures student engagement in the mathematics classroom. The two-

correlated factors model is used for the subsequent analysis 
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Chapter 5 Research Instruments: 

Teacher 

5.1 Introduction 

The validation of the instrument used in the teacher questionnaire is presented in this 

chapter, carried out using the same methods as that done in Chapter 4 for students. The 

teacher questionnaires contain three sections: personal and educational information; 

information related to the teachers’ beliefs: and information about classroom practices. 

The validation is carried out on the basis of the 46 teachers in the data set for the 

subscales in the questionnaire. The first section is not included in the validation process 

as it consists of background information, while the second and third sections are 

concerned with the measurement models related to teachers’ beliefs and classroom 

practices.  

5.2 Teacher Beliefs concerning Mathematics (TBM) 

Instrument 

These scales involving teacher beliefs are self-perceived and self-reported by the 

participants. There are six subscales (as presented in Table 5.1) namely: (a) Teacher 

Beliefs concerning Nature of Mathematics (TBNM) related to HOT; (b) Teacher 

Beliefs concerning Nature of Mathematics (TBNM) related to LOT; (c) Teacher 

Beliefs concerning Mathematics Learning (TBML) related to HOT; (d) Teacher 

Beliefs concerning Mathematics Learning (TBML) related to LOT; (e) Teacher Beliefs 

concerning Mathematics Teaching (TBMT) related to HOT; and (f) Teacher Beliefs 

Concerning Mathematics Teaching (TBMT) related to LOT. Most items related to 
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Teacher Belief toward Mathematics (TBM) are adapted from the questionnaires 

developed by previous researchers.   

TBM is made up of 29 items, including ten items from Perry et al. (1999),  three items 

from Hart (2002), two items from Peterson et al. (1989), one item  from Zakaria and 

Musiran (2010) and one item from Battista (1994). The remaining 13 items are 

specifically developed for this study. As this study is distinguishing LOT and HOT, 

which no known researcher has previously investigated, a new instrument is created 

by using items derived from several previous instruments and matching each item to 

the criteria of LOT or HOT. The responses in the TBM instrument are made on a four-

point Likert-scale: ‘disagree a lot’, ‘disagree a little’, ‘agree a little’ and ‘agree a lot’, 

coding being 1, 2, 3, and 4. All items are positive with respect to the intended 

subscales; therefore the agreement or disagreement of each item indicates agreement 

or disagreement with the corresponding subscales.  

Table 5.1 presents the 29 items associated with the TBM instrument and includes the 

subscales, item label, source of items, original items if the item is reworded and the 

item text.  
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Table 5.1  

Teachers’ Beliefs concerning Mathematics (TBM) Instrument Subscales 
Subscales Item label Source Item text The original text 

TBNM 

related to 

LOT 

TBNM_A Battista (1994) Mathematics is  not a flexible process where accuracy, speed, 

and memory is important 

Mathematics as a rigid system of externally dictated rules 

governed by standards of accuracy, speed, and memory 

TBNM_B Researcher Mathematics is just addition, subtraction, multiplication and 

division 

 

TBNM_C Perry et al. (1999) Mathematics problems given to students should be quickly 

solvable in a few steps 

 

TBNM_F Perry et al. (1999) Right answers are more important in mathematics than the 

ways in which you get them 

 

TBNM_G Researcher Mathematics is about remembering the rules  

TBNM 

related to 

HOT 

TBNM_D Perry et al. (1999) Mathematics is the dynamic searching for order and pattern in 

the learner’s environment 

 

TBNM_E Perry et al. (1999) Mathematics is a creative human endeavour that is both a way 

of knowing and a way of thinking 

Mathematics is a beautiful, creative, useful human 

endeavour that is both a way of knowing and a way of 

thinking 

TBNM_H Researcher Analysis is important in solving mathematics problems  

TBNM_I Researcher Mathematics problems could be solved in various ways  

TBML 

related to 

LOT 

 

 

 

 

TBML_A Researcher Mathematics learning is enhanced by activities which build 

upon students’ thinking skills 

 

TBML_B Perry et al. (1999) Mathematics learning is enhanced by challenges within a 

supportive environment 

 

TBML_C Researcher Students’ critical thinking skills are enhanced when they work 

on an open-ended mathematics problem 

 

TBML_D Researcher Mathematics learning is being able to transfer the skills to a 

new unfamiliar problem 

 

TBML_F (Hart, 2002) A demonstration of good reasoning should be seen as more 

important than a student’s ability to find the correct answer 

 

TBML_G (Hart, 2002) Mathematics learning is enhanced when students are given 

enough opportunities to discover their own solutions 

Students can be creative in solving mathematics problems 

when teachers give them enough time to discover things by 

themselves 

                



  

   

 

1
2
4
 

Table 5.1 (continued) 

Subscales Item label Source Item text The original text 

TBML 

related to 

HOT 

 

 

 

 

TBML_E Researcher Mathematics learning is enhanced by exposing students to 

repetitive routine problems only 

 

TBML_H Perry et al. (1999) Being able to memorise facts is very critical in mathematics 

learning 

 

 

TBML_I Perry et al. (1999) Mathematics learning is being able to get the right answer 

quickly 

 

TBMT 

related to 

LOT 

 

 

 

 

TBMT_E Peterson et al. (1989) Teachers should always demonstrate how to solve simple 

problems before students are allowed to solve problems 

 

TBMT_G Hart (2002) Teachers should teach students the exact procedures for 

solving problem  

Teachers should show students the exact way to 

answer the questions which they will be tested on 

TBMT_H Researcher Mathematics should be taught as a collection of rules, 

procedures and algorithms  

 

TBMT_J Researcher Higher order thinking tasks should not be given to low 

achieving students 

 

TBMT_K Perry et al. (1999) The role of the mathematics teacher is to transmit 

mathematical  knowledge and to verify that learners have 

received this knowledge  

 

TBMT 

related to 

HOT 

 

 

 

 

TBMT_A Perry et al. (1999) Teachers should provide instructional activities which result 

in challenging situations for learners 

 

Teachers should provide instructional activities which 

result in problematic situations for learners 

TBMT_B Perry et al. (1999) Teachers should allow students to work in a cooperative 

learning environment with their peers 

 

Teachers should negotiate social norms with the 

students in order to develop a cooperative learning 

environment in which students can construct their 

knowledge TBMT_C Peterson et al. (1989) Teachers should allow students the opportunity to analyse 

problems before they try to find solutions 

 

TBMT_D Perry et al. (1999) Teachers should not tell students if their answers are correct 

or incorrect. Rather, they should challenge them to explain 

their strategies 

 

 

TBMT_F (Zakaria & Musiran, 

2010) 

Students should be encouraged to justify their solutions and 

reasoning 

 

Students should be encouraged to justify their 

solutions, thinking and conjectures 

TBMT_I Researcher Mathematics should be taught using a combination of 

routine and non-routine problems to develop students’ 

thinking skills 
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5.2.1. Confirmatory Factor Analysis (CFA) of TBM 

There are seven alternative models tested: a single-factor model, a six-orthogonal 

factors model, a four-orthogonal factors model of the TBM and four separate models. 

The separate models include a two-orthogonal factors model of TBM LOT, a two-

correlated factors model of TBM LOT, a two-orthogonal factors model of TBM HOT 

and a two-correlated factors model of TBM HOT.  

 

 

Figure 5.1 Single-factor model of TBM 

A single-factor model, shown in Figure 5.1, is the first model tested with all 29 items 

involved as one construct. The second model examined in Figure 5.2, is the six-

orthogonal factors model breaking the TBM into six subscales: (1) Teacher Beliefs of 

Nature of Mathematics (TBNM) related to HOT, (2) Teacher Beliefs of Nature of 

Mathematics (TBNM) related to LOT, (3) Teacher Beliefs of Mathematics Learning 

(TBML) related to HOT, (4) Teacher Beliefs of Mathematics Learning (TBML) 

related to LOT, (5) Teacher Beliefs of Mathematics Teaching (TBMT) related to HOT, 
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and (6) Teacher beliefs of Mathematics Teaching (TBMT) related to LOT. The third 

model examined, also shown in Figure 5.2, is the four-orthogonal factors model, 

merging the TBNM HOT together with TBML HOT and TBNM LOT with TBML 

LOT. The fourth set of models tested are the separate models, after splitting TBM 

related to LOT and HOT into two separate models with two subscales each. 

 

 

Figure 5.2 Six-orthogonal factors model and four-orthogonal factors model of TBM 

Table 5.2 presents the factor loadings, the average variance extracted (AVE) and the 

composite reliability (CR) values for all items for each model tested and Table 5.3 

presents the model fit indices of all models examined. The evidence presented in Table 

5.2 indicates that the single-factor model has the poorest loadings. Some items are 

outside the acceptance range (below 0.32). The loadings for item TBNM_D is 

consistently low in the first three models examined (less than 0.32), except for the six-

orthogonal factors model (0.5). TBNM_D has an acceptable loading in the model but 

item TBML_E has a loading that exceeds 1, which is not acceptable. Therefore, 

TBNM_D is excluded from the separate models of TBM (see Figure 5.4). 
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Figure 5.3 Separate model: two-orthogonal factors model and two-correlated models 

of TBM related to LOT   

 

 

 

Figure 5.4 Separate model: two-orthogonal and two-correlated factors models of 

TBM related to HOT (TBNM_D is excluded) 

The separate models of TBM LOT and TBM HOT are examined, in Figures 5.3 and 

5.4, because of the poor fit indices of the first three models tested. The breaking of 

TBM into two separate scales of TBM LOT and TBM HOT improve the fit indices. 

The loadings of each item in the separate models of TBM LOT and TBM HOT are 

acceptable (above 0.32). The model fit indices recorded in Table 5.3 indicate that the 

separate two-correlated factors models for TBM LOT and HOT (with the exclusion of 

TBNM_D), with two subscales in each factor, are the best models. These models are 

then examined in the Rasch analysis.  
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Table 5.2  

Factor Loadings, Average of Variance Extracted (AVE) and Composite Reliability (CR) of Items of Single-factor Model, Separate Models, Four-

factor Models, and Six-factor Models of TBM 

Scale Variables Subscales Single-factor model Six-orthogonal factor models 
Four-orthogonal factor 

models 

Two-orthogonal factor 

models 
Two-correlated factor models 

   Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR Loading AVE CR 

TBM TBNM_A TBNM_LOT 0.09 0.20 0.84 0.59 0.34 0.71 0.62 0.29 0.76 0.62 0.29 0.76 0.63 0.29 0.76 

TBNM_B 0.20   0.81 0.67 0.67 0.65 

TBNM_C 0.18   0.44 0.52 0.52 0.55 

TBNM_F 0.21   0.48 0.55 0.55 0.54 

TBNM_G 0.02   0.53 0.46 0.46 0.43 

TBML_E  TBML_LOT 0.12   1.26 0.60 0.75 0.48 0.48 0.49 

TBML_H 0.10   0.27 0.58 0.58 0.59 

TBML_I 0.10   0.36 0.38 0.38 0.41 

TBMT_E  TBMT_LOT 0.26   0.56 0.33 0.71 0.56 0.33 0.70 0.56 0.33 0.70 0.57 0.33 0.70 

TBMT_G 0.39   0.55 0.55 0.55 0.57 

TBMT_H 0.17   0.48 0.48 0.48 0.52 

TBMT_J 0.01   0.66 0.66 0.66 0.63 

TBMT_K 0.04   0.61 0.61 0.61 0.59 

TBNM_D  TBNM_HOT 

 

  
  

  

  
  

  

  
  

  

  
  

  

  
  

  

  
  

  

  

0.23   0.50 0.31 0.61 0.23 0.36 0.84 Excluded 0.34 0.84 Excluded 0.39 0.84 

TBNM_E 0.48   0.35 0.61 0.60 0.53 

TBNM_H 0.58   0.82 0.50 0.49 0.53 

TBNM_I 0.66   0.43 0.54 0.54 0.61 

TBML_A  TBML_HOT 
 

  

0.76   0.79 0.42 0.87 0.84 0.84 0.80 

TBML_B 0.63   0.74 0.69 0.70 0.68 

TBML_C 0.66   0.71 0.65 0.65 0.67 

TBML_D 0.35   0.79 0.37 0.62 0.57 

TBML_F 0.50   0.61 0.62 0.37 0.36 

TBML_G 0.74   0.69 0.71 0.71 0.75 

TBMT_A TBMT_HOT 0.45   0.42 0.39 0.78 0.42 0.39 0.78 0.42 0.39 0.78 0.43 0.39 0.78 

TBMT_C 0.77   0.79 0.79 0.79 0.83 

TBMT_D 0.46   0.37 0.37 0.37 0.35 

TBMT_B 0.74   0.93 0.93 0.93 0.86 

TBMT_F 0.54   0.55 0.55 0.55 0.57 

TBMT_I 0.68   0.50 0.50 0.50 0.55 
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Table 5.3  

Summary of Model Fit Indices for Single-factor Model, Separate Models, Four-factor Models, and Six-factor Models of TBM 

Indices 

Two-orthogonal 

factors of 

TBM_LOT 

Two-correlated 

factors of 

TBM_LOT 

Two-orthogonal 

factors of 

TBM_HOT 

Two-correlated 

factors of 

TBM_HOT 

Single-

factor 

model 

Four-orthogonal 

factors model 

Six-orthogonal 

factor models 

Chi-square (χ²) 98.90 96.82 141.26 112.64 661.63 603.96 633.86 

Degree of freedom (df) 65 64 90 89 377 377 377 

χ²/df 1.52 1.51 1.57 1.26 1.76 1.60 1.68 

Goodness of Fix Index 

(GFI) 

0.73 0.73 0.76 0.77 0.53 0.59 0.58 

Adjusted Goodness of Fix 

Index (AGFI) 

0.62 0.62 0.68 0.70 0.45 0.53 0.52 

Parsimony Goodness of 

Fix Index (PGFI) 

0.52 0.51 0.57 0.58 0.46 0.51 0.50 

Tucker-Lewis Index (TLI) 0.55 0.53 0.68 0.85 0.28 0.43 0.35 

Comparative Fit Index 

(CFI) 

0.66 0.67 0.76 0.89 0.39 0.50 0.44 

Root Mean Square Error of 

Approximation (RMSEA) 

0.11 0.11 0.11 0.08 0.13 0.12 0.12 
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5.2.2. Rasch Analysis of Teacher Beliefs concerning Mathematics 

(TBM) Instrument 

A Rasch analysis of the TBM is conducted for the separate models of two-correlated 

factors model of TBM LOT (TBNMML LOT and TBMT LOT) and two-correlated 

factors model of TBM HOT (TBNMML HOT and TBMT HOT). Table 5.4 records 

the response model parameter estimates of the TBM LOT scale, including the INFIT 

and OUTFIT MNSQ. Table 5.5 records the summary of model parameter estimates of 

the scales for the two-correlated factors model of TBM HOT (TBNMML HOT and 

TBMT HOT).  

Table 5.4  

Response Model Parameter Estimates of Two-correlated Factors Model of TBM 

LOT 

Separation Reliability = 0.94 

Chi-square test of parameter equality = 183.81 

df = 11 
Significance level = 0.00 

Table 5.4 shows that items apart from TBMT_J in the two-correlated factors models 

of TBM LOT are within the acceptable range of INFIT and OUTFIT MNSQ. The 

separation reliability of the two-correlated factors models of TBM LOT is high (0.96). 

However, the EAP/PV separation reliability of the subscales of TBNMML LOT and 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

TBNM A -0.43 0.17 1.23 (0.58, 1.42) 1.1 1.25 ( 0.59, 1.41) 1.2 

TBNM B 1.26 0.18 0.75 (0.59, 1.41) -1.3 0.75 (0.59, 1.41) -1.3 

TBNM C -1.20 0.17 0.61 (0.59, 1.41) -2.1 0.61 (0.62, 1.38) -2.3 

TBNM F 1.01 0.17 1.3 (0.59, 1.41) 1.4 1.3 ( 0.59, 1.41) 1.4 

TBNM G -0.04 0.17 1.2 (0.59, 1.41) 1 1.21 ( 0.59, 1.41) 1 

TBML E 0.05 0.17 0.65 (0.59, 1.41) -1.8 0.66 ( 0.59, 1.41) -1.8 

TBML H 0.88 0.17 0.7 (0.59, 1.41) -1.5 0.7 ( 0.58, 1.42) -1.5 

TBML I -1.54 0.46 1.07 (0.59, 1.41) 0.4 1.08 ( 0.62, 1.38) 0.5 

TBMT E 0.68 0.18 1.03 (0.58, 1.42) 0.2 1.05 ( 0.59, 1.41) 0.3 

TBMT G -0.05 0.17 0.76 (0.59, 1.41) -1.2 0.74 ( 0.61, 1.39) -1.3 

TBMT H -0.03 0.18 1.14 (0.57, 1.43) 0.7 1.09 ( 0.60, 1.40) 0.5 

TBMT J -0.17 0.17 1.53 (0.59, 1.41) 2.3 1.52 ( 0.61, 1.39) 2.3 

 TBMT K -0.43 0.35 0.62 (0.58, 1.42) -2 0.59 ( 0.61, 1.39) -2.4 
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TBMT LOT are slightly below the acceptable value of 0.70 (0.68 and 0.66 

respectively).  

Table 5.5  

Response Model Parameter Estimates of Two-correlated Factors Model of TBM 

HOT 

Separation Reliability = 0.94 
Chi-square test of parameter equality = 198.15 

df = 13 
Significance level = 0.00 

Table 5.5 shows that the majority of the items in the two-correlated factors model of 

TBM HOT fall within the acceptable range of INFIT and OUTFIT MNSQ, with three 

items having INFIT and OUTFIT MNSQ outside the range (TBMT_D, TBMT_A, 

TBMT_F). The separation reliability of two-correlated factors model of TBM HOT is 

high (0.94) and the EAP/PV of the subscales of TBNMML HOT and TBMT HOT are 

satisfactory (0.89 and 0.70 respectively).  

Values presented in Tables 5.4 and 5.5 indicate that the Rasch analysis of the two-

correlated factors model of TBM LOT and TBM HOT are not the best models. As the 

separate model of the two-orthogonal factors models of TBM LOT and TBM HOT are 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

TBNM E -0.18 0.25 0.99 (0.59, 1.41) 0 0.94 (0.59, 1.41) -0.2 

TBNM H -0.06 0.25 1.07 (0.59, 1.41) 0.4 1.21 (0.58, 1.42) 1 

TBNM I -0.81 0.25 0.89 (0.59, 1.41) -0.5 0.9 (0.61, 1.39) -0.4 

TBML A -1.33 0.25 0.54 (0.59, 1.41) -2.6 0.62 (0.61, 1.39) -2.1 

TBML B -0.44 0.25 0.71 (0.59, 1.41) -1.4 0.71 (0.60, 1.40) -1.5 

TBML C -0.27 0.25 0.97 (0.59, 1.41) -0.1 0.98 (0.58, 1.42) 0 

TBML D 1.68 0.24 1.26 (0.59, 1.41) 1.2 1.13 (0.51, 1.49) 0.6 

TBML F 1.46 0.24 1.65 (0.59, 1.41) 2.6 1.50 (0.51, 1.49) 1.8 

TBML G -0.06 0.70 1.02 (0.59, 1.41) 0.2 1.02 (0.58, 1.42) 0.2 

TBMT A 0.52 0.25 1.54 (0.59, 1.41) 2.3 1.54 (0.50, 1.50) 1.9 

TBMT B -0.85 0.25 0.68 (0.59, 1.41) -1.7 0.8 (0.65, 1.35) -1.1 

TBMT C -1.36 0.25 0.67 (0.59, 1.41) -1.7 0.76 (0.68, 1.32) -1.5 

TBMT D 1.14 0.25 1.68 (0.58, 1.42) 2.7 1.54 (0.45, 1.55) 1.7 

TBMT F 0.40 0.25 0.67 (0.59, 1.41) -1.7 0.69 (0.51, 1.49) -1.3 

TBMT I 0.15 0.56 0.67 (0.59, 1.41) -1.7 0.69 (0.54, 1.46) -1.4 
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the second best models according to the CFA results, Rasch analyses are also to be 

conducted for these two models.  

 

Table 5.6  

Response Model Parameter Estimates of Teacher Beliefs concerning Nature of 

Mathematics and Mathematics Learning related to LOT (TBNMML LOT) 

Separation Reliability = 0.96 
Chi-square test of parameter equality = 172.65 

df = 7 

Significance level = 0.00 

Table 5.7  

Response Model Parameter Estimates of Teacher Beliefs concerning Mathematics 

Teaching related to LOT (TBMT LOT) 

Separation Reliability = 0.83 

Chi-square test of parameter equality = 18.23 
df = 4 

Significance level = 0.00 

The results of the two-orthogonal factors models of TBM LOT are presented in Tables 

5.6 (for the TBNMML subscales) and 5.7 (TBMT LOT subscale). The results of the 

two-orthogonal factors models of TBM HOT are presented in Table 5.8 (TBNMML 

HOT subscale) and Table 5.9 (TBMT HOT subscale). The results show that the 

separate models of the two-orthogonal factors of TBM LOT and the two-orthogonal 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

TBNM_A -0.41 0.18 1.37 (0.57, 1.43) 1.6 1.40 ( 0.58, 1.42) 1.8 

TBNM_B 1.36 0.18 0.81 (0.58, 1.42) -0.9 0.81 (0.59, 1.41) -0.9 

TBNM_C -1.23 0.17 0.75 (0.59, 1.41) -1.2 0.76 (0.61, 1.39) -1.3 

TBNM_F 1.05 0.18 1.33 ( 0.59, 1.41) 1.5 1.35 ( 0.59, 1.41) 1.6 

TBNM_G -0.13 0.18 1.30 ( 0.59, 1.41) 1.4 1.29 ( 0.60, 1.40) 1.4 

TBML_E 0.03 0.18 0.71 ( 0.59, 1.41) -1.5 0.72 ( 0.59, 1.41) -1.4 

TBML_H 0.91 0.18 0.78 ( 0.59, 1.41) -1.1 0.78 ( 0.59, 1.41) -1.0 

TBML_I -1.56 0.47 1.10 ( 0.59, 1.41) 0.5 1.11 ( 0.62, 1.38) 0.6 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

TBMT_E 0.74 0.18 1.19 ( 0.58, 1.42) 0.9 1.22 ( 0.60, 1.40) 1.1 

TBMT_G -0.07 0.18 0.94 ( 0.59, 1.41) -0.2 0.93 ( 0.60, 1.40) -0.3 

TBMT_H -0.04 0.18 0.97 ( 0.57, 1.43) -0.1 0.97 ( 0.59, 1.41) -0.1 

TBMT_J -0.19 0.18 1.25 ( 0.59, 1.41) 1.2 1.26 ( 0.60, 1.40) 1.3 

TBMT_K -0.44 0.36 0.90 ( 0.58, 1.42) -0.4 0.81 ( 0.60, 1.40) -1.0 
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factors of TBM HOT have a better fit than the two-correlated factors model. All items 

are within the acceptable range between 0.60 and 1.40. The separation reliabilities for 

the TBNMML_LOT, TBMT_LOT, TBNMML_HOT, TBMT_HOT subscale are high 

(close to 1 except for TBMT LOT which is 0.83). The EAP/PV reliability of the 

subscales are 0.80, 0.73, 0.81 and 0.75 for TBNMML_LOT, TBMT_LOT, 

TBNMML_HOT, and TBMT_HOT respectively. The values are all within a 

satisfactory value of 0.70, as suggested by Jähnig (2013).  

Table 5.8  

Response Model Parameter Estimates of Teacher Beliefs concerning Nature of 

Mathematics and Mathematics Learning related to HOT (TBNMML HOT) 

Separation Reliability = 0.93 

Chi-square test of parameter equality = 92.29 
df = 8  

Significance level = 0.00 

Table 5.9  

Response Model Parameter Estimates of Teacher Beliefs concerning Mathematics 

Teaching related to HOT (TBMT HOT) 

Separation Reliability = 0.92 

Chi-square test of parameter equality = 46.82 
df = 5 

Significance level = 0.00 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

TBNM_E -0.00 0.23 1.01 ( 0.59, 1.41) 0.1 0.92 ( 0.58, 1.42) -0.3 

TBNM_H -0.11 0.23 1.27 ( 0.59, 1.41) 1.2 1.11 ( 0.58, 1.42) 0.6 

TBNM_I -0.54 0.23 1.02 ( 0.59, 1.41) 0.2 1.06 ( 0.60, 1.40) 0.3 

TBML_A -0.99 0.24 0.66 ( 0.59, 1.41) -1.8 0.80 ( 0.62, 1.38) -1.0 

TBML_B -0.55 0.23 0.75 ( 0.59, 1.41) -1.2 0.78 ( 0.60, 1.40) -1.1 

TBML_C -0.29 0.23 0.91 ( 0.59, 1.41) -0.4 0.95 ( 0.58, 1.42) -0.2 

TBML_D 1.44 

 

0.23 1.15 ( 0.59, 1.41) 0.8 1.05 ( 0.55, 1.45) 0.3 

TBML_F 1.14 

 

0.23 1.39 ( 0.59, 1.41) 1.7 1.33 ( 0.55, 1.45) 1.4 

TBML_G -0.11 

 

0.66 0.86 ( 0.59, 1.41) -0.6 0.90 ( 0.58, 1.42) -0.4 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 

CI t INFIT 

MNSQ 

CI t 

TBMT_A 0.38 0.23 1.40 ( 0.59, 1.41) 1.8 1.28 ( 0.47, 1.53) 1.0 

TBMT_C -0.47 

 

0.23 1.01 ( 0.59, 1.41) 0.1 1.09 ( 0.55, 1.45) 0.5 

TBMT_D -1.14 

 

0.23 0.64 ( 0.59, 1.41) -1.9 0.69 ( 0.61, 1.39) -1.7 

TBMT_B 0.88 0.22 1.33 ( 0.58, 1.42) 1.5 1.17 ( 0.47, 1.53) 0.7 

TBMT_F 0.17 0.23 0.65 ( 0.59, 1.41) -1.8 0.63 ( 0.48, 1.52) -1.5 

TBMT_I 0.17 0.51 0.78 ( 0.59, 1.41) -1.0 0.75 ( 0.48, 1.52) -0.9 
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5.2.3. Summary of Teacher Beliefs concerning Mathematics (TBM) 

Instrument 

After examining the results of the CFA and Rasch analysis, one item (TBNM_D) is 

excluded as the loading is below 0.32. It is concluded that the best fitting models are 

the separate models, the two-orthogonal factors model of TBM LOT and the two-

orthogonal factors model of TBM HOT. These are the models used in the subsequent 

analyses.  

5.3 Instructional Activities for Students (IAS) Instrument  

There are 10 items in the Instructional Activities (IAS) instrument, are self-reported 

by the participants. The instrument endeavours to provide a picture of the sorts of task 

the teachers expect their students to participate in while in their classroom. The IAS 

items are adapted from the 2011 TIMSS teacher questionnaire. The responses are 

measured using a five-point Likert scale with the choices being: ‘never’ (1), ‘rarely’ 

(2), ‘sometimes’ (3),  ‘usually’ (4) and ‘always’ (5). All items are positive with respect 

to the intended scale. Table 5.10 presents the IAS items, the item labels and the item 

texts.  

Table 5.10  

Instructional Activities Approach for Students (IAS) Instrument 
Item label Item text 

IAS_A Listen to me explaining how to solve problems 

IAS_B Memorise rules, procedures and facts 

IAS_C Work problems with peers with my guidance 

IAS_D Work problems together in whole class with direct guidance from me 

IAS_E Apply fact, concepts and procedures to solve routine problems 

IAS_F Explain their answer 

IAS_G Relate what they are learning in mathematics to their daily lives 

IAS_H Decide on their own procedures for solving complex problems 

IAS_I Work on problems for which there is no immediate obvious method of 

solution 

IAS_J Take a written test or quiz 
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5.3.1. Confirmatory Factor Analysis (CFA) of IAS Instrument 

The single-factor model and two-factor models are examined. However, only the 

single-factor model is examined in detail as the fit indices for the two-factors model 

are too low for further consideration in the analysis. Figure 5.5 presents the models 

examined. The factor loadings for all items and the model fit indices are recorded in 

Tables 5.11 and 5.12. 

 

 

Figure 5.5 Single-factor model with 10 items and 7 items of the IAS 

Table 5.11  

Factor Loading of Items, Average Variance Extracted (AVE) and Composite 

Reliability (CR) of Single-factor Model of IAS 

Variable 
Single-factor model 10 

items 
Single-factor model 8 items 

 Loading AVE CR Loading AVE CR 

IAS_A 0.19 

0.27 0.75 

deleted 

0.37 0.79 

IAS_B 0.08 deleted 

IAS_C 0.79 0.81 

IAS_D 0.42 0.42 

IAS_E 0.43 0.43 

IAS_F 0.53 0.51 

IAS_G 0.80 0.81 

IAS_H 0.67 0.67 

IAS_I 0.28 deleted 

IAS_J 0.49 0.47 

Table 5.11 records the factor loadings for all items in the IAS instrument. Three items 

have low factor loadings (below the cut-off point of 0.32), namely items IAS_A, 
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IAS_B and IAS_I. The remaining items have acceptable loadings. The single-factor 

model is then re-examined with the exclusion of items A, B and I. In the single-factor 

model with seven items, all factor loadings fall within the acceptable range (above 

0.30). The composite reliability value is acceptable (above 0.70), with the AVE of the 

scale higher but the value is still below 0.50. The summary of the model fit indices for 

the two models is recorded in Table 5.12. The second model shows better fit than that 

of the first model (CFI > 0.9, TLI and GFI is close to 0.9 and RMSEA < 1). The second 

model of IAS with seven items is to be examined in a Rasch analysis. 

Table 5.12  

Summary of Fit Indices for Single-factor Model with 10 Items and 7 Items of IAS 

Indices 
Single-factor 

model 10 items 

Single-factor 

model 7 items 

Chi-square (χ²) 75.79 19.73 

Degree of freedom (df) 35 14 

χ²/df 2.17 1.41 

Goodness of Fix Index (GFI) 0.75 0.89 

Adjusted Goodness of Fix Index (AGFI) 0.61 0.78 

Parsimony Goodness of Fix Index (PGFI) 0.48 0.44 

Tucker-Lewis Index (TLI) 0.39 0.84 

Comparative Fit Index (CFI) 0.61 0.92 

Root Mean Square Error of Approximation (RMSEA) 0.16 0.09 

5.3.2. Rasch Analysis for IAS Instrument 

A Rasch analysis is conducted for the second model of IAS with seven items. Table 

5.13 records the summary of the measurement model parameter estimates of the IAS 

instrument, including INFIT and OUTFIT MNSQ for all items. Table 5.13 presents 

the item analysis of IAS with seven items. All items are just within the acceptable 

range of 0.60 to 1.40 and are accepted. IAS_J is the only item with the INFIT MNSQ 

slightly above 1.40 but as the OUTFIT MNSQ is still within the acceptable range the 

item is retained. The separation reliability for the IAS scale of seven items is high 
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(0.91). While the EAP/PV reliability is lower than  the separation reliability (0.75), it 

is acceptable (above 0.70).  

Table 5.13  

Response Model Parameter Estimates of IAS Instrument for 7 Items of IAS 

Separation Reliability = 0.91 
Chi-square test of parameter equality = 66.02 

df = 6 

Significance level = 0.00 

5.3.3. Summary of IAS Instrument 

Based on the result of the CFA and Rasch analysis, it is concluded that the single-

factor model with seven items is the best model for IAS and therefore three items are 

excluded: IAS_A, IAS_B, and IAS_I. The single-factor model with seven items is 

used for the next stage of the analyses.  

5.4 Teacher Engaging Student (TES) Instrument 

Teacher Engaging Student (TES) is the third scale included in the classroom practice 

section of the teacher questionnaire. The instrument endeavours to provide a picture 

of the methods the teachers use to involve and encourage their students into classroom 

activities. The instrument consists of six items, adapted from the 2011 TIMSS Teacher 

Questionnaire. The responses involve a five-point Likert scale of ‘never’, ‘rarely’, 

‘sometimes’, ‘usually’ and ‘always’. Table 5.14 records the items of the TES 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 
CI t 

INFIT 

MNSQ 
CI t 

IAS_C 0.11 0.15 0.7 (0.59, 1.41) -1.6 0.72 (0.58, 1.42) -1.3 

IAS_D -0.18 0.15 1.40 (0.59, 1.41) 1.9 1.24 (0.58, 1.42) 1.1 

IAS_E 0.07 0.15 1.28 (0.59, 1.41) 1.3 1.18 (0.58, 1.42) 0.8 

IAS_F -0.21 0.15 0.94 (0.59, 1.41) -0.2 1.02 (0.57, 1.43) 0.2 

IAS_G -0.41 0.15 0.92 (0.59, 1.41) -0.3 0.99 (0.57, 1.43) 0 

IAS_H 1.02 0.14 1.13 (0.59, 1.41) 0.7 1.14 (0.59, 1.41) 0.7 

IAS_J -0.40 0.36 1.40 (0.59, 1.41) 1.9 1.52 (0.57, 1.43) 2.1 
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instrument including the item label and item text. None of the items are negative, 

therefore none are recoded.  

Table 5.14  

Teacher Engaging Student (TES) Instrument 
Item label Item text 
TES_A Summarise what students should have learned from the lesson 

TES_B Relate the lesson to student’s daily life 

TES_C Use questioning to elicit reasons and explanation 

TES_D Encourage all students to improve their performance 

TES_E Praise students for good effort 

TES_F Bring interesting materials to class 

5.4.1. Confirmatory Factor Analysis (CFA) of TES Instrument 

 

Figure 5.6 Single-factor model of TES  

CFA is carried out for the items of TES. As TES consists of only one scale, the only 

model examined is a single-factor model. Figure 5.6 shows the model and Table 5.15 

shows the factor loadings, average variance extracted (AVE) and composite reliability 

(CR). All six items of the TES instrument have acceptable factor loadings, all are 

above 0.32. The AVE is acceptable (above 0.50) and the reliability is satisfactory 

(above 0.70).  The model fit indices recorded in Table 5.16 indicate that the single-

factor model has a moderately good fit, with both the CFI and TLI being close to 0.90. 

However, the RMSEA falls outside the acceptable range (above point 0.08).  
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Table 5.15  

Loadings of items, Average Variance Extracted (AVE), and Composite Reliability 

(CR) of Single-factor Model of TES 
Variable Loading AVE CR 

TES_A 0.53 

0.51 0.86 

TES_B 0.87 

TES_C 0.57 

TES_D 0.83 

TES_E 0.80 

TES_F 0.62 

Table 5.16  

Summary of Fit Indices for Single-factor Model of TES 
Indices Single-factor model  

Chi-square (χ²) 22.16 

Degree of freedom (df) 9 

χ²/df 2.47 

Goodness of Fix Index (GFI) 0.87 

Adjusted Goodness of Fix Index (AGFI) 0.69 

Parsimony Goodness of Fix Index (PGFI) 0.37 

Tucker-Lewis Index (TLI) 0.82 

Comparative Fit Index (CFI) 0.89 

Root Mean Square Error of Approximation (RMSEA) 0.18 

5.4.2. Rasch Analysis for TES Instrument 

The Rasch analysis for the TES instrument is recorded in Table 5.17 with the INFIT 

and OUTFIT MNSQ presented for all items.  

Table 5.17  

Response Model Parameter Estimates of TES 

Separation Reliability = 0.95 

Chi-square test of parameter equality = 90.76  
df = 5 

Significance level = 0.00 

Variables Estimates Error 

Unweighted Fit Weighted Fit 

OUTFIT 

MNSQ 
CI t 

INFIT 

MNSQ 
CI t 

TES_A 0.20 0.16 1.40 (0.59, 1.41) 1.9 1.83 (0.54, 1.46) 2.90 

TES_B -0.11 0.16 0.94 (0.59, 1.41) -0.2 1.09 (0.51, 1.49) 0.40 

TES_C 0.53 0.15 1.01 (0.59, 1.41) 0.1 1.06 (0.56, 1.44) 0.30 

TES_D -1.40 0.18 0.63 (0.59, 1.41) -2 1.2 (0.33, 1.67) 0.70 

TES_E -0.62 0.17 0.66 (0.59, 1.41) -1.8 0.84 (0.46, 1.54) -0.50 

TES_F 1.41 0.36 0.95 (0.59, 1.41) -0.2 1.00 (0.59, 1.41) 0.10 
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The INFIT and OUTFIT MNSQ of most items fall within the acceptable range (0.60 

to 1.40), except for TES_A (the INFIT MNSQ is 1.83, but the OUTFIT MNSQ is 

acceptable). The separation reliabilities for the TES scale is high (0.95), and the 

EAP/PV reliability is also high (0.84), with both values within the satisfactory range 

and above the of the required cut-off value of 0.70 (Jähnig, 2013).  

5.4.3. Summary of TES Instrument 

Based on the result of CFA and Rasch analysis, none of the items is excluded. Even 

though one item (TES_A) has an INFIT MNSQ that falls outside the acceptable range, 

the item is retained as the loading in the CFA is above 0.32 and the Rasch analysis 

shows good reliability. The decision is made to use the single factor model of TES for 

the subsequent analyses. 

5.5 Summary 

The validation of the three instruments included in the teacher questionnaire is 

discussed in this chapter. The three instruments involve (a) Teacher Beliefs concerning 

Mathematics (TBM), (b) Instructional Activities Approach used for Students (IAS), 

and (c) Teacher Engaging Student (TES). The same processes are employed for each 

instrument. The validation process involves CFA and Rasch analysis. The final models 

to be used for the subsequent analyses are based on the results of the CFA and the 

Rasch analysis. The following models are used in subsequent analyses. 

1. Teachers Beliefs concerning Mathematics (TBM) 

TBM measures teacher beliefs concerning the nature of mathematics and 

mathematics learning as well as mathematics teaching related toLOT and HOT. The 
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best model for further analysis involves the two separate models of beliefs related 

to LOT and HOT namely: two-orthogonal factors model of TBM LOT and two-

orthogonal factors model of TBM HOT.  

2. Instructional Activities for student (IAS) 

IAS measures the instructional activities used by teachers in teaching mathematics. 

The best model is the single-factor model of seven items and is used for the next 

stage of analysis. 

3. Teacher Engaging Student (TES) 

TES measures ways the teachers endeavour to engage students in the mathematics 

classroom. The best model for further analysis is the single-factor model.  
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Chapter 6 Descriptive Analysis and 

Contextual Information 

6.1 Introduction 

Based on the background data obtained from school, teacher and student 

questionnaires as well as a mathematics test, this chapter presents and discusses the 

descriptive analysis of these data and contextual information. The analyses reported in 

this chapter are conducted using the IBM SPSS 22. This preliminary information 

provides the basis for the next level of analysis which includes path analysis and 

hierarchical linear modelling.  

6.2 School Demographic Information 

The school data consist of the total enrolment, admission criteria, classroom 

classification, learning resources available and also any additional mathematics 

programmes available in the schools. 

6.2.1. Types of Schools 

A summary of the schools involved in the study is presented in Table 6.1. Four types 

of schools are managed by the Ministry of Education and Culture: general public 

schools, general private schools, some Islamic private schools and other religious 

private schools (such as Catholic private schools). The Ministry of Religious Affairs 

of the Republic of Indonesia usually manages both public and private Islamic schools. 

The general public schools and the Islamic public schools are the most numerous.  
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Table 6.1  

Types of Schools Involved in the Study (N=25) 

Type of School 
Frequency 

Per cent 
Urban Rural 

General public school 4 4 32.0 

General private school 2 0 8.0 

Islamic private schoola 1 2 12.0 

Islamic public schoolb 4 4 32.0 

Islamic private school 2 2 16.0 

Total  13 12 100.0 

Note. athe Islamic private school under the Ministry of Education and Culture 

bthe Islamic private school under the Ministry of Religious Affairs 

6.2.2. Total Enrolment  

The total number of students enrolled in the schools when the research was conducted 

is presented in Table 6.2. The average school enrolment is 400 students. Three schools 

(n=3, 12%) have below 100 students and four schools (n=4, 16%) have enrolments of 

more than 500 students. The school location, urban or rural is also indicated.  

Table 6.2  

Total Enrolment in Schools (N=25) 

Total enrolment 
Frequency 

Per cent 
Urban Rural 

Less than 100 3 0 12 

100 to 299 2 5 28 

300 to 499 3 5 32 

500 to 699 1 2 12 

700 to 899 3 0 12 

More than 900 1 0 4 

Total  13 12 100 

6.2.3. School Admission Criteria 

Table 6.3 presents the school admission criteria. Each school has its own criteria for 

the admission of the students and may include the location of student’s residence, 

academic record and achievement on a placement test. However, these criteria are not 

necessarily applied in all schools and some schools apply more than one criteria. The 

placement test is the most common criterion applied by the school (n=19, 76%), 
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followed by the students’ academic record (n=13, 52%), location of residence is 

applied in five schools (n=5, 20%).  

Table 6.3  

School Admission Criteria (N=25) 

Criteria 
Frequency 

Per cent 
Urban Rural 

Residence in a particular area No 9 11 80 

Yes 4 1 20 

Students’ academic record No 7 5 48 

Yes 6 7 52 

Placement test No 6 0 24 

Yes 7 12 76 

6.2.4. Class Size and Class Classification 

The data on class size is presented in Figure 6.1. The most common class size in both 

rural and urban schools is between 26 and 30 students, although 31-35 students is also 

very common in urban schools. 

 

Figure 6.1 Schools class size distribution (N=25) 

Figure 6.2 records the classification of classes within schools. The most common 

method of classification is a mixed grouping of students by their ability within their 

classes (n=13, 52%), where the schools spread the high achieving students and low 

achieving students in each class. Eight schools (32%) group students in classes based 

on their ability, indicating that high achieving students are grouped together in one 
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class and low achieving students are grouped in another class. Four schools (n=4, 16%) 

do not employ any special method for classification, with the students being assigned 

to classes randomly.  

 

Figure 6.2 Class classification methods within schools (N=25) 

6.2.5. Number of Teachers 

Table 6.4 records information on the total number of teachers in each school, the total 

number of mathematics teachers for Year 9, and the number of teachers with 

certification. The number of teachers in schools is closely related to the total enrolment 

of the schools in both urban and rural schools.  

Table 6.4  

Characteristics of the Teachers in Schools (N=25) 
  

Minimum Maximum Mean 
Std. 

Error 

Std. 

Deviation 

Total number of teachers 12 67 35.72 3.12 15.61 

Total number of teacher with certification  0 65 24.96 4.77 23.87 

Total number of mathematics teachers 1 8 3.80 0.40 1.98 

Total number of mathematics teachers 

with certification  

0 7 2.88 0.43 2.17 

Total number of mathematics teachers 

teaching Year 9 

1 3 1.68 0.14 0.75 

6.2.6. School Resources 

Table 6.5 presents the teaching and learning resources for mathematics available in the 

schools. Twenty four of the school (n=24, 96%) have mathematics textbooks and 21 

32%

52%

16%

Grouped by ability into different

classes

Grouped by ability within their classes
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(84%) have concrete materials to help students understand mathematics better. Eleven 

schools (n=11, 44%) have library materials related to mathematics (other than the 

mathematics textbooks). However, only four schools (n=4, 16%) have computers 

available for use in mathematics teaching and only three (n=3, 12%) have an internet 

connection. No school in the study has computer software for mathematics instruction. 

Table 6.5  

Schools Having Specific Teaching and Learning Resources (N=25)  
Frequency 

Per cent 
 Urban  Rural 

Computer for mathematics teaching (SR_A) 3 1 16 

Computer with internet connection for mathematics teaching (SR_B) 3 0 12 

Concrete material for mathematics teaching (SR_C) 11 10 84 

Computer software for mathematics instruction (SR_D) 0 0 0 

Library material relevant to mathematics instruction (SR_E) 5 6 44 

Mathematics text books (SR_F) 12 12 96 

Of 13 urban schools, three (n=3, 23%) have computers for mathematics instruction but 

only one out of 12 rural schools (n=1, 8.33%) has. Only three urban schools (n=3, 

23%) have an internet connection while none of the rural schools have an internet 

connection. Twelve urban schools (n=12, 92.30%) and 12 rural schools (n=12, 100%) 

have textbooks available, with 11 urban schools (n=11, 91.7%) and 12 rural schools 

(92.30%) having concrete materials. However, only five urban (n=5, 38.50%) and six 

rural schools (n=5, 50%) have library material for mathematics learning, excluding the 

textbooks in use.  

6.2.7. Additional Mathematics Programme 

Additional mathematics programmes include: (a) extra lessons given at schools for the 

students in after school hours, and (b) an “Mathematics Olympiad Club”, a special 

programme organised by the school for training students who have a greater interest 
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in advanced mathematics or are willing to participate in a mathematics competition. 

Table 6.6 presents information on an additional mathematics programme, while the 

number of urban and rural schools that have additional mathematics program after 

school hours are similar, more urban schools have a ‘Mathematics Olympiad Club’.  

Table 6.6  

Additional Mathematics Programme at Schools (N=25)  
  Frequency 

Per cent  
 Urban Rural 

Additional mathematics programme after school 

hours 

No 3 3 24  
Yes 10 9 76 

Mathematics Olympiad Club No 8 10 72  
Yes 5 2 28 

6.3 Teachers’ Information  

Teachers’ background, teachers’ beliefs and their classroom practices are presented. 

Teachers’ background considers gender, age, education, years of teaching, and 

professional development. Teachers’ beliefs include beliefs concerning mathematics 

related to LOT and HOT. The teachers’ classroom practices include their instructional 

activities, how the teachers engage their students, the types of problems used in the 

classroom and in the assessment, as well as the resources used. Independent t-tests 

related to school location are conducted for teachers’ beliefs, classroom practices and 

teaching resources with the significant results being recorded in this chapter (a detailed 

report of the independent t-test is provided in Appendix I). 
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6.3.1. Teachers’ Background 

Teachers’ Gender and Teaching Experience 

The description of teacher gender and teaching experience are presented in Table 6.7. 

The total number of teacher respondents in this study is 46 consisting of 39 female 

(85%) and 7 male (15%). Teachers’ teaching experience is assessed by the length of 

time they have been teaching the subject of mathematics. Most teachers (n=25, 54%) 

have been teaching for between 10 and 20 years. More than 30% of teachers have less 

than ten years teaching experience, with the majority of these teachers being in the 

rural schools (n=11, 73%).  

Table 6.7  

Teachers’ Gender and Years of Teaching (N=46) 
 Frequency 

Per cent 
 Urban Rural 

Gender    

Female 18 21 84.80 

Male 5 2 15.20 

Total 23 23 100 

Years of Teaching    

Less than 10 years 4 11 33 

10 to 20 years 16 9 54 

21 to 30 years 1 3 9 

31 to 40 years 2 0 4 

Total 23 23 100 

Educational Background 

The descriptive data on teachers’ educational background and major are presented in 

Table 6.8. Almost all mathematics teachers included in this study hold a Bachelor 

degree (n=44, 96%), with just two (n=2, 4%) having completed a Master degree (one 

urban and one rural teacher). In terms of their major, 44 (n=44, 96%) of the teachers 

majored in mathematics education, one (n=1, 2%) majored in pure mathematics and 

one (n=1, 2%) majored in another subject.   
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Table 6.8  

Teachers’ Education and Major (N=46) 
 Frequency Per cent 

Teachers’ education 

 

  

Completed bachelor degree 44 96 

Completed master degree 2 4 

Total 46 100 

Teachers’ major   

Mathematics education 44 95.70 

Pure Mathematics 1 2.15 

Others 1 2.15 

Total 46 100 

Teachers’ Professional Development and Certification 

Teachers’ professional development is assessed by their participation in training and 

seminars during the last two years. Regular professional development programmes are 

known as ‘mathematics teacher forums’ and are usually organised within regions. 

Table 6.9 summarises the regularity of the attendance at the professional development 

programmes.  

Table 6.9  

Regularity of Attending Professional Development Programme for Mathematics 

Teachers (N=46) 
 Frequency 

Per cent 
 Urban Rural 

Every 2 weeks 15 2 37.0 

Every month 1 1 4.3 

Every 2 months 0 1 2.2 

Every 3 months 1 1 4.3 

Every 6 months 1 4 10.9 

Less regularly 5 14 41.3 

Total 23 23 100.0 

More than one-third (n=17, 37%) of teachers attended forums fortnightly, with 

approximately ten per cent (n=5) saying that in their area they take place between one 

and six monthly intervals. However, more than 41% (n=19) report that the forum is 

organised less regularly in their area (more than 70% who report this are from a rural 

area).  
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Table 6.10  

Teachers’ Professional Development (N=46) 

Professional development 
Frequency 

Per cent 
Urban Rural 

Mathematics content 10 13 50 

Mathematics pedagogy/instruction 10 13 50 

Mathematics curriculum 9 13 47.8 

Integrating information technology to mathematics 6 8 30.4 

Improving students critical thinking and problem 

solving 

6 6 26.1 

Mathematics assessment 9 7 34.8 

Addressing individual students needs 4 1 10.9 

Table 6.10 shows that half of the respondents (n=23, 50%) reported that they had 

attended professional development programme related to mathematics content, 

pedagogy and mathematics curriculum during the last two years. A lesser number of 

teachers stated that they had been in a professional development programme related 

to: (a) integrating information technology to mathematics (n=14, 30%); (b) improving 

students’ critical thinking and problem solving (n=12, 26%); and (c) mathematics 

assessment (n=16, 35%). Only five teachers (n=5, 11%) reported that they had 

attended professional development programmes related to addressing individual 

students’ needs.  

The majority of the teachers (n=43, 74%) participating in the study had passed the 

certification test. The number of mathematics teachers with certification in urban areas 

is 25% higher than in rural areas. The information is presented on Table 6.11. 

Table 6.11  

Teachers’ Certification (N=46) 
 Frequency 

Per cent 
 Urban Rural 

Not certified 3 9 26.1 

Certified 20 15 73.9 

Total 23 23 100.0 
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6.3.2. Teachers’ Beliefs Concerning Mathematics 

Teachers were asked about their beliefs concerning mathematics related to LOT and 

HOT.  

Beliefs concerning Mathematics related to LOT 

The summary of the index of teacher beliefs concerning mathematics related to LOT 

is presented on Table 6.12. An index of beliefs concerning mathematics related to LOT 

is created from 13 items (refer to Chapter 3). The average is computed across the 13 

items based on a four-point Likert scale: ‘disagree a lot’ =1, ‘disagree a little’ =2, 

‘agree a little’ = 3, and ‘agree a lot’ = 4. A highly positive level is indicated by an 

average score of more than or equal to 3, corresponding to teachers agreeing with the 

statements ‘a little’ or ‘a lot’. A negative level is indicated by an average score of equal 

to or less than 2, corresponding to teachers disagreeing with the statements ‘a little’ or 

‘a lot’. A somewhat positive level is indicated by an average score of greater than 2 

but less than 3.  

Table 6.12  

Index of Teacher Beliefs concerning Mathematics related to LOT (N=46) 
 Frequency 

Per cent 
 Urban Rural 

Negative 9 5 30 

Somewhat positive 13 18 68 

Highly Positive 1 0 2 

Total 23 23 100 

Most teachers (n=31, 68%) indicate that they hold somewhat positive beliefs 

concerning mathematics related to LOT. Only two per cent of teachers hold highly 

positive beliefs (n=1, 2%) and nearly a third (n=14, 30%) hold negative beliefs 

concerning mathematics related to LOT.  
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Beliefs concerning Mathematics related to HOT 

An index of beliefs concerning mathematics related to HOT is created from 16 items 

(refer to Chapter 3). The average is computed across the 16 items based on a four- 

category Likert-scale : ‘disagree a lot’ =1, ‘disagree a little’ =2, ‘agree a little’ = 3, and 

‘agree a lot’ = 4. A highly positive level indicates an average score of more than or 

equal to 3, corresponding to teachers’ agreeing with the statements ‘a little’ or ‘a lot’. 

The procedure of creating the index follows the procedure used in the previous section. 

The summary of the index of teacher beliefs concerning mathematics related to HOT 

is presented in Table 6.13. 

Table 6.13  

Index of Teacher Beliefs concerning Mathematics related to HOT (N=46) 
 Frequency 

Per cent 
 Urban Rural 

Negative    

Somewhat positive 3 5 17 

Highly Positive 20 18 83 

Total 23 23 100 

Most teachers (n=38, 83%) have highly positive, and a small number of teachers (n=8, 

17%) have somewhat positive beliefs concerning mathematics related to HOT. None 

of the teachers has negative beliefs concerning mathematics related to HOT.  

6.3.3. Classroom Practices 

The data concerning classroom practices focus on activities in the mathematics 

classroom including the types of problems used during the lesson and in testing, 

instructional activities, how students are engaged, and the resources used. 
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Types of Mathematics Problems Used in Classroom 

Data was collected to assess the regularity with which teachers presented particular 

types of mathematical problems to the students during lessons and testing. The 

problems are itemised as: 

1. Problems similar to those demonstrated by the teacher (TQ_A). 

2. Problems involving the application of mathematical procedures (TQ_B). 

3. Problems which can be solved in many ways (TQ_C). 

4. Unfamiliar problems (TQ_D). 

5. Open-ended questions (TQ_E). 

6. Word problems (TQ_F). 

The responses of the questions are assessed by a six-category Likert-scale ranging 

from never (0) to always (5). The information on the regularity of the types of problems 

used in the lesson is presented in Table 6.14. The most frequent types of problems used 

are: the problem that can be solved in many ways (TQ_C) (M= 4.07, SE=0.13); word 

problems (TQ_F) (M=3.93, SE=0.12); problems involving the application of 

mathematical procedures (TQ_B) (M=3.91, SE=0.16); and problems similar to those 

demonstrated by the teacher (TQ_A) (M=3.73, SE=0.19). The least frequently used 

problem is that involving unfamiliar problems (TQ_D) (M=2.64, SE=0.16); followed 

by open-ended questions (TQ_E) (M= 3.49, SE=0.15). The regularity of the type of 

questions in mathematics classroom is similar across rural and urban school.   

Table 6.15 presents information on the frequency of types of problems used in 

mathematics tests. Similar to the types of problems used during the lesson, questions 

involving unfamiliar problems (TQ_D) (M=2.74, SE=0.17) and open-ended questions 

(TQ_E) (M=3.16, SE=0.20) are least frequently used in testing.  Word problems 
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(TQ_F) (M=3.93, SE=0.13) and questions involving the application of mathematical 

procedures (TQ_B) (M=3.80, SE=0.15) are the most frequent problems used in testing. 

Table 6.14  

Regularity of Types of Questions used in Mathematics Classroom  
N Mean Std. Error Std. Deviation 

TQ_A 44 3.73 0.19 1.23 

TQ_B 45 3.91 0.16 1.06 

TQ_C 45 4.07 0.13 0.86 

TQ_D 44 2.64 0.16 1.08 

TQ_E 45 3.49 0.15 1.04 

TQ_F 45 3.93 0.12 0.81 

 

Questions similar to those solved by the teacher in the classroom (TQ_A) are used 

more frequently during the lesson (M=3.73, SE=0.19) than in tests (M= 3.44, SE=0.21). 

While the trend of regularity of using the types of problems in the test is similar across 

the urban and rural school, teachers in rural schools (M=3.83, SE=0.30) use the 

questions similar to those the teachers have solved in the classroom (TQA) more 

frequently than teachers in the urban schools (M=2.91, SE=0.29). This difference is 

significant t(44) = -2.2, p < 0.05.  

Table 6.15  

Regularity of Types Questions used in Mathematics Examination 
  N Mean Std. Error Std. Deviation 

TQ_A 45 3.44 0.21 1.39 

TQ_B 45 3.80 0.15 1.04 

TQ_C 45 3.78 0.15 1.04 

TQ_D 43 2.74 0.17 1.12 

TQ_E 45 3.16 0.20 1.36 

TQ_F 45 3.93 0.13 0.86 

Instructional Activities 

Data related to instructional activities involve examining how often the teachers use 

the instructions for the students in their classrooms. The responses are assessed by a 
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six-category Likert-scale ranging from never (0) to always (5). The instructional 

activities used by teachers in the classroom are presented by the following items (refer 

to Chapter 5). 

1. Work problems with peers with my guidance (IAS_C). 

2. Work problems together in whole class with direct guidance from me 

(IAS_D). 

3. Apply fact, concepts and procedures to solve routine problem (IAS_E). 

4. Explain their answer (IAS_F). 

5. Relate what they are learning in mathematics to their daily lives (IAS_G). 

6. Decide on their own procedures for solving complex problems (IAS_H). 

7. Work on problems for which there is no immediate obvious method of 

solution (IAS_I). 

8. Take written tests or quizzes (IAS_J) 

Table 6.16  

Instructional Approaches used for Students in the Mathematics Classroom   
N Mean Std. Error Std. Deviation 

IAS_C 46 3.96 0.13 0.87 

IAS_D 46 4.09 0.14 0.92 

IAS_E 46 4.02 0.13 0.86 

IAS_F 45 4.13 0.13 0.84 

IAS_G 46 4.22 0.12 0.84 

IAS_H 46 3.37 0.17 1.12 

IAS_I 41 2.24 0.20 1.28 

IAS_J 46 4.20 0.14 0.96 

 

The information on the frequency of use of instructional activities is presented in Table 

6.16. The most frequently used approaches are relating mathematics to students’ daily 

lives (IAS_G) (M=4.22, SE=0.12); giving tests or quizzes (IAS_J) (M=4.20, SE=0.14); 

and asking students to explain their answers (IAS_F) (M= 4.13, SE=0.13). Working 
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on problems for which there is no immediately obvious method of solution (IAS_I) 

(M=2.24, SE=0.20) and asking students to decide on their own procedures for solving 

complex problems (IAS_H) (M=3.37, SE=0.17) are the least frequent approaches 

given to the students. The trends are similar across the locations.  

Teacher Engaging Students 

‘Engaging students’ reflects teachers’ efforts in reinforcing concepts by summarising 

the lesson, relating lessons to daily life, and asking for reasoning from the students. It 

also involves feedback to students and bringing interesting materials to the class. The 

approaches used by teachers to engage students in the classroom are presented by the 

following items: 

1. Summarise what students should have learned from the lesson (TES_A) 

2. Relate the lesson to student’s daily life (TES_B) 

3. Use questioning to elicit reasons and explanation (TES_C) 

4. Encourage all students to improve their performance (TES_D) 

5. Praise students for good effort (TES_E) 

6. Bring interesting materials to class (TES_F) 

Table 6.17  

Engaging Students (N=46)  
Mean Std. Error Std. Deviation 

TES_A 4.37 0.14 0.95 

TES_B 4.50 0.11 0.72 

TES_C 4.24 0.13 0.90 

TES_D 4.76 0.08 0.57 

TES_E 4.57 0.10 0.65 

TES_F 3.76 0.13 0.90 

The teachers’ responses to the frequency with which they used these methods are 

measured by a six-category Likert-scale ranging from never (0) to always (5). Table 
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6.17 presents the information on teachers engaging students. Generally, all teachers 

used all these methods frequently. The mean for 5 out of the 6 items are more than 4, 

corresponding to ‘nearly always’. The least frequently used approach is bringing 

interesting materials to the classroom (M=3.76, SE=0.13).  

Teaching Resources 

The question relating to teaching resources examines whether teachers use such things 

as textbooks, worksheets or workbooks, concrete objects and computer software as a 

supplement or basis of instruction. Figure 6.3 provides information indicating that 

textbooks are the basic means of instruction for three-quarters of the teachers (n=34, 

74%). Concrete objects and worksheets are used mainly as a supplement by almost 

half of the teachers while the other half used them as the basis of instruction. The least 

commonly used resource is computer software. More than 50% of teachers (n=26) 

never use computer software for mathematics instruction, while 41% of teachers 

(n=19) use it as a supplement. Only one teacher (n=1, 2%) said that they use it as the 

basis of instruction. In terms of school location, the trends of the usage of textbooks, 

worksheets and concrete materials are similar across the areas. The gap of usage 

appears for the usage of computer software, teachers from an urban area use the 

computer software more frequently (M=0.65, SE=0.12) compared to those from a rural 

area (M=0.26, SE=0.09). An independent t-test confirms that the difference in the 

usage of computer software is significant across the locations, t(44)=2.58, p<0.05. It 

should be noted that only four of the school have computers available for mathematics 

instruction. 
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Figure 6.3 Percentage of teaching resources used in mathematics classroom (N=46) 

6.4 Students’ Information 

Students’ background, students’ attitude, students’ beliefs concerning mathematics 

and classroom practices as perceived by students are presented. Independent t-test in 

relation to school location and gender are also carried out. However, only significant 

results are explained in this chapter (the details report of the independent t-test are 

available in the Appendix I).  

6.4.1. Students’ Background 

Gender and School Location 

The total number of student respondents in this study is 1135: 505 (44.5%) are male 

and 630 (55.5%) female; 581(51.2%) are urban students and 554 (48.8%) are rural 

students. Table 6.18 provides the details concerning student gender and school 

location.  

Table 6.18  

Gender and School Location (N=1135)  
Gender of student 

Total 
Female Male 

School location Urban 314 267 581 

Rural 316 238 554 

Total 630 505 1135 
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Parents’ Education 

The highest levels of education achieved by the students’ mothers and fathers are 

presented in Table 6.19. Approximately 73% of mothers (n=831) have completed Year 

12 of schooling, with 40.9% (n=464) having that as their highest level, and 19.7% 

(n=224) holding bachelor degrees.  

Table 6.19  

Mothers’ and Fathers’ Highest Level of Education  
  Mother Father 

  Frequency Per cent Frequency Per cent 

Did not complete Year 6 21 1.90 19 1.70 

Completed Year 6 82 7.20 105 9.30 

Completed Year 9 182 16 156 13.70 

Completed Year 12 464 40.90 441 38.90 

Vocational or technical certificate after high school 14 1.20 11 1 

Diploma 77 6.80 39 3.40 

Bachelor’s degree 224 19.70 222 19.60 

Postgraduate 52 4.60 84 7.40 

Valid N 1116 98.30 1077 94.90 

Missing 19 1.70 58 5.10 

N 1135 100 1135 100 

The same trend occurs for fathers’ education, with 70% (n=797) having completed 

Year 12, 38.9% (n=441) having that as their highest level, and 19.6% (n=222) holding 

bachelor degrees. More fathers (n=84, 7.4%) than mothers (n=52, 4.6%) have 

completed post graduate degrees.  

The level of parental education varies with school location with urban parents being 

more educated than rural parents. Approximately three times the number of rural 

mothers completed Year 6 only (n=62, 11%); twice the number completed Year 9 only 

(n=113, 20%); and nearly one-fifth more completed Year 12 only (n=250, 45%). The 

number of urban mothers who have completed a bachelor degree (n=145, 25%) is 

almost double the number of rural mothers (n=79, 14%). Nearly five times more urban 
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(n=43, 7%) mothers completed a postgraduate degree. Table 6.20 presents the 

mother’s educational level.  

Table 6.20  

Mother’s Educational Level and School Location (N=1116) 
Mother's Education School location 

Urban Rural 

Frequency Per cent Frequency Per cent 

Did not complete Year 6 8 1.38 13 2.3 

Completed Year 6 20 3.44 62 11.2 

Completed Year 9 69 11.88 113 20.4 

Completed Year 12 214 36.83 250 45.1 

Vocational or technical certificate after high school 13 2.24 1 0.2 

Diploma 60 10.33 17 3.1 

Bachelor’s degree 145 24.96 79 14.3 

Postgraduate 43 7.40 9 1.6 

Valid N 572 98.45 544 98.2 

Missing 9 1.55 10 1.8 

N 581 100 554 100 

A similar trend occurs in fathers’ education. The educational level of the urban fathers 

is higher than that of the rural fathers. The number of urban fathers who completed 

Year 6 only (n=19, 3%) is approximately a quarter the number of those in rural areas 

(n=86, 15.5%); those who only completed Year 9 (n=48.8%) is more than half of the 

number of those in rural areas (n=108, 19.50%).  

Table 6.21  

Fathers’ Educational Level and School Location (N=1077) 
Father's education School location 

Urban Rural 

Frequency Per cent Frequency Per cent 

Did not complete Year 6 5 0.90 14 2.50 

Completed Year 6 19 3.30 86 15.50 

Completed Year 9 48 8.30 108 19.50 

Completed Year 12 214 36.80 227 41 

Vocational or technical certificate after high school 11 1.90 0 0 

Diploma 28 4.80 11 2 

Bachelor’s degree 158 27.20 64 11.60 

Postgraduate 70 12 14 2.50 

Valid N 553 95.20 524 94.60 

Missing 28 4.80 30 5.40 

N 581 100 554 100 
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The trend continues within the higher education sector. The number of urban fathers 

(n=158, 27%) who have a bachelor degree is more than double the number of rural 

fathers (n=64, 12%), while the number of urban fathers (n=70, 12%) with a 

postgraduate degree is five times the number of rural fathers (n=14, 2.5%). The 

detailed numbers of urban and rural fathers’ education is presented in Table 6.21.   

Home Possessions 

Home possessions are divided into two categories. The first category involves several 

items of educational resources and general possessions in the students’ home. The 

second category is the quantity of luxury items that are available in the student’s home.  

 

Figure 6.4 Number of students who live in a home and the first category of home 

possessions (N=1135) 

Figure 6.4 present the data related to the category of home possessions. The majority 

of students have their own study desk (n=775, 68%), their own room (n=832, 73%), a 

mobile phone (n=939, 83%), a dictionary (n=1029, 90.7%) and books for doing 

homework (n=953, 84%). However, less than half of the students have access to a 

computer for doing homework (n=540, 48%) and less than a third have an internet 

connection at home (n=337, 30%). Even though most students say that they have books 
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which they can use for their homework at home, only one-fifth (n=235, 21%) say they 

own an encyclopaedia. The data also show that most students have a regular free-to-

air TV at home (n=1072, 94%).  

Figure 6.5 provides further data for information of the number of each item in the 

luxury of home possessions. Television and mobile phone are the items that are 

commonly available in the student’s home. Less than five per cent (n=127, 4.5%) of 

the total students report that there is no mobile phone at home and approximately 70% 

(n=801) report that there are at least three or more mobile phones in the household. 

Computers and cars are the least frequently owned items; nearly half of the homes 

(n=510, 45%) have no computer and 68 % (n=774) have no car. 

 

Figure 6.5 Number students who have the second category of home possessions 

(N=1135) 

Figure 6.6 compares the first category of home possessions and student location in 

urban or rural areas. As with the educational levels of parents, in which urban parents 

have higher educational achievements than rural parents, the possessions in the home 

present a similar pattern.  
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Figure 6.6 First category of home possessions across school location (N=1135) 

The highest disparities in terms of ownership are with computers, internet connection 

and cable, encyclopaedias and video games. The numbers of the urban students owning 

a computer (n=384, 66%) is almost three times that of the rural students (n=156, 28%), 

while those with an internet connection are three times greater (n=259, 45% of urban 

and n=78, 14% of rural). The number of the rural students owning an encyclopaedia 

(n=57, 10%) is only a third that of the urban students (n=259, 45%). 

Table 6.22  

Second Category of Students’ Home Possessions and School Location (N=1135) 

Home possessions 
None One Two Three or More 

Urban Rural Urban Rural Urban Rural Urban Rural 

Mobile Phone 11 40 37 90 54 98 479 322 

TV 18 42 292 410 198 91 73 9 

Computer/laptop 164 346 217 153 112 39 88 14 

Car 316 458 187 82 57 11 21 1 

Motorcycle 36 50 183 229 220 175 142 98 

Table 6.22 shows the second category home possessions according to locality. The 

quantity of luxury items owned by students’ families from the urban area outnumber 

those owned by the rural students’.  The number of urban students whose families own 

a car is almost triple (n=265, 46%) the number of rural students (n=95, 17%). While 
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this disparity is large, the gap in motorcycle ownership is not. This is likely to reflect 

the low purchase and maintenance costs of motorcycles. 

Students’ Educational Expectations 

Students have a very high expectation of how far they want to go in schooling. The 

detailed numbers of students’ educational expectations are presented in Table 6.23. 

Nearly 60% of the students (n=658) expect that that will be able to do a doctoral degree 

and less than five per cent of the students (n=56) see themselves finishing their 

education at the end of high school.  

Table 6.23  

Students’ Educational Expectations (N=1114) 
Students’ educational expectation Frequency Per cent 

High school 56 4.9 

Vocational or technical education after high school 92 8.1 

Diploma 11 1 

Bachelor’s degree 192 16.9 

Master’s degree 105 9.30 

Doctoral degree 658 58.0 

Valid N 1114 98.1 

Missing 21 1.9 

N 1135 100 

Table 6.24 presents the data of students’ expectation according to location. Generally, 

expectations are consistent across rural and urban areas. Most students from both areas 

expect to continue their education after high school. While more rural students are 

content with high school or some vocational course, overwhelmingly all students aim 

to graduate and go on to post graduate studies.  
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Table 6.24  

Students’ Educational Expectation across School Location (N=1135) 

Students’ educational expectation 
Urban Rural 

Frequency Per cent Frequency Per cent 

High school 16 2.8 40 7.3 

Vocational or technical education after high school 34 6.0 58 10.6 

Diploma 7 1.2 4 0.7 

Bachelor’s degree 82 14.4 110 20.2 

Master’s degree 71 12.5 34 6.2 

Doctoral degree 359 63.1 299 54.9 

6.4.2. Students’ Attitude 

This study includes several questions to investigate student attitudes and beliefs 

towards mathematics. The attitudes include their liking of mathematics and valuing of 

mathematics, while the beliefs include their mathematical confidence and judgement, 

and their beliefs concerning the nature of mathematics and mathematical learning. 

Note that the procedure of creating the index in the liking mathematics is also used to 

obtain the index of all scales included in the student questionnaire. 

Liking Mathematics 

There are five items in the liking mathematics scale. Two of them are negatively 

worded and therefore recoded for analysis purposes. An average is calculated across 

the five items belonging to this scale (refer to Chapter 4, page 2), based on a four-

category scale, namely: ‘disagree a lot’ =1, ‘disagree a little’ =2, ‘agree a little’ = 3, 

and ‘agree a lot’ = 4. A highly positive level indicates an average score of more than 

or equal to 3, and corresponds to students’ agreeing with the statements ‘a little’ or ‘a 

lot’. A negative level indicates an average score of equal to or less than 2, corresponds 

to students’ disagreeing with the statements ‘a little’ or ‘a lot’. A somewhat positive 

level indicates an average score of greater than 2 but less than 3.  



  

 166   

 

Table 6.25 presents the summary of student liking mathematics. Most students (n=885, 

78%) admit they really like mathematics, while fewer students (n=219, 19%) say they 

somewhat like mathematics and even fewer students reported to not liking 

mathematics (n=30, 2.60%). An independent t-test also indicates that there is a 

significant difference in the number of students liking mathematics between urban and 

rural areas, t(1121)= -2.94, p<0.01; students in rural areas (M=2.71, SE=0.02) have a 

higher positive attitude regarding liking mathematics. It is found that the difference 

between male and female of liking mathematics is also significant, t(962)= 2.88, 

p<0.01. Female students (M=2.79, SE=0.02) have a higher positive attitude regarding 

the liking of mathematics than male students (M=2.71, SE=0.02). 

Table 6.25  

Students’ Liking of Mathematics (N=1134) 
 Frequency 

Per cent 
 Urban Rural 

Negative 19 11 2.60 

Somewhat positive 129 90 19.30 

Highly positive 433 452 78 

Missing   1 0.10 

Total 581 553 100 

Valuing Mathematics 

The valuing of mathematics scale consists of four items. The summary of the index of 

student valuing mathematics is presented in Table 6.26. The data indicates that, in 

general, most students (n=991, 87%) have a highly positive attitude in terms of valuing 

mathematics. They agree that they need mathematics for their daily life, for learning 

other subjects, entering university and getting a job. A small number of students 

(n=127, 11%) somewhat value mathematics, with less than two per cent of the students 

(n=17) indicating that they do not value mathematics.  
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Table 6.26  

Students’ Valuing Mathematics (N=1135) 
 Frequency 

Per cent 
 Urban Rural 

Negative 7 10 1.50 

Somewhat positive 65 62 11.20 

Highly positive 509 482       87.30 

Total 581 554 100 

In terms of school location and gender, both urban and rural students value 

mathematics positively and both female and male students also value mathematics 

positively. There is significant difference in terms of gender, t(989)= 3.23, p<0.01, 

with female students placing a higher positive value (M=2.89, SE=0.01) on 

mathematics than male students (M=2.82, SE=0.02).  

6.4.3. Students’ Self-efficacy 

Mathematics Confidence 

The mathematics confidence scale consists of five items and is administered to 

examine students’ confidence in mathematics. Table 6.27 presents the summary of the 

index of students’ mathematics confidence. Generally students (n=670, 59%) are 

confident about their mathematics ability. However, more than 17% of the students 

(n=88) indicate that they are not confident in their mathematics ability and more than 

20% of the students (n=264) said they are very confident of their mathematics ability. 

Confidence in mathematics is similar in both urban and rural areas, with most students 

being confident and smaller numbers being very confident and not confident. The trend 

is also similar across gender.  
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Table 6.27  

Students’ Confidence in Mathematics (N=1133) 
 Frequency 

Per cent 
 Urban Rural 

Negative 111 88 17.60 

Somewhat positive 346 324 59.10 

Highly Positive 124 140 23.30 

Missing  2 0.20 

Total 581 552 100 

Individual Judgement of Mathematics Abilities 

Table 6.28 presents the information of the index of students’ individual judgement of 

mathematics ability. Even though the scale of judgement of ability is similar to the 

mathematics confidence scale, the results are different. Nearly half consider 

themselves in the middle when it comes to ability (n=528; 47%). Thirty-two per cent 

of the students (n=365) judge themselves as having a high ability in mathematics while 

21% (n=239) judge themselves as having a low ability in mathematics.   

Table 6.28  

Students’ Individual Judgement of Mathematics Ability (N=1132) 
 Frequency 

Per cent 
 Urban Rural 

Negative 115 124 21.10 

Somewhat positive 270 258 46.60 

Highly Positive 194 171      32.20 

Missing 2 1        0.30 

Total 579 553 100 

6.4.4. Students’ Beliefs concerning Mathematics 

Students were asked concerning their beliefs in relation to LOT and HOT in 

mathematics.  



  

 169   

 

Belief concerning Mathematics related to LOT 

The beliefs concerning mathematics related to HOT scale consists of 11 items and the 

index is summarised in Table 6.29. Nearly three-quarters of the students have 

somewhat positive beliefs (n=830, 73%). Some students have high positive beliefs 

(n=213, 18%) and only eight per cent of students have negative beliefs.  

Table 6.29  

Students’ Beliefs concerning Mathematics related to LOT (N=1132)  
 Frequency 

Per cent 
 Urban Rural 

Negative 66 23 7.90 

Somewhat positive 433 397 73.30 

Highly positive 81 132 18.80 

Missing 1 2  

Total 580 552 100 

There is no significant difference indicated by an independent t-test for gender. 

However, there is a significant difference between school locations, t(1129.15)=-5.80, 

p<0.05, students from rural schools (M=2.20, SE=0.02) having more positive beliefs 

concerning mathematics related to LOT than the urban (M=2.03, SE=0.02).  

Belief concerning Mathematics related to HOT 

The beliefs concerning mathematics related to HOT scale consists of three items and 

the index is summarised in Table 6.30. Half students (n=592, 52%) have highly 

positive beliefs and a further large number (n=486, 43%) have somewhat positive 

beliefs, and a small number of students (n=56, 5%) have negative beliefs. 

 

 

 



  

 170   

 

Table 6.30  

Students’ Beliefs concerning Mathematics related to HOT (N=1134)  
 Frequency 

Per cent 
 Urban Rural 

Negative 26 30 4.9 

Somewhat positive 235 486 42.8 

Highly positive 319 592 52.2 

Missing 1  0.10 

Total 580 554 100 

6.4.5. Classroom Practices 

The student questionnaire involved questions regarding the types of mathematical 

problems they usually work on, the learning resources they usually use and the 

activities they mostly do in mathematics classrooms.  

Types of Mathematics Problems 

The students are asked how often they work on particular types of mathematical 

problems in the classroom: questions similar to what the teacher solves in the 

classroom; questions applying their knowledge from a previous topic; questions which 

can be solved in many ways; and word problems. The responses are categorised in a 

three-category Likert-scale, ‘never or almost never’, ‘sometimes’ and ‘always’ and the 

summary of the mean is presented in Table 6.31. Based on the mean, it can be 

concluded that most students said that they sometimes work on these types of 

questions.  

The frequency of types of questions students work on in the urban and rural area is 

slightly different. The urban reported that three types of questions (M=1.35, SE=0.02; 

M=1.25, SE=0.02; and M=1.49, SE=0.02 for SFWQ_A, SFWQ_B and SFWQ_C 

respectively) are used more frequently than in the rural (M=1.27, SE=0.02; M=1.16, 

SE=0.02; and M=1.41, SE=0.02 for SFWQ_A, SFWQ_B and SFWQ_C respectively). 
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The differences are significant for three items, t(1131)=2.59, p<0.05 for SFWQ_A; 

t(1130.90)=2.64, p<0.05 for SFWQ_B; and t(1133)=2.44, p<0.05 for SFWQ_C.  

Table 6.31  

Types of Questions in Mathematics Classroom  

  N Mean 
Std. Error 

mean 

Std. 

Deviation 

Questions similar to what the teacher solves in the 

classroom (SFWQ_A) 
1111 1.31 0.016 0.53 

Questions which apply my knowledge from previous 

topics (SFWQ_B) 
1093 1.21 0.017 0.57 

Questions which can be solved in many ways 

(SFWQ_C) 
1096 1.45 0.017 0.58 

Word problems (SFWQ_D) 1100 1.17 0.016 0.54 

Learning Resources 

Students are asked of how often they used the following learning resources in their 

mathematics classroom. The responses consist of a three-category Likert-scale namely 

‘never or almost never’, ‘sometimes’ and ‘always’.  

 

Figure 6.7 Learning resources used in mathematics classroom (N=1135) 

Figure 6.7 shows that textbooks are the most frequently used learning resources 

followed by worksheets and concrete objects. Almost 70% of students (n=768) say 

they always use textbooks in mathematics classroom, while half of the students said 

that they sometimes use worksheets or workbooks (n=556, 49%) and concrete object 

(n=653, 57.5%) in the classroom. Computer software is the least frequent used 
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resources in mathematics classroom with 66% of the students (n=744) saying they 

never or almost never use it.  

Comparing rural and urban results, an independent t-test shows there is a significant 

difference for both the usage of concrete objects, t(1133)=-3.99, p<0.01; and computer 

software, t(1040.73)=-9.53, p<0.01, in mathematics classroom between the areas. 

Rural students (M=0.98, SE=0.03) use concrete materials compared to the urban 

students (M=0.84, SE=0.02), while urban students (M=0.51, SE=0.03) use computer 

software more frequently compared to the rural students (M=0.21, SE=0.02).  

Student Learning Activities (SLA) 

Students learning activities asks how often students engage in learning activities in the 

mathematics classroom to make an assessment of their involvement. LOT and HOT 

were considered separately.  

SLA LOT  

The SLA LOT subscale consists of four items. An average is computed across the five 

items belong to this scale, based on a three-category scale: ‘never’=0, ‘sometimes’=1, 

‘always’=2. Nearly half of the students (n=529, 47.2%) see themselves as fully 

engaged in LOT activities, while a half (n=563, 50%) said they are somewhat engaged. 

Less than three per cent of students (n=28) say that they are not engaged in LOT-

related activities. Table 6.32 presents the summary of students’ engagement related to 

LOT. Comparing the students’ LOT engagement based on school location, while 

overall the trend is even, the independent t-test finds there is a significant difference 

in relation to engagement, t(1129.15)=-5.80, p<0.01, with students in urban areas 

(M=2.03, SE=0.02) being less engaged with LOT related activities compared to the 

rural (M=2.20, SE=0.02). 
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Table 6.32  

Students’ Engagement related to LOT (N=1120) 
 Frequency Per cent 

Not engaged 28 2.5 

Somewhat engaged 563 50.3 

Engaged 529 47.2 

Valid N 1120 99.50 

Missing 15 0.50 

N 1135 100.0 

SLA HOT  

The SLA HOT subscale consists of four items. An average is computed across the four 

items belonging to this scale, based on a three-category scale: ‘never’=0, 

‘sometimes’=1, always=2. Students’ engagement related to HOT is presented in Table 

6.33. The majority of the students (n=664, 66%) indicate that they are somewhat 

engaged; nearly 20% of the students (n=218) indicate that they are not engaged with 

activities associated with HOT; and 14% of the students indicate they are engage with 

activities related to HOT (n=158).  

Table 6.33  

Students’ Engagement with the Learning Activities related to HOT (N=1110) 

 

 

6.4.6. Mathematics Performance 

The mathematics test consists of eight questions including four questions related to 

HOT and four questions related to LOT. The partial credit Rasch model is used to 

analyse the items. The raw scores of the mathematics test is transformed to measures 

 Frequency Per cent 

Not engaged 218 19.6 

Somewhat engaged 734 66.0 

Engaged 158 14.2 

Valid N 1110 99.8 

Missing 25 .2 

N 1135 100.0 
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using the weighted likelihood estimation (WLE) obtained from the Conquest 2.0 

software (Wu et al., 2007). Measures derived from the WLE estimation are further 

transform into W score using the formula that used a base (9)log transformation of the 

performance scale using the following equation: W= 9.1024 logits + 500 (Woodcock, 

1999).     

The transformation of WLE score to W score is to: (a) eliminate the negatives values 

by setting the centring constant at 500 and (b) group ability is made easier as the 

distances along the W score is clearer than the distances along the logits scale. The 

measures are then classified into three categories of ‘low’, ‘average’ and ‘high 

achieving’ students: (a) the ‘high achieving’ corresponds to the students who obtain at 

least 75% of the total score, (b) the ‘low achieving’ corresponds to the students whose 

scores are less than 50% of the total score, (c) the ‘average achieving’ corresponds to 

the students whose scores are in between the two previous groups. The summaries of 

students’ mathematics performance related to LOT and HOT are presented in Table 

6.34 and Table 6.35. 

Table 6.34  

Student Mathematics Performance related to LOT (N=1135) 
 Frequency 

Per cent 
 Urban Rural 

Low achieving 364 466 73.1 

Average achieving 130 80 18.5 

High achieving 87 8 8.4 

Total 581 554 100.0 

In general students have a low mathematics performance. More than 70% of the 

students fall into the category of ‘low achieving’ (n=830, 73%) for mathematics 

performance related to LOT and for the mathematics performance related to HOT 

(n=876, 77%). The number of average achieving students for mathematics 
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performance related to LOT and HOT are approximately 18% (n=210) and 20% (230) 

respectively. There is less than ten per cent of high achieving students (n=85, 8.4%) 

of mathematics performance related to LOT and there is less than three per cent high 

achieving students (n=29, 2.5%) of mathematics performance related to HOT.   

Table 6.35  

Student Mathematics Performance related to HOT (N=1135) 
 Frequency 

Per cent 
 Urban Rural 

Low achieving 389 487 77.18 

Average achieving 163 67 20.26 

High achieving 29 0 2.56 

Total 581 554 100.0 

To compare the students’ mathematics performance related to LOT and HOT, 

independent t-tests are conducted.  The independent t-test result shows that there is a 

significant different of mathematics performance related to LOT, t(1133)=11.26, 

p<0.01, with students in urban areas (M=495.50, SE=0.55) having higher performance 

related to LOT than the rural (M=487.73, SE=0.41). There is also a significant different 

of mathematics performance related to HOT, t(1133)=11.85, p<0.01, with students in 

urban areas (M=485.05, SE=0.77) having higher performance related to HOT than the 

rural (M=472.88, SE=0.67). 

6.5 Summary 

This chapter provides demographic information of the schools, teachers and students. 

There are 25 schools involved in the study representing five types of schools from both 

urban and rural areas, including both Islamic public schools and general public 

schools. More than half of the schools classify the classes so that there are high 

achieving and low achieving students in each class. In terms of resources, nearly all 

schools have mathematics textbook available for students. However, most schools 
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have no access to computer with internet connection that can be used for mathematics 

teaching. Moreover, there is no school having special computer software for 

mathematics instruction. Most schools provide additional mathematics lesson after 

school hours but less than a third of the schools have a mathematics Olympiad club.  

The 46 teachers involved in the study include 39 female and 7 male teachers. Most of 

the teachers have a bachelor of mathematics education as their highest level of 

education. About half of the teachers involved have 10 to 20 years of teaching 

experience. Teacher professional development is more prevalent in the urban schools. 

More than 40% of teachers say they attend these professional development 

programmes less than once in six months. The majority of those who attend less 

regularly are from the rural area. More than 70% of teachers involved in the study have 

passed the certification test of teaching. Teachers generally have positive beliefs 

concerning mathematics related to HOT and generally have somewhat positive beliefs 

concerning mathematics related to LOT. Among the types of problem given to students 

in the classroom, teacher indicate that problem which can be solved in many ways are 

the most frequently used (further discussion of this in chapter 11). Among the 

instructional activities given to students, asking students to decide on their own 

procedures for solving complex problems is the least frequently used. In line with the 

availability of mathematics textbook in most school, most teachers use them as the 

basic of instruction.  

There are 1135 students involved in the study, comprising of 630 female and 505 male. 

Students who come from the urban area have parents of higher educational level 

compared to those from the rural area. A similar trend occurs for the home possessions. 
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In general, students from both urban and rural have a high expectation of the 

educational level they want to achieve, with more than 70% having a highly positive 

attitude towards mathematics and more than 80% placing a very high value of 

mathematics. Students judge their mathematics ability highly, with less students who 

admit they have a high confidence in mathematics.  In general, students are having 

positive beliefs concerning mathematics related to LOT and HOT, with fewer students 

having highly positive beliefs concerning mathematics related to LOT compared to 

students having a highly positive beliefs concerning mathematics related to HOT. In 

line with teachers answer on the most frequent types of questions used in the 

classroom, students also accept that the problem that can solved in many ways is the 

most frequently used. A similar trend also occurs for textbook, students also admit that 

the most frequently used resource is mathematics textbook. 

The mathematics test assessed students’ performance related to both LOT and HOT. 

Generally, students have a low performance of mathematics related LOT and an even 

lower of mathematics performance related to HOT. More than 70% of the students are 

categorised as low achieving students, with less than ten per cent of the students 

achieving an average performance related to LOT. Less than three per cent of the 

students are achieving highly in mathematics related to HOT.  

The information discussed in this chapter provides the necessary preliminary findings 

for the following chapters of path analysis and hierarchical linear modelling (HLM) 

analysis.  
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Chapter 7 Single-Level Path 

Analysis: Student-Level 

7.1 Introduction 

The theoretical framework presented in Chapter 2 describes the variables included in 

the study and their possible relationships. Variables at the student-level and teacher-

level are presented, showing their influence both within each level, as well as the 

variables influencing across levels. At the student-level, student related variables are 

hypothesised to have an influence on students’ mathematics performance related to 

both LOT and HOT. A hypothesised path model is then developed to illustrate the 

relationships among variables at the student-level and to examine how these variables 

influence students’ mathematics performance related to LOT and HOT. The path 

analysis procedure used in this study is the partial least squares path analysis (PLS-

PA), undertaken using SmartPLS 3.2.6 (Ringle et al., 2015). The definition, 

background, and evaluation of PLS-PA is described in Chapter 3. The results of the 

analyses for both the measurement and structural models are then presented and 

discussed, followed by a summary. All the analyses are based on the student data set 

(1135 students).  

7.2 Model Building in the PLS-PA 

The process of model building with PLS-PA starts with the drawing of the schematic 

representation of the model, called a ‘path diagram’ or ‘path model’. A path diagram 

is a description of the assumed relationships between variables included in the study 

and the particular causal processes (Byrne, 2013; Hair et al., 2013). Before developing 
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the path diagram, it is necessary to identify the latent variables and observed variables 

included in the analysis. The causal relationships between the latent variables also need 

to be specified based on both theory and logic.  

The model tested in this chapter is of the student-level factors influencing students’ 

mathematics performance related to LOT and HOT. The hypothesised model indicates 

that there are 15 latent variables included. The variables are drawn from students’ 

background, their perception of classroom practices, attitudes and beliefs concerning 

mathematics and their mathematics performance related to LOT and HOT. These 

latent variables are listed in Table 7.1, using their acronym, along with their mode 

(unity, formative, or reflective), the manifest variates that are associated with each 

latent variable and their description, and finally the coding.  

The latent variables in the path model are classified into exogenous and endogenous 

variables. Exogenous variables have no directional arrow coming to them and 

endogenous variables have one or more directional arrows coming to them. The 

hypothesised path model of factors influencing students’ mathematics performance 

related to LOT and HOT is presented in Figure 7.1. The final model is then presented 

in Figure 7.2. 
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Table 7.1  

Variables at Student-level Model 
Latent Variable Mode Manifest 

Variate 
Description Coding 

GENSTU Respondent’s gender Unity Sex 0=Female 1=Male 0=F 1=M 

IDAREA The school location of the 
respondent  is enrolled in 

Unity Location Urban Area 
Rural Area 

1=U 2=R 

EXP_EDU Respondent’s expected 

education 

Unity Educational 

level 

High School, Vocational or 

technical, education after high 
school, Diploma, Bachelor’s 

degree, Master’s degree and 

Doctoral degree 

0 to 5 

0= High 
school 

5= Doctoral 

degree  
SES Respondent’s Socio-

Economic Status 

Inward HomePos 

H EDU 

H JOB 

Home possessions 

Parents’ highest education 

Parents’ highest job 

Raw score 

LR Learning resources used in 

respondent’s mathematics 

classroom 

Inward SFLR A 

SFLR B 

SFLR C 

SFLR D 

Frequency of textbooks, 

worksheets or workbooks, 

concrete objects and 

computer use 

 

Q_TYPE The type of mathematics 

question used in 
respondent’s mathematics 

classroom 

Inward SFWQ A 

SFWQ B 
SFWQ C 

SFWQ D 

Frequency of four types of 

questions use in mathematics 
classroom 

 

 

SLA HOT Learning activities related 
to HOT in respondent’s 

mathematics classroom  

Outward SLA A 
SLA B 

SLA C 
SLA D 

Frequency of Learning 
activities related to HOT in 

mathematics classroom 
 

 

SLA HOT learning activities related 

to LOT in respondent’s 
mathematics classroom 

Outward SLA E 

SLA F 
SLA G 

SLA H 

Frequency of learning 

activities related to LOT in 
mathematics classroom 

 

SBM HOT Respondent’s beliefs 

concerning mathematics 

related to HOT 

Outward SBML A 

SBML B 

SBML C 
SBML D 

SBML F 

SBML G 
SBML H 

SBNM A 

SBNM D 
SBNM E 

SBNM F 

Beliefs concerning 

mathematics related to HOT 

 

SBM HOT Respondent’s beliefs 
concerning mathematics 

related to LOT 

Outward SBML E 
SBML B 

SBML C 

Beliefs concerning 
mathematics related to LOT 

 

INDI_JUD Respondent’s individual 
judgement of mathematics 

ability 

Outward SCM BR 
SCM CR 

SCM ER 

SCM IR 

The self-judgement of 
mathematics ability 

 

MCONF Respondent’s confidence 

in mathematics 

Outward SCM A 

SCM D 

SCM F 
SCM G 

SCM H 

Confidence in mathematics  

LIKE_MATH Respondent’s attitude 
toward mathematics  

Outward ATM A 
ATM BR 

ATM CR 

ATM D 

ATM E 

Liking or disliking 
mathematics 

 

VALUE_MATH Respondent’s valuing 

toward mathematics 

Outward SVM A 

SVM B 
SVM C 

SVM D 

Valuing or devaluing 

mathematics 

 

MATH_LOT Respondent’s mathematics 
performance related to 

LOT 

Unity T LOT Total score of questions 
related to LOT 

Rasch score 

MATH_HOT Respondent’s mathematics 
performance related to 

HOT 

Unity T HOT Total score of questions 
related to HOT 

Rasch score 
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Figure 7.1 Hypothesised model for student-level model (N=1135) 
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Figure 7.2 Final model for student-level model (N=1135) 
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7.3 Measurement Model (Outer Model) 

The measurement or outer model describes the relationship of the latent variables to 

the manifest variates. The initial path model building is undertaken to create the 

hypothesised model. The next stage involves estimating the measurement model, 

followed by the comprehensive evaluation of the results and refinement of the 

measurement model. 

In this study, the PLS-PA is carried out employing SmartPLS 3.2.6, where the 

algorithm settings used is the path weighting scheme (initial weight is 1.0), with the 

maximum iteration being 300 and the abort criterion 1.0E-5. This indicates that the 

PLS_PA algorithm stops when the maximum number of 300 iterations has been 

reached, or the cut-off criterion of 0.00001 has been reached. 

The assessment of the measurement or outer model is divided into the assessment of 

reflective and formative constructs.  

7.3.1. Reflective Constructs of Measurement Model 

The examination of the reflective measurement model begins with reporting the 

estimated loadings. Hulland (1999) suggested that loadings should be ≥ 0.70 to be 

acceptable, with ≥ 0.40 being acceptable for exploratory research. Most of the 

indicators’ loadings of the four reflective constructs (being INDI_JUD, MCONF, 

LIKE_MATH and VALUE_MATH) meet Hulland’s criteria, being slightly below 

0.70, with two being slightly below 0.40 (SBML_F and SBML_G), which were not 

removed in the validation stage (chapter 4) as the cut-off value used was 0.32. 

However, it is evident in this analysis that the exclusion of the two items (SBML_F 

and SBML_G) slightly improve the model. Therefore, the two items (SBML_F and 
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SBML_G) with indicator loadings below 0.40 are removed in the final model in order 

to achieve a better model.  

The next step involves assessing the ‘convergent validity’ which indicates whether or 

not a scale is correlated with other known measures of the concepts. The average 

variance extracted (AVE) can be one of the criteria of convergent validity with the 

recommendation that AVE is to be ≥ 0.50 (Bagozzi & Yi, 1988). The AVE of the 

reflective constructs vary in this study, with three constructs satisfying the criteria of 

AVE ≥ 0.50 (these being INDI_JUD, LIKE_MATH and VALUE_MATH), three 

constructs have the AVE slightly below 0.50 (these being MCONF, SBM HOT, and 

SLA HOT) and two constructs have the AVE less than 0.40 (these being SBM LOT 

and SLA LOT).  

The discriminant validity is then assessed, which examines how distinct or unique a 

construct is compared to other constructs. The discriminant validity is examined based 

on the cross loadings of the indicators, where the loading of the indicators of the 

constructs is higher for the intended construct compared with its loading on other 

constructs, and the Fornell-Larcker criterion, where the square root of AVE for each 

construct is higher than its correlation with other constructs (Fornell & Larcker, 1981). 

The discriminant validity of all reflective constructs in the measurement model is 

established as indicated by the cross loadings and the Fornell-Larcker criterion. The 

details of the cross loadings and the calculation of Fornell-Larcker criterion are 

recorded in Table 7.2.  
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Table 7.2  

Relationship between Correlations among Constructs and Square Root of AVEs (Fornell-Larcker Criterion) for Discriminant Validity  
EXP_EDU GENSTU IDAREA INDI_JUD LIKE_MATH LR MATH_HOT MCONF Math_LOT Q_TYPE SBM_LOT SBM_HOT SES SLA HOT SLA LOT VALUE_MATH 

EXP_EDU SC 
               

GENSTU -0.21 SC 
              

IDAREA -0.15 -0.03 SC 
             

INDI_JUD 0.09 -0.04 -0.03 0.75 
            

LIKE_MATH 0.09 -0.10 0.09 0.44 0.72 
           

LR 0.03 -0.03 -0.05 -0.02 0.08 FMS 
          

MATH_HOT 0.27 -0.07 -0.33 0.14 0.08 -0.06 SC 
         

MCONF 0.04 -0.01 0.06 0.43 0.42 0.12 -0.04 0.70 
        

Math_LOT 0.22 -0.14 -0.32 0.16 0.12 -0.11 0.69 0.03 SC 
       

Q_TYPE 0.14 -0.16 -0.11 0.08 0.09 0.17 0.11 0.11 0.08 FMS  
      

SBM LOT -0.20 0.11 0.23 -0.13 0.10 0.17 -0.43 0.21 -0.45 -0.02 0.62 
     

SBM_HOT 0.10 0.00 -0.08 0.16 0.23 0.07 0.15 0.31 0.17 0.16 0.07 0.64 
    

SES 0.28 0.05 -0.44 0.01 -0.08 -0.01 0.40 -0.02 0.40 0.10 -0.29 0.10 FMS  
   

SLA HOT 0.04 0.01 -0.07 0.13 0.12 0.15 0.08 0.23 0.07 0.22 0.05 0.21 0.11 0.65 
  

SLA LOT 0.15 -0.15 -0.07 0.08 0.13 0.27 0.14 0.13 0.13 0.33 -0.02 0.17 0.14 0.32 0.62 
 

VALUE_MATH 0.15 -0.11 0.00 0.17 0.41 0.08 0.05 0.29 0.02 0.11 0.14 0.26 0.02 0.13 0.13 0.75 

Note. The square root of AVE values is shown on the diagonal and printed in bold (reflective construct only); nondiagonal elements are the latents variable correlations. 

SC= Single-item construct 

FMS=Formative measurement model 
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Table 7.3  

Result Summary for Reflective Measurement (Outer) Model 
Latent variable Indicator Loading Composite reliability AVE 

SLA LOT SLA A 0.49 0.71 0.38 

SLA B 0.65 

SLA C 0.65 

SLA D 0.67 

     

SLA HOT SLA E 0.69 0.75 0.43 

SLA F 0.68 

SLA G 0.62 

SLA H 0.63 

     

SBM LOT SBML A 0.71 0.83 0.38 

SBML B 0.63 

SBML C 0.71 

SBML D 0.67 

SBNM A 0.53 

SBNM D 0.54 

SBNM E 0.56 

SBNM F 0.57 

     

SBM HOT SBML E 0.82 0.67 0.41 

SBML B 0.49 

SBML C 0.58 

     

INDI_JUD SCM BR 0.77 0.84 0.56 

SCM CR 0.78 

SCM ER 0.74 

SCM IR 0.69 

     

MCONF SCM A 0.71 0.83 0.49 

SCM D 0.78 

SCM F 0.71 

SCM G 0.54 

SCM H 0.73 

     

LIKE_MATH ATM A 0.80 0.84 0.52 

ATM BR 0.58 

ATM CR 0.66 

ATM D 0.69 

ATM E 0.82 

     

VALUE_MATH SVM A 0.72 0.83 0.56 

SVM B 0.67 

SVM C 0.79 

SVM D 0.78 

Even though some constructs do not satisfy the criterion of convergent validity (as 

indicated by the AVE), all constructs meet the requirement of discriminant validity 

and, therefore, all constructs are considered to be adequately acceptable. Moreover, all 
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constructs meet the criteria of internal consistency reliability as indicated by the 

composite reliability being ≥ 0.7 (Bagozzi & Yi, 1988). A summary of the reflective 

measurement model evaluation is presented in Table 7.3.  

7.3.2. Formative Constructs of Measurement Model 

The evaluation of the formative measurement model does not follow the same 

procedures as the evaluation of the reflective measurement model. While assessment 

of the reflective model is mainly based on the correlations, this is not applicable for 

the formative model assessment as the indicators of the formative constructs are not 

required to correlate with each other. Consequently, the evaluation concerns 

collinearity and the significance test. In addition, the decision to remove or retain an 

indicator of formative model is made based on the outer weight and loading, as well 

as its significance. When the weight is low and both outer weight and loading are not 

significant, the indicator should be removed from the model (Hair et al., 2013). 

Table 7.4 records the collinearity test results, it indicates that there is no collinearity 

issues as the variance inflation factor (VIF) value for each indicators is below 5, 

satisfying the criteria suggested by Hair, Ringle, and Sarstedt (2011) that the VIF value 

of 5 or higher indicates a greater chance of collinearity problems.  

Table 7.4 also presents the outer weights and outer loading as well as their significance 

level for each formative construct, obtained through the bootstrapping procedure using 

SmartPLS 3.2.6 (Ringle et al., 2015). The student’s SES is initially made up of three 

indicators: (a) possessions within the home possession (HomePos); (b) parent’s 

highest educational level (H_EDU); and (c) parent’s highest job level (H_JOB). 

H_JOB was removed from the final models as the outer weight was too low (below 
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0.1) and neither its outer weight nor outer loading was significant. As for the rest of 

the formative constructs, the weights and/or loadings are significant and therefore 

these indicators are retained. 

Table 7.4  

Outer Weights, Outer Loading Significance and Collinearity Testing Results for 

Formative Measurement Model 
Formative 

Construct 

Formative 

Indicators 

Outer Weights 

(Outer Loadings) 

Significance 

Level 

VIF 

SES HomePos 0.71 (0.95) ***(***) 1.53 

H EDU 0.40 (0.82) ***(***) 1.53 

     

LR SFLR A 0.50 (0.60) ***(***) 1.04 

SFLR B 0.38 (0.55) ***(***) 1.04 

SFLR C 0.53 (0.71) ***(***) 1.06 

SFLR D 0.30 (0.38) *** (***) 1.04 

     

Q_TYPE SFWQ A 0.25 (0.40) ***(***) 1.03 

SFWQ B 0.50 (0.66) ***(***) 1.05 

SFWQ C 0.51 (0.68) ***(***) 1.05 

SFWQ D 0.41 (0.55) **(***) 1.03 

Note: NS= Not significant 

** p < 0.05, ***p < 0.01 

 

In addition to the constructs included in the reflective and formative outer models, the 

model also has four constructs in the unity mode. These are: (a) highest expected 

education (EXP_EDU), (b) gender (GENSTU), (c) students’ mathematics 

performance related to LOT (MATH_LOT) and (d) students’ mathematics 

performance related to HOT (MATH_HOT). Each of these constructs is reflected by 

a single indicator indicating that the construct is reflected by a single indicator. The 

loading, the composite reliability and the communality of the unity mode are 

designated as 1.  
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7.4 Structural (Inner) Model 

The structural or inner model is the path model, representing the magnitude of 

relationships between one variable and another in the hypothesised model. The 

examination of the structural (inner) model is conducted after finalising the outer 

model. It is presented in two subsections, the first section presents the overall 

examination of the structural (inner) model and the second section discusses the details 

of the relationships between variables in the model.  

7.4.1. The Evaluation of the Structural (Inner) Model of the Student-

level Model 

The assessment of the inner model may lead to the elimination of some path arrows 

and of some variables from the model. Latent variables which have weak path 

coefficients and low significance need to be removed from the model. The steps for 

evaluating the structural (inner) model are: (a) assessing the collinearity between latent 

variables in the model; (b) assessing the significance and relevance of the structural 

model relationships; (c) assessing the level of R square (R2); (d) assessing effect size 

(f2) and the predictive relevance (Q2).  

The collinearity assessment is based on the value of tolerance being ≥ 0.2 and the value 

of VIF ≤ 5 in order to have an adequate collinearity; if values are outside these ranges 

this is an indication of a collinearity problem (Menard, 2002). Such a problem requires 

consideration of removing one or more constructs, merging predictors into a single 

construct and creating a higher order construct. The assessment of significance and 

relevance of the structural model relationships involves the evaluation of standardised 

path coefficients. The path coefficient represents the magnitude of relationships 
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between the latent variables in the structural model. The value of any standardised path 

coefficient is between -1 and +1, with a value closer to 1 (either positive or negative) 

indicating a stronger relationship and a value closer to 0 indicating a weaker 

relationship. Only significant path coefficients can be retained in the structural model. 

The significance of the path coefficients in PLS-PA using SmartPLS 3.2.6 (Ringle et 

al., 2015) can be obtained using the bootstrapping procedure which, in this study, is 

based on the population of 1135 students.  A path coefficient of a value of 0.05 or 

greater for a large sample and 0.10 or greater for a small sample are acceptable as 

being meaningful (Sellin, 1990).  

Table 7.5 presents the summary of the results of the structural (inner) model including 

the VIF value, path coefficients (β), R2 and Q2. The VIF values for all latent variables 

are below the recommended threshold of 5, indicating that there is no problem with 

collinearity. The path coefficients of the final model are also recorded in Table 7.5 (the 

non-significant coefficients and the path coefficients below 0.05 are removed from the 

model).  It should be noted that only standardised path coefficients (β) are provided by 

SmartPLS 3.2.6 (Ringle et al., 2015), and therefore, only these are presented. The 

weakest of the path coefficients is the path between students’ expected education 

(EXP_EDU) and students’ individual judgement of mathematics ability (INDI_JUD) 

(β = 0.07). The strongest path coefficient is the path between students’ mathematics 

performance related to LOT (MATH_LOT) and students’ mathematics performance 

related to HOT (MATH_HOT) (β = 0.60). Most of the path coefficients are significant 

with one per cent or less probability of error (p ≤ 0.01), and only one path coefficient 

(EXP_EDU to INDI_JUD) being significant with a five per cent probability of error 

(p ≤ 0.05).  
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Table 7.5  

Summary of Results of Structural (Inner) Model  
Criterion 

N=1135 

Predictor VIF β SE p R2 f2 Q2 

EXP_EDU SES 1 0.29 0.02 *** 0.13 0.10 0.12 

GENSTU 1 -0.23 0.03 ***  0.06  

         

SES IDAREA 1 -0.44 0.02 *** 0.19 0.24 0.14 

         

Q_TYPE LR 1 0.17 0.04 *** 0.03 0.03 0.01 

         

SLA LOT LR 1.03 0.22 0.04 *** 0.15 0.02 0.06 

Q_TYPE 1.03 0.29 0.03 ***  0.08  

         

SLA HOT Q_TYPE 1.12 0.12 0.03 *** 0.12 0.02 0.05 

SLA LOT 1.12 0.28 0.03 ***  0.08  

         

SBM LOT LR 1 0.17 0.05 *** 0.03 0.03 0.01 

         

SBM HOT SLA LOT 1.12 0.11 0.04 *** 0.06 0.03 0.02 

SLA HOT 1.12 0.18 0.04 ***  0.01  

         

INDI_JUD SBM LOT 1.04 -0.12 0.04 *** 0.02 0.01 0.01 

EXP_EDU 1.04 0.07 0.03 **  0.01  

         

MCONF INDI_JUD 1.05 0.43 0.03 *** 0.30 0.25 0.13 

SBM LOT 1.03 0.25 0.03 ***  0.09  

SBM HOT 1.04 0.22 0.03 ***  0.07  

         

LIKE_MATH VALUE_MATH 1.09 0.31 0.03 *** 0.27 0.14 0.13 

MCONF 1.09 0.33 0.03 ***  0.12  

         

VALUE_MATH SBM HOT 1.01 0.24 0.03 *** 0.08 0.06 0.04 

EXP_EDU 1.01 0.12 0.03 ***  0.02  

         

MATH_LOT IDAREA 1.26 -0.15 0.02 *** 0.34 0.03 0.33  
SES 1.31 0.25 0.03 ***  0.07   
SBM LOT 1.13 -0.35 0.02 ***  0.16   
LIKE_MATH 1.31 0.18 0.03 ***  0.05   
GENSTU 1.03 -0.10 0.02 ***  0.02  

         

MATH_HOT IDAREA 1.28 -0.08 0.02 *** 0.51 0.01 0.50 

SES 1.42 0.11 0.03 ***  0.02  

EXP_EDU 1.10 0.09 0.02 ***  0.02  

MATH_LOT 1.24 0.60 0.02 ***  0.60  

Note: **p < 0.05, ***p < 0.01 

The next step in evaluating the inner model involves examining the R square (R2) 

value. The R2 coefficient is used to assess the model’s predictive accuracy, obtained 
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from the squared correlation of actual and predicted values. Consequently, R2 also 

indicates the amount of variance explained in the endogenous construct. The estimated 

R2 values in a specific situation are considered as substantial (0.75), moderate (0.50), 

and weak (0.25) (Cohen, 1988). The outcomes of the model, students’ mathematics 

performance related to HOT (MATH_HOT) and mathematics performance related to 

LOT (MATH_LOT), are the two variables with the highest R2. 

In addition to evaluating the R2 values of all endogenous latent variables, it is also 

important to evaluate the effect size (f2). The f2 indicates an exogenous latent variable’s 

contribution to the amount of variance explained by an endogenous latent variable , 

with the f2 values of 0.02, 0.15 and 0.35 indicating a small, medium and large effect 

size respectively (Cohen, 1988). The last step in the inner model evaluation involves 

assessing the model’s predictive relevance (Q2). Thus, the PLS-SEM has predictive 

relevance when “it accurately predicted the data points of indicators in reflective 

measurement models of endogenous constructs and endogenous single-item 

constructs” (Hair et al., 2013, p. 178). A model has predictive relevance when the Q2 

value is greater than 0 and the model is lacking in predictive relevance when the Q2 

value is less than 0 (Henseler et al., 2009). 

The results of f2 and Q2 values for each of the endogenous variables in the model are 

also presented in Table 7.5. It shows that the effect sizes of the exogenous latent 

variables to the endogenous latent variables are varied in this study. Only one 

exogenous variable has a large effect size, this being the students’ mathematics 

performance related to LOT (MATH_LOT) to the students’ mathematics performance 

related to HOT (MATH_HOT) (f2=0.60). Four exogenous variables have a medium 

effect size, these being the school location (ID_AREA) to students’ socio-economic 
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status (SES) (f2 = 0.24), students’ individual judgement of mathematics ability 

(INDI_JUD) to mathematics confidence (MCONF) (f2 = 0.25), students’ valuing 

mathematics (VALUE_MATH) to liking mathematics (LIKE_MATH) (f2 = 0.14), and 

students’ beliefs concerning mathematics related to LOT to the students’ mathematics 

performance related LOT (MATH_LOT) (f2 = 0.16). The remaining exogenous 

variables have a weak effect size. In addition, all endogenous variables exhibit 

predictive relevance indicated by the Q2
 values being greater than 0. However, some 

of the variables (Q_TYPE, SBM LOT and INDI_JUD) have a low predictive relevance 

value.  

7.4.2. Relationships between Variables in Structural (Inner) Model 

of the Student-level Model 

This section provides a detailed discussion of the relationships between the latent 

variables within the inner model, as they are shown in Figure 7.2. Each endogenous 

variable with its causal paths is discussed individually. In the path model, the three 

exogenous variables are (a) Gender of Student, (b) School Location and (c) Learning 

Resources.  

Expected Education (EXP_EDU) 

Gender of Student (GENSTU) and Socioeconomic Status (SES) are the two variables 

that have a direct effect on Expected Education (EXP_EDU). The R2 value for 

Expected Education (EXP_EDU) is 0.13, indicating that Gender of Student 

(GENSTU) and Socioeconomic Status (SES) collectively account for the 13 percent 

of the variance in the Expected Education (EXP_EDU). The positive path coefficient 

of SES to EXP_EDU (β = 0.29, SE = 0.02) indicates that students with parents of a 

higher SES have a higher expectation for their future educational level. The negative 
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path coefficient from GENSTU to EXP_EDU (β = -0.23, SE = 0.03) indicates that 

female students have a higher expectation for their future educational level than male 

students.  

Socio-economic Status (SES) 

School Location (IDAREA) (β = -0.44, SE = 0.02) is the only variable having a direct 

effect on the scale of SES, with the R2 value being 0.19, indicating that School 

Location explains 19% of the variance of SES. The negative path coefficient indicates 

that schools in the urban areas have more students from higher SES backgrounds than 

schools in rural areas.  

Question Types used in the Mathematics Classroom (Q_TYPE) 

Learning Resources (LR) has a direct effect on the Question Types used in 

mathematics classroom (Q_TYPE) and accounts for only three per cent of the variance 

in question types (R2 = 0.03). The positive path coefficient of LR (β = 0.17, SE = 0.03) 

indicates that the regularity of learning resources teachers use in the classroom 

(including textbooks, worksheets or workbooks, concrete objects, and computer 

software) have a positive effect on the regularity of four types of mathematics 

questions used in the classroom: (a) questions similar to what the teacher solves in the 

classroom; (b) questions which apply my knowledge from previous topics; (c) 

questions which can be solved in many ways, and (d) word problems.  

Student Learning Activities related to LOT (SLA LOT) 

Learning Resources (LR) (β=0.22, SE=0.04) and Questions Types (Q_TYPE) (β = 

0.29, SE = 0.03) have a direct effect on Student Learning Activities related to LOT 

(SLA LOT). The R2 value of 0.15 indicates that both variables explain 15% of the 

variance in SLA LOT. The positive path coefficients indicate that the learning 
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resources frequently used in the mathematics classroom as well as the type of questions 

given to the students have a positive impact on the regularity of learning activities 

related to LOT that are experienced by the students in the mathematics classroom.  

Student Learning Activities related to HOT (SLA HOT) 

Question Types (Q_TYPE) and Student Learning Activities related to LOT 

(SLA_LOT) are the two variables that directly influence SLA_HOT. The two scales 

account for 12 per cent of the variance of the SLA HOT as indicated by the R2 value 

of 0.12. The positive path coefficients of student learning activities related to LOT (β 

= 0.28, SE = 0.03) indicate that the more frequently students have learning activities 

related to LOT, the more they have learning activities related to HOT. Question types 

also have a positive impact on SLA HOT (β = 0.12, SE = 0.03), indicating that the 

types of mathematics questions given to students influence the frequency of students 

having learning activities related to HOT.  

Students’ Beliefs concerning Mathematics related to LOT (SBM LOT) 

Learning Resources is the only variable with a direct effect on SBM LOT (β = 0.17, 

SE = 0.05), indicating that the frequency of using learning resources in the 

mathematics classroom positively influences students’ beliefs concerning mathematics 

related to LOT. The R2 for SBM LOT is 0.03, indicating that learning resources (LR) 

explains only three per cent of the variance of SBM LOT.  

Students’ Beliefs concerning Mathematics related to HOT (SBM HOT)  

Student Learning Activities related to LOT (SLA LOT) and Student Learning 

Activities related to HOT (SLA HOT) have a direct effect on SBM HOT. The positive 

path coefficients of SLA LOT (β = 0.11, SE = 0.04) and SLA HOT (β = 0.18, SE = 

0.04) indicate that the frequency of students having learning activities related to LOT 
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as well as the frequency of students having learning activities related to HOT both 

positively influence the students’ beliefs concerning mathematics related to HOT. The 

more frequently students have learning activities related to LOT and HOT, the more 

positive are students’ beliefs concerning mathematics related to HOT, with SLA HOT 

having a slightly stronger impact on SBM HOT compared with SLA LOT. SLA LOT 

and SLA HOT together account for only six per cent of the variance in SBM HOT (R2 

= 0.06). 

Student Individual Judgement of their Mathematical Abilities (INDI_JUD) 

Student Beliefs concerning Mathematics related to LOT (SBM LOT) and Expected 

Education (EXP_EDU) have a direct effect on INDI_JUD. Student Beliefs concerning 

Mathematics related to LOT negatively influence Individual Judgement (β = -0.12, SE 

= 0.04). This indicates that students who have more positive beliefs concerning 

mathematics related to LOT tend to have a less positive individual judgement of their 

ability in mathematics. Students’ expected education has a positive direct effect on 

their individual judgement (β = 0.07, SE = 0.03), indicating that students who expect 

to achieve a higher educational level tend to have a more positive individual judgement 

regarding their mathematics abilities.  The R2 value for student individual judgement 

of their mathematical abilities (INDI_JUD) is small (R2 = 0.02). Both variables account 

for only two per cent of the variance in INDI_JUD. 

Mathematics Confidence (MCONF) 

 INDI_JUD, SBM LOT and SBM HOT directly influence Mathematics Confidence 

(MCONF). The R2 value for MCONF is 0.30, indicating that the INDI_JUD, SBM 

LOT and SBM HOT collectively account for 30 per cent of the variance in 

mathematics confidence (MCONF). The positive path coefficients of INDI_JUD (β = 
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0.43, SE = 0.03), SBM LOT (β = 0.25, SE = 0.03) and SBM HOT (β = 0.22, SE = 0.03) 

show the positive direct effects of the three scales to MCONF. This indicates that 

students who have a higher individual judgement of their mathematics abilities are 

likely to have greater mathematics confidence. Also, both SBM LOT and SBM HOT 

positively influence mathematics confidence, indicating that students with more 

positive beliefs concerning mathematics related to LOT and HOT tend to have higher 

mathematics confidence.  

Liking of Mathematics (LIKE_MATH) 

Mathematics Confidence (MCONF) and Valuing Mathematics (VALUE_MATH) are 

the two variables that have direct effects on Liking of Mathematics (LIKE_MATH). 

The R2 value for LIKE_MATH is 0.27, indicating that the MCONF and 

VALUE_MATH explain 27 per cent of the variance of LIKE_MATH. The positive 

effect of MCONF on LIKE_MATH (β = 0.31, SE = 0.03) indicates that the more 

confident the students are about their mathematics ability, the more the students like 

mathematics. In other words, students who have more positive confidence in 

mathematics like mathematics more. VALUE_MATH also positively affects 

LIKE_MATH (β = 0.33, SE = 0.03), indicating that when students value mathematics 

positively, they have a more positive attitude toward liking mathematics.  

Valuing Mathematics (VALUE_MATH)       

SES and SBM HOT are the two variables which have direct effects on Valuing 

Mathematics (VALUE_MATH). The R2 value for VALUE_MATH is 0.08, indicating 

that the path model explains eight per cent of the variance of valuing mathematics. The 

path coefficient of SES to VALUE_MATH is positive (β = 0.24, SE = 0.03), indicating 

that students coming from a higher SES tend to value mathematics more positively, 
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seeing this subject as more highly valued for their daily life and their future education. 

SBM HOT also positively influences VALUE_MATH (β = 0.12, SE = 0.03), 

indicating that students who have more positive beliefs concerning mathematics 

related to HOT tend to place a more positive value on mathematics.  

Students Mathematics Performance related to LOT (MATH_LOT) 

There are five variables that have a direct effect on the Students’ Mathematics 

Performance related to LOT (MATH_LOT), namely: (a) SBM LOT (Student Beliefs 

concerning Mathematics related to LOT); (b) GENSTU (Gender); (c) IDAREA 

(School Location); (d) SES (Socio-economic Status); and (e) LIKE_MATH (Liking 

of Mathematics). The R2 value for MATH_LOT is 0.34, indicating that five variables 

collectively account for the 34 per cent of the variance of Students’ Mathematics 

Performance related to LOT.  

Both SES (β = 0.25, SE = 0.03) and LIKE_MATH (β = 0.18, SE = 0.03) have a positive 

direct effect on MATH_LOT. This indicates that students who have a more positive 

liking of mathematics are performing better in mathematics related to LOT. In other 

word, students’ mathematics performance related to LOT is positively influenced by 

attitude in liking mathematics. The positive path coefficient of SES indicates that 

students from higher SES tend to perform better in mathematics related to LOT in this 

study. 

SBM LOT (β = -0.35, SE = 0.02), GENSTU (β = -0.10, SE = 0.02) and IDAREA (β = 

-0.15, SE = 0.02) have a negative direct effect on MATH_LOT. This indicates that 

students who are have more positive beliefs concerning mathematics related to LOT 

tend to perform lower in mathematics related to LOT. This means that students who 
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agree a little or agree a lot to most of the items in SBM LOT tend to have lower 

mathematics performance related to LOT, indicating that students who disagree a little 

or disagree a lot to those statements are performing better. These statements are 

itemised as: (a) mathematics is just about addition, subtraction, multiplication and 

division; (b) in mathematics, a correct answer is more important than the way to get it; 

(c) all mathematics problems can be solved in one way only; (d) mathematics is just a 

collection of rules and formulas; (e) the way teacher solves mathematics problem is 

the only correct way to solve the problem; (f) memorising is the most important thing 

in learning mathematics; (g) I should always follow the procedures the teacher taught 

in solving the mathematics problem; (h) the main goal of doing mathematics problems 

is to obtain a correct answer.  

Female students perform better in mathematics related to LOT than do male students. 

Furthermore, students from urban schools have a higher achievement in mathematics 

related to LOT than do students from rural schools. 

Students Mathematics Performance related to HOT (MATH_HOT) 

Four variables have direct effects on the Students’ Mathematics Performance related 

to HOT (MATH_HOT). The R2 value for MATH_HOT is 0.51, indicating that the 

four variables collectively account for 51 per cent of the variance of students’ 

mathematics performance related to HOT.  

The results show that MATH_LOT (β = 0.60, SE = 0.02), EXP_EDU (β = 0.09, SE = 

0.02), and SES (β = 0.11, SE = 0.03) positively affect MATH_HOT. The path 

coefficients show that MATH_LOT is the strongest variable, indicating that students’ 

mathematics performance related to LOT is a strong predictor of students’ 
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mathematics performance related to HOT. In other words, students who achieve higher 

in mathematics related to LOT tend to achieve higher in mathematics related to HOT. 

Furthermore, the results also signify that students who have higher expectations for 

their future educational level are more likely to perform better in mathematics related 

to HOT. In line with the result for students’ mathematics performance related to LOT, 

students coming from higher SES also tend to achieve higher in mathematics related 

to HOT. 

ID_AREA has a negative effect on MATH_HOT (β = -0.08, SE = 0.02). This indicates 

that students from urban schools tends to achieve higher mathematics performance 

related to HOT than students attending rural schools.  

Two variables are found to have relatively stronger indirect effects on MATH_HOT, 

namely LIKE_MATH (β = 0.11) and SBM_LOT (β= -0.20). This indicates that 

students’ attitude of liking mathematics, mediated by students’ mathematics 

performance related to LOT, positively influence students’ mathematics performance 

related to HOT. In other words, the more positive students’ attitude towards liking 

mathematics, the higher their mathematics performance related to HO.  In addition, 

the result also indicates that student beliefs concerning mathematics related to LOT, 

mediated by students’ mathematics performance related to LOT, negatively influence 

students’ mathematics performance related to HOT. This can be interpreted as students 

who has more positive beliefs on mathematics related LOT tend to achieve lower in 

mathematics performance related to HOT. There are some other variables that show 

relatively weaker indirect effect on MATH_HOT. However, the effect size is very 

small and therefore they are not mentioned here.  
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7.5 Summary 

Partial least square path analysis (PLS-PA) is a structural equation modelling (SEM) 

technique. The PLS-PA uses the partial least squares (PLS) procedure to examine the 

relationship between the latent variables and their manifest variates, as well as the 

interrelationships between the latent variables. The PLS-PA procedure involves 

modelling that does not require data to be normally distributed or based on large 

sample sizes. Furthermore, PLS-PA is able to incorporate both reflective and formative 

constructs. These characteristics of PLS-PA make it suitable for analysis in this study. 

It is also important to note that the PLS-PA operates very effectively for exploratory 

research. 

In this study, the PLS-PA is carried out using SmartPLS 3.2.6 (Ringle et al., 2015), to 

investigate variables influencing students’ mathematics performance related to LOT 

and HOT. The analysis is based on the theoretical framework presented in Chapter 2. 

More specifically, the path analysis is conducted to investigate the variables at the 

student-level that have a predicting relationship on students’ mathematics performance 

related to LOT and HOT. The analysis is conducted to seek answers to the research 

questions: (1) What are the student-level factors influencing students’ mathematics 

performance related to LOT and HOT? and (2) What are the interrelationships among 

student-level factors influencing students’ mathematics performance related to LOT 

and HOT? 

For the first research question, the analysis indicates that the following variables are 

directly influencing Students’ Performance related to LOT: (a) Students’ Beliefs 

concerning Mathematics related to LOT, (b) gender, (c) school location, (d) socio-

economic status, and (e) liking of mathematics. Furthermore, the analysis suggests that 
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four variables have a direct effect on students’ mathematics performance related to 

HOT: (a) mathematics performance related to LOT, (b) school location, (c) highest 

educational expectation, and (d) socio-economic status. 

The analysis shows that some variables have positive effects while others have 

negative effects on students’ mathematics performance related to LOT and HOT. 

Students’ socio-economic status and liking of mathematics have direct positive effects 

on the students’ mathematics performance related to HOT, while students’ beliefs 

concerning mathematics related to LOT, gender and school location have negative 

direct effects. The results indicate that that mathematics performance related to LOT, 

gender, highest educational expectation, and SES positively influence students’ 

mathematics performance related to HOT. However, school location has a negative 

effect indicating students from urban schools perform better in mathematics related to 

HOT.  

The results of the analysis indicate that students’ attitude, as represented by students’ 

liking mathematics, positively influence their mathematics performance. It is also 

noted that students’ mathematics performance related to LOT is the strongest predictor 

for their performance related to HOT. The relationship between gender and 

mathematics performance indicates an interesting initial finding: female students are 

more likely to achieve higher in mathematics performance related to LOT while gender 

has no effect on mathematics performance related to HOT.  

In regards to the second research question, the analysis shows gender and SES 

positively influence students expected education, indicating that female students and 

students with parents of a higher SES have a higher expectation for their future 
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educational level. SES is also influenced by school location indicating that schools in 

the urban areas have more students from higher SES backgrounds than schools in rural 

areas.  

The analysis also indicates that the frequency of using learning resources in the 

classroom have a positive effect on the regularity of the four types of mathematics 

questions used in the classroom. Both learning resources and the question types 

positively influence the regularity of learning activities related to LOT in the 

mathematics classroom. In addition, the question types and students learning activities 

also have positive effects on the frequency of students having learning activities related 

to HOT.  

The analysis shows that learning resources also positively influences the students’ 

beliefs concerning mathematics related to LOT. While both students learning activities 

related to LOT and HOT have direct effects on students’ beliefs concerning 

mathematics related to HOT.  

Students’ beliefs concerning mathematics related to LOT and students’ expected 

education influence students’ individual judgement of mathematics ability. Students’ 

individual judgement of mathematics ability, together with, students’ beliefs 

concerning mathematics related to both LOT and HOT have positive effects on 

student’ mathematics confidence. Furthermore, students’ mathematics confidence and 

students’ attitude of valuing mathematics positively influence their attitude of liking 

mathematics. While the students’ attitude of liking mathematics is positively 

influenced by SES and their attitude of valuing mathematics.  
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The results in this chapter are presented as a single-level model of the student-level 

variables. A more rigorous investigation is required incorporating both teacher-and 

school-level in a multilevel analysis. The HLM analysis results are presented in 

Chapter 9.  
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Chapter 8 Single-Level Path 

Analysis: Teacher-level 

8.1 Introduction 

This chapter presents the results of the partial least square path analysis (PLS-PA) at 

the teacher-level, following the same procedures as the student-level analysis, carried 

out in Chapter 7. The analysis is based on the theoretical framework discussed in 

Chapter 2, examining the teacher-level variables and their possible relationships. It is 

hypothesised that there are teacher-level variables that influence their classroom 

practices in the mathematics classroom, including their practices related to higher 

order thinking and lower order thinking The variables at the teacher-level are: (1) 

teachers’ background: (a) teachers’ age, (b) teachers’ experience, (c) teachers’ 

certification and (d) teachers’ professional development; (2) teaching resources used; 

(3) teachers’ beliefs concerning the nature of mathematics and mathematics learning; 

(4) teachers’ beliefs concerning mathematics teaching; (5) types of questions given to 

students; (6) teachers’ engagement with students; and (7) instructional activities in the 

mathematics classroom.  

The PLS-PA at the teacher-level is also carried out using the SmartPLS 3.2.6 (Ringle 

et al., 2015). The sequence of model building and model evaluation of the results of 

the PLS-PA procedure at the teacher- level follows the same process as in Chapter 7. 

This chapter presents the model building, including the hypothesised and final models, 

followed by the presentation and discussion of results for both measurement (outer) 

and structural (inner) models. All the analyses are based on the data set of 46 teachers.  
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8.2 Model Building of PLS-PA 

Creating a visual representation of the model including the possible relationships 

between the variables is the first stage of model building for the teacher-level path 

analysis. The path diagram and path model consist of both latent variables and manifest 

variates and the relationships between the variables and variates are represented by 

single path arrows. The hypothesised relationships are drawn following the theoretical 

framework presented in Chapter 2.  

The models tested in this chapter are of teacher-level factors that may be influencing 

the classroom practice of instructional activities used in the mathematics classroom. 

The hypothesised model shows that there are 15 latent variables, are presented in Table 

8.1, with their acronyms, their mode (unity, formative or reflective) and description, 

the manifest variates that are associated with each latent variable and their description, 

and finally the coding employed. The hypothesised path model of factors influencing 

classroom practice of instructional activities is illustrated in Figure 8.1.  

The analysis that follows illustrates the strategy that can be employed with PLS-PA 

when the sample is small (N=46). Such a size presents the problem that a singular 

matrix may occur during the estimation, especially when running the bootstrapping 

analysis (in order to obtain the estimates of the significance values of the path 

coefficients). The complexity of the model and the number of variables involved need 

to be considered in the analysis. Barclay, Higgins, and Thompson (1995) 

recommended as a guideline that the appropriate minimum sample size for a robust 

PLS-PA solution be ten times the largest number of indicators associated with a single 

variate or ten times the maximum number of path arrows projected on any variable in 

the outer model. In order to be able to meet this minimum requirement of sample size, 
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and to simplify the model, four variables related to beliefs are transformed to unity 

mode (using a Rasch scale) namely: (a) TBMT_HOT; (b) TBMT_LOT; (c) 

TBNMML_HOT; and (d) TBNMML_LOT.  

The final model is presented in Figure 8.2, with the variables of gender of teacher 

(GENTE), school location (T_AREA), teacher professional development (TPD), 

teachers’ beliefs concerning nature of mathematics and mathematics learning related 

to LOT (TBNMML_LOT). Teachers’ beliefs concerning the nature of mathematics 

and mathematics learning related to HOT (TBNMML_HOT) and teachers’ beliefs 

concerning mathematics teaching related to HOT (TBMT_HOT) are not included in 

the final model as there is no significant path entering to or exiting from them.  
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Table 8.1  

Variables at Teacher-level Model 
Latent Variables Mode Description Manifest Variate Description Coding 

GENTE Unity Respondent’s gender Sex Female, Male 0=F 1=M 

T_Age Unity Respondent’s age Age Years old  

T_Area Unity The school location of respondent is 

teaching 

Location Urban Area, Rural Area 1=U 2=R 

TC Unity Respondent’s status of teacher 

certification 

Teacher certification Certified or Not certified 0=N 1=Y 

TPD Unity The number of professional 
development programs attended by 

respondents in the past 2 years 

Total number of 
Professional 

development programs 

attended 

Mathematics content, (b) Mathematics pedagogy/instruction, (c) 
Mathematics curriculum, (d) Integrating information technology to 

mathematics, (e) Improving students critical thinking and problem 

solving, (f) Mathematics assessment, (g)Addressing individual 
students needs 

 

YT Unity Respondent’s years of teaching Years Total years of teaching  

TR Formative The teaching resources used in 

mathematics classroom 

TR_A to TR_D Frequency of the teaching resources used in mathematics classroom 0=Not used 

1=Used as supplement 

2=Used as basic of instructions 

TBNMML_HOT Unity Respondent’s beliefs concerning 

nature of mathematics and 

mathematics learning related to HOT 

 Beliefs concerning nature of mathematics and mathematics 

learning related to HOT 

Rasch score 

TBNMML_LOT Unity Respondent’s beliefs concerning 

nature of mathematics and 

mathematics learning related to LOT 

 Beliefs concerning nature of mathematics and mathematics 

learning related to LOT 

Rasch score 

TBMT_HOT Unity Respondent’s beliefs concerning 

mathematics teaching related to HOT 

 Beliefs concerning mathematics teaching related to HOT Rasch score 

TBMT_LOT Unity Respondent’s beliefs concerning 
mathematics teaching related to LOT 

 Beliefs concerning mathematics teaching related to LOT Rasch score 

QT_Daily Formative The types of mathematics questions 

respondent used in mathematics 
classroom 

TQ_A to TQ_B 

 

Frequency of 6 types of mathematics questions teacher used in 

mathematics classroom 

1=Never, 2=Seldom, 3=Sometimes, 

4=Usually and 5=Always 

QT_Exam Formative The types of mathematics questions 

respondent used in mathematics 
examination 

TQE_A to TQ_F Frequency of 6 types of mathematics questions teacher used in 

mathematics examination 

1=Never, 2=Seldom, 3=Sometimes, 

4=Usually and 5=Always 

IAS Reflective Instructional activities respondent 

given to students in mathematics 
classroom 

IAS_C to IAS_J 

 

Frequency of instructional activities teacher given to students in 

mathematics classroom 

1=Never, 2=Seldom, 3=Sometimes, 

4=Usually and 5=Always 

TES Reflective Respondent’s effort of engaging with 

students 

IAT_A to IAS_F Frequency of engaging activities teachers do 1=Never, 2=Seldom, 3=Sometimes, 

4=Usually and 5=Always 
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Figure 8.1 Hypothesised model for teacher-level model (N = 46) 
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Figure 8.2 Final model for teacher-level model (N = 46)  



  

 211   

 

8.3 Measurement Model (Outer Model) 

The relationships between the latent variables and the observed variables are included 

in the measurement or outer model. The stages of partial least square path analysis for 

the teacher-level model are similar to those in the student-level model in the previous 

chapter. Hypothesising the relationships that are involved in the model is the first stage 

in path model building. The next stage involves estimating the measurement model by 

assessing its convergent and discriminant validity, followed by a comprehensive 

evaluation of the results and the subsequent refinement of the measurement model.  

8.3.1. Reflective Constructs of Measurement Model 

Table 8.2 presents the criteria reported for the evaluation of the reflective models. 

Indicator loadings of variables are the first criteria in assessing the measurement 

models. The results indicate that all indicator loadings included in the final model are 

above 0.50.  

Table 8.2  

Result Summary for Reflective Measurement (Outer) Model 
Latent Variables Indicators Loadings Composite Reliability  AVE 

IAS IAS_C 0.81 0.85 0.54 

IAS_D Excluded 

IAS_E Excluded 

IAS_F 0.61 

IAS_G 0.88 

IAS_H 0.70 

IAS_J 0.64 

     

TES TES_A 0.57 0.89 0.58 

TES_B 0.88 

TES_C 0.68 

TES_D 0.83 

TES_E 0.85 

TES_F 0.72 

Assessing the convergent validity is the next step in evaluating the measurement model 

by looking at the average variance extracted (AVE) as a criterion, with the 
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recommendation that it should be greater or equal to 0.50 (Bagozzi & Yi, 1988). Both 

latent variables meet this requirement, namely TES and IAS. Initially, the AVE of IAS 

is below 0.50 (0.45). Therefore two indicators (IAS D and IAS E), with loadings below 

0.60, are excluded in order to achieve the acceptable AVE.  

The discriminant validity of both models is then assessed based on the cross loadings 

of the indicators and the Fornell-Larcker criterion. TES meets the requirements, as the 

comparison of the square root of AVE is higher than any latent variables correlation 

with that particular construct. IAS has the square root of AVE slightly lower than the 

one other latent variables correlation and therefore does not meet the requirement of 

the Fornell-Larcker criterion. The details of cross loadings of all indicators and the 

calculation of the Fornell-Larcker criterion are provided in Table 8.3. 

Table 8.3  

Relationship between Correlations among Constructs and Square Root of AVEs 

(Fornell-Larcker Criterion)  
IAS QT_Daily QT_Exam TBMT_LOT TES T_Age TC YT TR 

IAS 0.74 
        

QT_Daily 0.67 FMS 
       

QT_Exam 0.68 0.87 FMS 
      

TBMT_LOT 0.14 0.38 0.23 SC 
     

TES 0.84 0.66 0.60 0.20 0.76 
    

T_Age 0.02 0.27 0.19 -0.20 0.21 SC 
   

TC -0.07 -0.04 -0.13 -0.21 0.15 0.48 SC 
  

YT 0.06 0.28 0.19 -0.16 0.17 0.81 0.52 SC 
 

TR 0.61 0.43 0.42 -0.06 0.66 0.23 0.14 0.28 FMS 

Note. The square root of AVE values is shown on the diagonal and printed in bold (reflective 

construct only); nondiagonal elements are the latents variable correlations. 

SC= Single-item construct 

FMS=Formative measurement model 

The last assessment of the reflective measurement models involves examining the 

composite reliability. All variables in the model satisfy the requirement of the 

composite reliability with the values being greater or equal to 0.70. Based on the 

assessment of the indicator loadings, convergent validity, discriminant validity and 

composite reliability, it can be concluded that all reflective variables are acceptable. 
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Although some variables do not satisfy all four criteria used to assess the reflective 

measurement models, they all meet at least two of the requirements.  

8.3.2. Formative Constructs of Measurement Model 

The evaluation of the formative constructs or variables in the measurement models 

involves collinearity assessments between the formative constructs or variables and 

the significance testing of the variables. The collinearity of each formative construct 

is assessed using SmartPLS 3.2.6 (Ringle et al., 2015). Results shown in Table 8.3 

indicate that there is no indication of a collinearity problem; the tolerance is above 

0.20 and the variance inflation factor (VIF) is less than 5.0 for all constructs.   

The significance of weight and loading indicators are presented on Table 8.4. The 

significance results are obtained through the bootstrapping procedure using SmartPLS 

3.2.6 (Ringle et al., 2015). In assessing the significance of formative variables, it is 

necessary to assess the significance of the outer weights. The significance of the outer 

loadings are then assessed when the outer weight is not significant. Hair et al. (2013) 

suggested that an indicator should be removed from the model when the weight is low 

and both the outer weight and loading are not significant. However, they qualify this, 

saying that the decision to remove indicators should also be based on the consideration 

of content validity, as removing the indicators means removing part of the construct 

(Hair et al., 2013). Table 8.4 shows that most indicators in the model have non-

significant weights but mostly have significant loadings. There are three indicators that 

have neither significant weights nor loadings (these being TQ_D, TQE_A, TR_A and 

TR_D). However, none of the problematic indicators have been removed from the 

models as the indicators have an important role based on content validity consideration 

for its intended construct.  
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Table 8.4  

Outer Weights and Loading Significance Testing Results for Formative Measurement 

(Outer) Model 
Formative 

Construct 

Formative 

Indicator 

Outer Weight 

(Outer Loading) 

Significance 

Level 

VIF 

QT_Daily TQ_A 0.10 (0.43) NS (*) 1.65 

TQ_B 0.25 (0.69) NS (***) 2.21 

TQ_C 0.12 (0.72) NS (***) 1.95 

TQ_D 0.07 (0.22) NS (NS) 1.07 

TQ_E 0.65 (0.91) *** (***) 1.94 

TQ_F 0.15 (0.58) NS (***) 1.44 

     

QT_Exam TQE_A 0.09 (0.26) NS (NS) 2.84 

TQE_B 0.28 (0.66) NS (***) 3.54 

TQE_C 0.32 (0.56) *** (***) 1.57 

TQE_D 0.14 (0.42) NS (*) 1.56 

TQE_E 0.45 (0.74) *** (***) 1.72 

TQE_F 0.27 (0.76) ** (***) 1.87 

     

TR TR_A 0.25 (0.05) NS (NS) 1.09 

TR_B 0.71 (0.83) *** (***) 1.07 

TR_C 0.55 (0.65) ** (***) 1.17 

TR_D 0.11 (0.33) NS (NS) 1.06 

Note: NS= Not Significant 

*p < 0.1, **p < 0.05, ***p < 0.01 

8.4 Structural Model (Inner Model) 

After finalising the outer model, the examination of the structural or inner model is 

conducted. The examination of the outer model may result in the removal of some 

paths and some variables from the model. The assessment of the inner model follows 

the procedures outlined in the previous chapter, namely: (a) examining the collinearity 

between latent variables in the model; (b) examining the significance and relevance of 

the structural relationships; (c) examining the level of R2; (d) examining the effect 

sizes (f2) and the predictive relevance of Q2.  

Table 8.5 present the summary of final results of the structural or inner model 

including VIF values. The collinearity assessment of the model shows no indication of 

collinearity problems as the values of the variance inflation factor (VIF) are below 5, 

as seen in Table 8.5. Once the collinearity assessment is confirmed, the assessment of 

path coefficients is conducted, including its magnitude and significance. Sellin (1990) 
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suggested that only significant path coefficients (β) with a value greater than 0.10 can 

be retained as meaningful in the final model in a small sample. As the sample size for 

teacher-level path analysis is small (N=46), the path coefficients below 0.10 are not 

retained. Table 8.5 also presents the summary of final results of the structural or inner 

model.   

Table 8.5  

Summary of Results of Structural (Inner) Model 
Criterion Predictor VIF β SE p R2 f2 Q2 

YT T_Age 1 0.81 0.09 *** 0.65 1.87 0.61 

         

TC YT 1 0.52 0.11 *** 0.27 0.37 0.25 

         

QT_Daily TR 1 0.46 0.15 *** 0.35 0.32 0.10 

TBMT_LOT 1 0.40 0.15 *** 0.25 

         

QT_Exam QT_Daily 1 0.87 0.04 *** 0.76 3.17 0.12 

         

TES TR 1 0.67 0.08 *** 0.49 0.89 0.23 

TBMT_LOT 1 0.24 0.08 *** 0.12 

         

IAS TC 1.11 -0.15 0.08 ** 0.76 0.09 0.35 

QT_Exam 1.71 0.22 0.10 ** 0.27 

TES 1.72 0.73 0.08 *** 1.30 

Note: **p < 0.05, *** p < 0.01 

The weakest path coefficient is the path between teacher certification (TC) and 

instructional activities (IAS) (β = -0.15, SE = 0.08). The strongest coefficient is the 

path between types of questions used in the exam (QT_Exam) and types of questions 

used in the daily mathematics classroom (QT_Daily) (β = 0.87, SE = 0.04). Most of 

the path coefficients are significant with one per cent or less probability of error (p ≤ 

0.01), with only two path coefficients being significant with five per cent probability 

of error (p ≤ 0.05).  

The estimation of the path coefficients is followed by the calculation of R2 for each of 

the endogenous variables in the model. Table 8.5 shows that within the endogenous 

variables instructional activities (IAS) (R2 = 0.76) and types of questions used in the 
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examination (TQ_Exam) (R2 = 0.76) have the highest R2. These R2 values are 

considered as substantial (Cohen, 1988).  

The assessment of effect size (f2) and predictive relevance (Q2) are now done. The f2  

indicates an exogenous latent variable contribution to the amount of variance 

explained by an endogenous latent variable, with the f2 values of 0.02, 0.15 and 0.35 

indicating a small, medium and large effect size respectively (Cohen, 1988). Table 8.5 

shows that all variables have either a medium or large effect size. Furthermore, all 

endogenous variables exhibit predictive relevance indicated by the Q2
 values being 

greater than 0.  

8.4.1. The Relationships between Variables in the Structural (Inner) 

Model of Student-level Model 

This section discusses in detail the relationships between the latent variables within 

the inner model for the final model, as shown in Figure 8.2. Each endogenous variable 

with its predictors is looked at individually. There are three exogenous variables in the 

path model namely: teacher’s age (T_AGE), teaching resources (TR) and teachers’ 

beliefs concerning mathematics teaching related to HOT (TBMT_HOT).  

Teachers’ Experience (YT) 

The result shows that the age of teachers (T_AGE) has a direct effect on their 

experience (YT) (β = 0.81, SE = 0.10). The positive path coefficient of age to 

experience indicates that the older the teachers are the more experienced they are. This 

result is to be expected, as the indicator of teacher experience is the number of years 

teachers have been teaching. Older teachers tend to have more teaching years than 

younger ones. The R2 value for YT is 0.65, which indicates that the T_Age explains 

65 per cent of the variance teacher experience (YT). 
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Teachers’ Certification (TC) 

The experience of teachers (YT) directly relates to the certification of teachers (TC) 

with the positive path coefficient (β = 0.52, SE = 0.11) indicating that teachers with 

more experience are more likely to have passed the certification examination. The age 

of the teachers and years of teaching are two of the requirements for teachers to be 

eligible to participate in the teacher certification programme in Indonesia. The R2 value 

for TC is 0.27. This means that teacher experience explains 27 per cent of the variance 

of teachers’ certification (TC). 

Types of Questions Used Daily in Mathematics Classroom (QT_Daily) 

Two variables, TR (β = 0.46, SE = 0.13) and TBMT_LOT (β = 0.40, SE = 0.14), have 

positive direct effects on QT_Daily. This indicates that teaching resources is positively 

related to the types of questions used in the mathematics classroom. The positive 

coefficient between TBMT_LOT and QT_Daily indicates that teachers’ beliefs 

concerning mathematics teaching related to LOT has a positive relation to the choice 

of the types of questions that they use frequently in the mathematics classroom. The 

R2 for QT_Daily is 0.35, indicating that the path model explains 35% of the variance 

of QT_Daily.  

Questions Types for Examination (QT_Exam) 

The types of questions used daily in the mathematics classroom (QT_daily) is strongly 

related to the types of questions used in the mathematics examination (QT_Exam). 

The positive coefficient (β = 0.87, SE = 0.05) shows that teachers are likely to give 

students in examinations similar types of questions to those that they use in the 

mathematics classrooms. This may also be interpreted as teachers preparing their 

students for the types of questions that they are given in the examination. QT_Daily 

accounts for 76% of the variance in QT_Exam (R2 = 0.76).  
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Teachers Engaging Students (TES) 

Teachers engaging students (TES) covers the following ideas: (a) summarising what 

students should have learned from the lesson; (b) relating the lesson to students’ daily 

lives; (c) using questioning to elicit reasons and explanation; (d) encouraging all 

students to improve their performance; (e) praising students for good effort; and (f) 

bringing interesting materials to class. There are two variables that have a direct 

positive effect on TES, namely, TR (β = 0.67, SE = 0.05) and TBMT_LOT (β = 0.24, 

SE=0.05). This indicates that the teaching resources used in the mathematics classroom 

have a positive relationship on the engagement of students by teachers. Furthermore, 

this also indicates that the teachers who have more positive beliefs concerning 

mathematics teaching related to LOT are recorded as having a more positive 

engagement with students. The R2 value for teachers engaging students is 0.49, 

indicating that the path model explains 49% of the variance of TES. 

Instructional Activities for Student (IAS) 

Instructional activities (IAS) cover the following:  (a) asking students to work on 

problems with peers with the teacher’s guidance; (b) working on problems together 

with the whole class with direct guidance from the teacher; (c) encouraging students 

to apply facts, concepts and procedures to solve routine problems; (d) requiring 

students to explain their answers; (e) encouraging students to relate what they are 

learning in mathematics to their daily lives; (f) having students decide on their own 

procedures for solving complex problems; (g) having students work on problems for 

which there is no immediate obvious method of solution; and (h) giving students a 

written test or quiz.  

QT_Exam (β = 0.32, SE = 0.07) and TES (β = 0.65, SE = 0.10) have positive direct 

effects on the instructional activities. This indicates that the types of questions given 
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to students in the examination are positively related to the instructional activities given 

to students. Furthermore, teachers’ efforts at engaging students in the mathematics 

classroom also positively relate to the instructional activities, indicating that the 

teachers who frequently engage the students are also more likely to engage in the 

instructional activities listed. The negative path coefficient between teacher 

certification (TC (β = -0.17, SE = 0.10)) and the instructional activities indicates that 

teachers who have not passed the certification examination are less likely to engage 

students in the instructional activities. The path model explains 79% of the variance of 

instructional activities for students in the mathematics classroom as indicated by the 

value of R2 (0.79). 

8.5 Summary 

In this chapter partial least squares path analysis (PA), using SmartPLS 3.2.6 (Ringle 

et al., 2015), is employed to examine the relationships associated with variables at the 

teacher-level. The analysis is based on the theoretical framework presented in Chapter 

2. In particular, the path analysis is carried out to investigate the variables at the 

teacher-level that have an explanatory relationship to classroom practices, including 

teachers engaging students and instructional activities given to students. The analysis 

is carried out to seek answers to these research question: (1) What are the teacher-level 

factors influencing instructional activities in the mathematics classroom? And (2) 

What are the interrelationships among the teacher-level factors influencing 

instructional activities in the mathematics classroom?  

For the first research questions, the analysis of the final model indicates that the 

following variables directly influence classroom practices of instructional activities in 

the mathematics classroom: (a) teacher certification; (b) types of questions used in the 
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examination; and (c) teachers’ engagement with students. The teachers’ engagement 

with students is directly influenced by the teaching resources used in mathematics 

classroom and teachers’ beliefs concerning mathematics teaching related to LOT. In 

addition, the types of questions used in the mathematics classroom is positively related 

to both the teaching resources used as well as teachers’ beliefs concerning mathematics 

teaching related to LOT. The types of mathematics questions given in the examination 

is greatly influenced by the choice of questions used in daily mathematics classroom.  

In regard to the second research question, the analysis shows that teachers’ age is 

positively associated with teachers’ experience; and teachers’ experience is positively 

associated teachers holding certification. The types of questions used in the 

mathematics classroom and teachers’ engaging students are positively influenced by 

teaching resources and teachers’ beliefs concerning mathematics teaching related to 

LOT.  

The results reported in this chapter are concerned with a single-level model of teacher-

level variables. A further examination is required using a strategy which can include 

both teacher-level and student-level variables. This will involve a multilevel analysis, 

namely hierarchical linear modelling (HLM). The HLM analysis results are presented 

and discussed in the next chapter.  
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Chapter 9 Hierarchical Linear 

Modelling Analysis: Student 

Mathematics Performance 

9.1 Introduction 

The data relating to the three levels of student, teacher and school require an 

investigation using a multilevel analysis procedure. Hierarchical linear modelling 

(HLM) analysis is a statistical procedure that enables an analysis to be undertaken 

when the variables involved operate at different levels. A three-level HLM analysis 

enables both the examination of significant variables associated with the outcome 

variable within each level as well as the investigation of how significant variables at 

the upper level influence the slopes of the significant variables at the lower levels 

toward the outcome variable (Bryk & Raudenbush, 2002). 

In this study, the student data is nested within the teacher data and the teacher data is 

nested within the school data. When data is of a nested nature, it is likely that the 

relationships between variables do not occur simply at one level but also between and 

across the various hierarchical levels (Hofmann, 1997). When nested data is 

mishandled or ignored, incorrect conclusions arise concerning the situation both with 

respect to aggregation bias and statistical significance (Snijders, 1999). In order to 

obtain a better understanding of the relationship within and between the hierarchical 

levels, in this study the HLM 6.08 computer program developed by Raudenbush et al. 

(2004) is employed.  
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Earlier techniques that have been employed for dealing with nested data either involve 

disaggregating data to the lower level unit, with the analysis then being based on the 

lower level unit, or aggregating the lower level data to the higher level data (Hofmann, 

1997; J. W. Osborne, 2000). It has long been acknowledged (Thorndike, 1917) that 

this generates serious bias, commonly referred as ‘aggregation bias’. Thus the 

disaggregating and aggregating processes not only generate bias but also result in a 

misestimating of precision and the confounding of the unit of analysis (Bryk & 

Raudenbush, 2002). These imprecise techniques in the past led to incorrect 

conclusions as the result of the exclusion of variability at certain levels (Snijders, 

1999). HLM analysis is a technique spesifically developed to handle the nested data 

using maximum likelihood statistical procedures. In addressing the limitations of the 

conventional techniques, HLM allows for the investigation of causal relationships at 

both individual levels and between levels as well as examining how the variables at 

the higher level of the multilevel structure influence the explanation of effects of the 

variables at the lower level.  

This chapter presents the HLM analysis of a three-level model of student mathematics 

performance. The performance is divided into mathematics performance related to 

LOT and performance related to HOT. Two three-level models of mathematics 

performance are examined: (1) a three-level model of mathematics performance 

related to LOT; and (2) a three-level model of mathematics performance related to 

HOT. The analyses are conducted in two major stages, specifying the null model and 

finalising the conditional model. The results of both the models are presented and 

discussed. A summary of the findings are also presented to conclude the chapter. The 

analyses are based on the student data set (1135 students), the teacher data set (46 

teachers) and the school data set (25 schools).  
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9.2 The Variables and their Level of Operation 

The three sets of variables at the student, teacher and school levels are chosen taking 

into consideration the results of the analysis in the previous chapters. The variables 

used at the student-level (level-1), the teacher-level (level-2) and the school-level 

(level-3) are presented in Table 9.1. Overall there are 15 variables at level-1, 11 

variables at level-2 and 11 variables at level-3. As HLM version 6.08 does not 

incorporate features that allow latent variables to be formed within the overall model, 

Rasch scores obtained using Conquest 2.0 software (Wu et al., 2007) are used for all 

constructs that involve composite variates. The variables with Rasch scores at level-1 

and listed in Table 9.1 are: LIKE_MATH, VALUE_MATH, MCONF, INDI_JUD, 

SBM_LOT, SBM_HOT, SLA_LOT, and SLA_HOT; at level-2 are TBNMML LOT, 

TBNMML HOT, TBMT HOT, TBMT LOT, IAS, TES, T_Resource, QT_Daily and 

QT_Exam. None of the variables operating at level-3 require Rasch scores as most of 

the variables are categorical (ID_AREA) and continuous (NUM_STU, CL_SIZE, 

NUM_TE, NUM_T, NUM_MT, MT_C, MT_Y9, MPRO_A, MPRO_B). 

One variable at level-1 is a composite variable, namely home possessions 

(HOMEPOS), and this composite variable is created by arithmetically summing the 

availability of the possessions at the student’s household. One variable at level-2 is a 

composite variable, namely teacher professional development (TPD), and this 

composite variable is created by arithmetically summing the number of professional 

development training courses attended by each teacher in the last two years. 

Furthermore, one variable at level-3 is a composite variable, namely school resources 

(SR), and this composite variable is created by arithmetically summing the availability 

of the resources at school. 
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Table 9.1  

Observed Variables in Hierarchical Linear Modelling Analyses with Mathematics 

Performance as the Outcome 
Variable Description Coding 

Student level :Level-1 

Students’ 

background 

GENSTU Gender of student 0=Female, 1=Male 

H_EDU Highest education of parent 0= Did not complete Year 
6 to 7= Master’s degree, 

doctoral degree or 

professional degree such 
as law or medicine 

EXP_EDU Students’ expected education 0= High School to 5= 

Doctoral degree 

HOMEPOS Home possessions Raw score 

Students’ 

attitudes 

LIKE_MATH Liking mathematics Rasch score 

VALUE_MATH Valuing mathematics Rasch score 

Students’ 

beliefs 

MCONF Mathematics confidence Rasch score 

INDI_JUD Individual judgement of mathematics ability Rasch score 

SBM_LOT Student belief of mathematics related to lower order 

thinking 

Rasch score 

SBM_HOT Student belief of mathematics related to higher order 
thinking 

Rasch score 

Learning 

activities 

SLA_LOT Learning activities related to lower order thinking Rasch score 

SLA_HOT Learning activities related to higher order thinking Rasch score 

Mathematics 
performance 

MATH_LOT Mathematics score related to lower order thinking Rasch score 

MATH_HOT Mathematics score related to higher order thinking Rasch score 

Teacher level :Level-2 

Teachers’ 
background 

YT Years of teaching Years 

GENTE Gender of teacher 0=Female, 1=Male 

TC Teacher’s certification 1=Yes 0=No 

TPD Teacher professional development Raw score 

Teachers’ 

beliefs 

TBNMML_HOT Teachers beliefs of nature of mathematics and 

mathematics learning related to HOT 

Rasch score 

TBMT_HOT Teachers beliefs of mathematics teaching related to HOT Rasch score 

TBNMML_LOT Teachers beliefs of nature of mathematics and 

mathematics learning related to LOT 

Rasch score 

TBMT_LOT Teachers beliefs of mathematics teaching related to LOT Rasch score 

Instructional 

activities 

IAS Instructional activities Rasch score 

TES Engaging students Rasch score 

School level :Level-3 

Schools’ 

background 

IDAREA ID area 1=Urban, 2=Rural 

NUM_STU Numbers of students at school Raw score 

CL_SIZE Class size Raw score 

NUM_TE Number of teachers at schools Raw score 

NUM_T Number of teachers with certification at schools Raw score 

NUM_MT Number of mathematics teachers at school Raw score 

MT_C Numbers of mathematics teachers with certification Raw score 

MT_Y9 Number of mathematics teachers teaching in year 9 Raw score 

MPRO_A Additional program: Additional mathematics program 
after school 

1=Yes 0=No 

MPRO_B Additional program: Mathematics Olympiad  1=Yes 0=No 

School 

Resources 

SR School resources Raw score 

Outcome    

MATH_LOT The outcome of Model 1  

MATH_HOT The outcome of Model 2  

The conceptual model for the three-level HLM analyses of mathematics performance 

related to LOT and HOT are illustrated in Figures 9.1 and 9.2.  
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Figure 9.1 Conceptual Three-level model of mathematics performance related to 

LOT 

 

Figure 9.2 Conceptual Three-level model of mathematics performance related to 

HOT 
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9.3 Formulating and Testing Three-level Models 

The three-level HLM model in this study is created using a single cross-sectional data 

set with a three-level structure consisting of students (level-1), nested within 

classrooms (teachers, level-2), and teachers nested within schools (level-3). There are 

two major stages of conducting the HLM analysis. The first stage involves examining 

the fully unconditional or null model (the terms mean the same and are used 

interchangeably) of a three-level model. This is the simplest model and consists of no 

explanatory variables at any level, and involves the calculation of the available 

variance in the outcome variable across the three-level model of students, teachers and 

schools (Bryk & Raudenbush, 2002). The second stage of a three-level HLM analysis 

specifies the conditional model, involving the examination of which of the variables 

at each level can explain the variability obtained across different levels of the model 

(Bryk & Raudenbush, 2002). The investigation in the second stage begins with 

examining and estimating the significant variables at level-1 (student) related to the 

outcome variable, followed by examining and estimating the significant variables at 

level-2 (teacher) related to the outcome variables as well as the estimated relationships 

between level-1 variables and the outcome variable, and finalised by examining and 

estimating the significant variables at level-3 (schools) related to the outcome variables 

as well as the relationships between the significant variables at level-1 and level-2 to 

the outcome variable. The process occurs in several steps and involves forming 

hypotheses related to the many possibilities of the conditional model. The final step 

involves the full three-level conditional model with the estimated significant variables 

at the appropriate level.   

HLM 6.08 software is employed to run firstly for the null model, then for the many 

alternative models until the final conditional model is obtained with only significant 
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effects included. At each step maximum likelihood estimation procedures are 

employed rather than least squares, although at the final stage of the examination of 

the final model it is necessary to consider the variance explained at each level when 

compared with the estimated variance available at each level of the initial null model.  

9.4 HLM Findings for Mathematics Performance as the 

Outcomes Variables 

This section presents and discusses the HLM analyses of mathematics performance, 

related to both LOT and HOT, as the outcome variables. The null model, level-1 

conditional model and final three-level model for both mathematics performance 

outcomes are presented.  

9.4.1. Three-level Model of Mathematics Performance related to 

LOT 

The null model, final level-1 conditional model and final three-level model of HLM 

result for student mathematics performance related to LOT are presented in this 

section.    

Null Model 

The null model with mathematics performance as the outcome variable is presented 

as follows: 

Level-1 model: the student level model 

𝑀𝐴𝑇𝐻_𝐿𝑂𝑇𝑖𝑗𝑘 = 𝜋0𝑗𝑘 + 𝑒𝑖𝑗𝑘       [9.1] 

Where 

𝑀𝐴𝑇𝐻_𝐿𝑂𝑇𝑖𝑗𝑘is the mathematics performance related to LOT of student i under 

teacher j in school k; 
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𝜋0𝑗𝑘 is the mean of mathematics performance related to LOT under teacher j in 

school k; and  

𝑒𝑖𝑗𝑘 is a random student effect 

Level-2 Model: the teacher level model 

𝜋0𝑗𝑘 = 𝛽00𝑘 + 𝑟0𝑗𝑘         [9.2] 

Where 

𝛽00𝑘 is the mean of mathematics performance related to LOT in school k; 

𝑟0𝑗𝑘 is a random teacher effect 

Level-3 model: the school level model 

𝛽00𝑘 = 𝛾000 + 𝑢00𝑘         [9.3] 

Where 

𝛾000 is the grand mean; 

𝑢00𝑘 is random school effect 

The results for the fully unconditional model of mathematics performance related to 

LOT is recorded in Table 9.2. The results enable the calculation of variance available 

at each level employing the values of σ2, τπ and τβ obtained from the analysis. The 

variances available are 46%, 20% and 34% at level-1, level-2 and level-3 respectively 

(the detailed computation of variance available is in Table 9.3). The variance for 

mathematics performance is more widely spread across the levels than recorded (in 

Chapter 9) for the attitudes as the outcomes, where variance is strong at in level-1. The 

results for the fully unconditional model of mathematics performance related to LOT 

also indicate that the null model has high reliability at 0.91 and 0.70 for level-2 and 

level-3 intercepts respectively. Furthermore, the chi-square value for level-1 and level-

2, χ² (16) = 195.75, p=0.00, demonstrates that variance is significant. The variation at 
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level-3 is also significant which is shown by the value of chi-square χ² (24) = 91.48, 

p=0.00.  

Table 9.2  

Fully Conditional Model of Mathematics Performance related to LOT 
Final estimation of fixed effects (with robust standard errors) 

Fixed effect Coefficient Standard error t-ratio Approx. df p-value 

 For       INTRCPT1, π0 
   

    For INTRCPT2, β00 
    

      INTRCPT3, γ000 -1.07 0.18 -5.86 24 0.00 

Final estimation of level -1 and level-2 variance components 

Random effect Standard 

deviation 

Variance 

component 

df Chi-square 

(χ²) 

p-value 

 INTRCPT1, r0 0.59 0.34 16 195.75 0.00 

  level-1, e 0.89 0.79 
   

Final estimation of level -3 variance components 

INTRCPT1/INTRCPT2, u00 0.77 0.59 24 91.48 0.00 

Statistics for current covariance components model 

Deviance 3081.42 

Number of estimated parameters 4 

Final Model 

The final model is specified after the analysis and examination of the null model by 

identifying the significant variables at level-1, then level-2 and then level-3. The final 

three-level model of mathematics performance related to LOT is presented in the 

Equations 9.4 to 9.15. 

Level-1 model: the student level model 

𝑀𝐴𝑇𝐻_𝐿𝑂𝑇𝑖𝑗𝑘 = 𝜋0𝑗𝑘 + 𝜋1𝑗𝑘(𝐿𝐼𝐾𝐸_𝑀𝐴𝑇𝐻)𝑖𝑗𝑘 + 𝜋2𝑗𝑘(𝑆𝐵𝑀_𝐻𝑂𝑇)𝑖𝑗𝑘 +

𝜋3𝑗𝑘(𝑆𝐵𝑀_𝐿𝑂𝑇)𝑖𝑗𝑘 + 𝑒𝑖𝑗𝑘        [9.4] 

Level-2 Model: the teacher level model 

𝜋0𝑗𝑘 = 𝛽00𝑘 + 𝛽01𝑘(𝑇𝑃𝐷)𝑖𝑗𝑘 + 𝛽02𝑘(𝐼𝐴𝑆)𝑖𝑗𝑘 + 𝛽03𝑘(𝑇𝐵𝑀𝑇_𝐻𝑂𝑇)𝑖𝑗𝑘 + 𝑟0𝑗𝑘  

[9.5] 

𝜋1𝑗𝑘 = 𝛽10𝑘 + 𝑟1𝑗𝑘         [9.6] 

𝜋2𝑗𝑘 = 𝛽20𝑘 + 𝑟2𝑗𝑘         [9.7] 

𝜋3𝑗𝑘 = 𝛽30𝑘 + 𝑟3𝑗𝑘         [9.8] 
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Level-3 model: the school level model 

𝛽0𝑗𝑘 = 𝛾000 + 𝛾001(𝑆𝑅) + 𝑢00𝑘       [9.9] 

𝛽01𝑘 = 𝛾010          [9.10] 

𝛽02𝑘 = 𝛾020          [9.11] 

𝛽03𝑘 = 𝛾030          [9.12] 

𝛽20𝑘 = 𝛾200          [9.13] 

𝛽30𝑘 = 𝛾300         [9.14] 

Mixed model 

𝑀𝐴𝑇𝐻_𝐿𝑂𝑇𝑖𝑗𝑘 = 𝛾000 + 𝛾001(𝑆𝑅)𝑘 + 𝛾010(𝑇𝑃𝐷)𝑖𝑗𝑘 + 𝛾020(𝐼𝐴𝑆)𝑖𝑗𝑘 +

𝛾030(𝑇𝐵𝑀𝑇_𝐻𝑂𝑇)𝑖𝑗𝑘 + 𝛾100(𝐿𝐼𝐾𝐸_𝑀𝐴𝑇𝐻)𝑖𝑗𝑘 + 𝛾200(𝑆𝐵𝑀_𝐻𝑂𝑇)𝑖𝑗𝑘 +

𝛾300(𝑆𝐵𝑀_𝐿𝑂𝑇)𝑖𝑗𝑘 + 𝑟0𝑗𝑘 + 𝑟1𝑗𝑘(𝐿𝐼𝐾𝐸_𝑀𝐴)𝑖𝑗𝑘 + 𝑟2𝑗𝑘(𝑆𝐵𝑀_𝐻𝑂𝑇)𝑖𝑗𝑘 +

𝑟3𝑗𝑘(𝑆𝐵𝑀_𝐿𝑂𝑇)𝑖𝑗𝑘 + 𝑢00𝑘 ++𝑒𝑖𝑗𝑘       [9.15]  

The model indicates that mathematics performance related to LOT is defined as a 

function with seven main effects across the levels. The three main effects at level-1 

are: Students’ Liking of Mathematics (LIKE_MATH); Students’ Beliefs concerning 

Mathematics related to HOT (SBM_HOT); and Students’ Beliefs concerning 

Mathematics related to LOT (SBM_LOT). The three main effects at level-2 are: 

Teachers’ Professional Development (TPD); Teachers’ Beliefs concerning 

Mathematics Teaching related to HOT (TBMT_HOT); and Instructional Activities 

(IAS). The only effect at level-3 is school resources (SR). There are no interactions 

between the explanatory variables and the slopes across the levels. The result of the 

final three-level model of Mathematics Performance related to LOT (MATH_LOT) is 

presented in Table 9.2.  

The Effects of Level-1, Level-2 and Level-3 Significant Variables on Mathematics 

Performance related to LOT 

Based on the result of the three-level HLM analysis in Table 9.3, the relationships 

between significant variables across the levels are shown in Figure 9.3. This indicates 

that three variables at level-1 have direct effects on the outcome, two with positive 
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relationships (LIKE_MATH and SBM_HOT) and one with a negative relationship 

(SBM_LOT). Students’ Liking of Mathematics has a positive relationship to 

Mathematics Performance related to LOT (LIKE_MATH) (𝛾100 = 0.10, SE=0.02), 

from which it can be stated that the more students like mathematics, the higher will be 

their Mathematics Performance related to LOT. Students’ Beliefs concerning 

Mathematics related to HOT also positively influence their Mathematics Performance 

related to LOT (SBM_HOT)(𝛾200 = 0.07, SE=0.03). It can be argued that the more 

positive students’ beliefs toward mathematics related to HOT, the higher be their 

mathematics performance related to LOT. However, students’ beliefs concerning 

mathematics related to LOT has a negative effect on performance (SBM_LOT)(𝛾300 

=-0.09, SE=0.04), which can be argued to indicate that students who have more 

positive beliefs concerning mathematics related to LOT tend to have lower 

mathematics performance related to LOT.  

There are three main effects at level-2. Instructional activities (IAS, 𝛾020= 0.18, SE= 

0.07) and Teacher Beliefs concerning Mathematics related to HOT (TBMT_HOT) 

(𝛾030=0.12, SE=0.05) both positively influence the outcome. This indicates that the 

more frequently teachers conduct the instructional activities, the higher the students’ 

perform in mathematics related to LOT. Furthermore, those students whose teachers 

have more positive beliefs concerning mathematics related to HOT are found to 

perform at a higher level. On the other hand, Teacher Professional Development (TPD) 

(𝛾010=-0.13, SE=0.05) has a negative relationship to the outcome, indicating that 

students whose teachers are involved in fewer teacher professional development 

programs (TPD) tend to perform higher in mathematics related to LOT.  
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School resources (SR) is the only explanatory variable at level-3 having a direct effect 

on the outcome (𝛾001=0.41, SE=0.17). This can be interpreted as the better equipped 

the schools are, the better students perform in mathematics related to LOT.  

Table 9.3  

Final Model of Students’ Mathematics Performance related to LOT 
Final estimation of fixed effects  

Fixed effect Coefficient Standard error t-ratio Approx. df p-value 

 For       INTRCPT1, π0 
   

    For INTRCPT2, β00 
    

      INTRCPT3, γ000 -1.04 0.15 -7.02 23 0.00 

            SR, γ001 0.41 0.17 2.47 23 0.02 

    For      TPD, β01 
    

      INTRCPT3, γ010 -0.13 0.05 -2.77 37 0.01 

    For      IAS, β02      

      INTRCPT3, γ020 0.18 0.07 2.56 37 0.02 

    For   TBMT_HOT, β03 
    

      INTRCPT3, γ030 0.12 0.05 2.27 37 0.03 

 For  LIKE_MA slope, π1 
   

    For INTRCPT2, β10 
    

      INTRCPT3, γ100 0.10 0.02 4.44 40 0.00 

 For  SBM_HOT slope, π2 
   

    For INTRCPT2, β20 
    

      INTRCPT3, γ200 0.07 0.03 2.34 40 0.03 

 For  SBM_LOT slope, π3 
   

    For INTRCPT2, β30 
    

      INTRCPT3, γ300 -0.09 0.04 -2.37 40 0.02 

Final estimation of level-1 and level-2 variance components 

Random effect Standard 

deviation 

Variance 

component 

df Chi-square 

(χ²) 

p-value 

 INTRCPT1, r0 0.54 0.29 13 286.68 0.00 

   LIKE_MA slope, r1 0.10 0.01 40 84.94 0.00 

   SBM_LOT slope, r2 0.12 0.01 40 60.55 0.02 

   SBM_HOT slope, r3 0.18 0.03 40 83.29 0.00 

 level-1, e 0.81 0.66    

Final estimation of level-3 variance components 

INTRCPT1/INTRCPT2, u00 0.59 0.34 23 104.05 0.00 

Statistics for current covariance components model 

Deviance 2934.97 

Number of estimated parameters 20 
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Figure 9.3 Final three-level HLM model for mathematics achievement related to 

LOT 

Total Variance Extracted and Deviance Reduction 

The detailed calculation of the estimated variance component at each level and 

variance extracted are recorded on Table 9.4.  

Table 9.4  

Estimation of Variance Component and Explained Variance for Mathematics 

Achievement related to LOT 
 Estimation of variance component between: 

 Students (level-1) Teachers (level-2) School (level-3) 

Number of cases 1135 41 25 

Null Model 𝛿2 = 0.79 𝜏𝜋 = 0.34 𝜏𝛽 = 0.59 

Final three-level 

HLM model 

𝛿2 = 0.66 𝜏𝜋=0.29 𝜏𝛽 = 0.34  

Variance 

available at each 

level 

𝛿2

𝛿2 + 𝜏𝜋 + 𝜏𝛽
 

0.79

1.72
= 0.46 = 46% 

𝜏𝜋
𝛿2 + 𝜏𝜋 + 𝜏𝛽

 

0.34

1.72
= 0. 20 = 20% 

𝜏𝛽

𝛿2 + 𝜏𝜋 + 𝜏𝛽
 

0.59

1.72
= 0.34 = 34% 

Proposition of 

variance 

explained by final 

three-level model 

𝛿2(𝑛𝑢𝑙𝑙) − 𝛿2(𝑓𝑖𝑛𝑎𝑙𝑚𝑜𝑑𝑒𝑙)

𝛿2(𝑛𝑢𝑙𝑙)
 

0.79−0.66

0.79
 = 0.16 = 16%  

 

𝜏𝜋(𝑛𝑢𝑙𝑙) − 𝜏𝜋(𝑓𝑖𝑛𝑎𝑙𝑚𝑜𝑑𝑒𝑙)

𝜏𝜋(𝑛𝑢𝑙𝑙)
 

0.34−0.29

0.34
 = 0.15 = 15%  

 

𝜏𝛽(𝑛𝑢𝑙𝑙) − 𝜏𝛽(𝑓𝑖𝑛𝑎𝑙𝑚𝑜𝑑𝑒𝑙)

𝜏𝛽(𝑛𝑢𝑙𝑙)
 

0.59−0.34

0.59
 = 0.42 = 42%  

 

Overall variance 

explained 

(0.79 − 0.66) + (0.34 − 0.29) + (0.59 − 0.34)

0.79 + 0.34 + 0.59
= 0.25 = 25% 

Deviance 

reduction 3081.42 -2934.97 = 146.45 
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The variance extracted by level-1, level-2 and level-3 are 16, 15 and 45 per cent 

respectively. The total variance extracted across the three levels is 25 per cent. Based 

on the result of the final estimation of the three-level model of mathematics 

performance related to LOT in Table 9.2, the deviance of the model is decreased by 

146.45 points (from 3081.42 to 2934.97) with 20 parameters estimated. The large 

deviance reduction indicates that the final model is stronger than the null model.  

9.4.2. Three-level Model of Mathematics Performance related to 

HOT 

The null model and final model of the three-level analysis of mathematics performance 

related to HOT are presented in this section.  

Null Model 

The null model of the mathematics performance related to HOT as the outcome is as 

follow: 

Level-1 model: the student level model 

𝑀𝐴𝑇𝐻_𝐻𝑂𝑇𝑖𝑗𝑘 = 𝜋0𝑗𝑘 + 𝑒𝑖𝑗𝑘       [9.16] 

Where 

𝑀𝐴𝑇𝐻_𝐻𝑂𝑇𝑖𝑗𝑘is the mathematics performance related to HOT of student i under 

teacher j in school k; 

𝜋0𝑗𝑘 is the mean mathematics performance related to HOT under teacher j in 

school k and; 

𝑒𝑖𝑗𝑘 is random student effect 

Level-2 Model: the teacher level model 

𝜋0𝑗𝑘 = 𝛽00𝑘 + 𝑟0𝑗𝑘         [9.17] 

Where 
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𝛽00𝑘 is the mean of mathematics performance related to HOT in school k; 

𝑟0𝑗𝑘 is a random teacher effect 

Level-3 model: the school level model 

𝛽00𝑘 = 𝛾000 + 𝑢00𝑘         [9.18] 

Where 

𝛾000 is the grand mean; 

𝑢00𝑘 is a random school effect 

Table 9.5 records the results of the fully unconditional model of mathematics 

performance related to HOT. The variance extracted at level-2 is significant, indicated 

by the chi-square value, χ² (16) = 119.94, p= 0.00. The significance is also shown for 

the variance at level-3, with the chi-square value, χ² (24) = 102.06, p= 0.00.  

Table 9.5  

Fully Unconditional Model of Mathematics Achievement related to HOT 
Final estimation of fixed effects (with robust standard errors) 

Fixed effect Coefficient Standard error t-ratio Approx. df p-value 

 For       INTRCPT1, π0 
   

    For INTRCPT2, β00 
    

      INTRCPT3, γ000 -2.56 0.26 -9.97 24 0.00 

Final estimation of level -1 and level-2 variance components 

Random effect Standard 

deviation 

Variance 

component 

df Chi-square p-value 

 INTRCPT1,       r0 0.74 0.55 16.00 119.94 0.00 

  level-1,       e 1.51 2.27 
   

Final estimation of level -3 variance components 

INTRCPT1/INTRCPT2, u00 1.10 1.21 24 102.06 0.00 

Statistics for current covariance components model 

Deviance 4267.08 

Number of estimated parameters 4 

In terms of the reliability of the intercepts, both level-1 and level-2 have a high 

reliability of 0.86 and 0.74 respectively. The variance allocated is stated by σ2, τπ and 

τβ with 56%, 14% and 30% of variance allocated at level-1, level-2, and level-3 

respectively. Mathematics performance related to HOT show that the major 

components of variance are allocated at level-1 and level-3.  
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Final Model 

There are four explanatory variables found to be significantly related to the outcome: 

(a) Students’ Expected Education (EXP_EDU); (b) Students’ Individual Judgements 

of their Mathematics Ability (INDI_JUD); (c) Students’ Belief concerning 

Mathematics related to LOT (SBM_LOT); and (d) Mathematics Performance related 

to LOT (MATH_LOT).  

The significant variables at level-2 and level-3 are then included in the final model. 

The final model of the three-level model of mathematics related to HOT is stated in 

Equations 9.19 to 9. 32.  

Level-1 model: the student level model 

𝑀𝐴𝑇𝐻_𝐻𝑂𝑇𝑖𝑗𝑘 = 𝜋0𝑗𝑘 + 𝜋1𝑗𝑘(𝐸𝑋𝑃_𝐸𝐷𝑈)𝑖𝑗𝑘 + 𝜋2𝑗𝑘(𝐼𝑁𝐷𝐼_𝐽𝑈𝐷)𝑖𝑗𝑘 +

𝜋3𝑗𝑘(𝑆𝐵𝑀_𝐿𝑂𝑇)𝑖𝑗𝑘 + 𝜋4𝑗𝑘(𝑀𝐴𝑇𝐻_𝐿𝑂𝑇)𝑖𝑗𝑘 + 𝑒𝑖𝑗𝑘    [9.19] 

Level-2 model: the teacher level model 

𝜋0𝑗𝑘 = 𝛽00𝑗 + 𝛽01𝑘(𝑇𝐶)𝑗𝑘 + 𝛽02𝑘(𝑇𝐵𝑀𝑇_𝐻𝑂𝑇)𝑗𝑘 + 𝑟0𝑗𝑘    [9.20]  

𝜋1𝑗𝑘 = 𝛽10𝑗         [9.21]  

𝜋2𝑗𝑘 = 𝛽20𝑗          [9.22]  

𝜋3𝑗𝑘 = 𝛽30𝑗 + 𝑟3𝑗𝑘         [9.23]  

𝜋4𝑗𝑘 = 𝛽40𝑗 + 𝑟4𝑗𝑘         [9.24]  

Level-3 model: the school level model 

𝛽00𝑘 = 𝛾000 + 𝛾001(𝑀𝑃𝑅𝑂_𝐵)𝑘 + 𝑢00𝑘      [9.25]  

𝛽01𝑘 = 𝛾010          [9.26]  

𝛽02𝑘 = 𝛾020         [9.27]  

𝛽10𝑘 = 𝛾100          [9.28]  

𝛽20𝑘 = 𝛾200 + 𝑢20𝑘         [9.29] 

𝛽30𝑘 = 𝛾300         [9.30]  
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𝛽40𝑘 = 𝛾400         [9.31]  

Mixed model 

𝑀𝐴𝑇𝐻_𝐻𝑂𝑇𝑖𝑗𝑘 = 𝛾000 + 𝛾001(𝑀𝑃𝑅𝑂_𝐵)𝑘 + 𝛾010(𝑇𝐶)𝑗𝑘 + 𝛾020(𝑇𝐵𝑀𝑇_𝐻𝑂𝑇)𝑖𝑗𝑘 +

𝛾100(𝐸𝑋𝑃_𝐸𝐷𝑈)𝑖𝑗𝑘 + 𝛾200(𝐼𝑁𝐷𝐼_𝐽𝑈𝐷)𝑖𝑗𝑘 + 𝛾300(𝑆𝐵𝑀_𝐿𝑂𝑇)𝑖𝑗𝑘 +

𝛾400(𝑀𝐴𝑇𝐻_𝐿𝑂𝑇)𝑖𝑗𝑘 ++𝑟0𝑗𝑘 + 𝑟3𝑗𝑘(𝑆𝐵𝑀_𝐿𝑂𝑇)𝑖𝑗𝑘 + 𝑟4𝑗𝑘(𝑀𝐴𝑇𝐻_𝐿𝑂𝑇)𝑖𝑗𝑘 +

𝑢00𝑘+𝑢20𝑘(𝐼𝑁𝐷𝐼_𝐽𝑈𝐷)𝑖𝑗𝑘 + 𝑒𝑖𝑗𝑘       [9.32]  

The final model states that Mathematics Performance related to HOT (MATH_HOT) 

is estimated to be a function with seven main effects and random errors. The seven 

main effects are: the four explanatory variables at level-1, as stated above; two variable 

at level-2 (Teacher Certification (TC) and Teachers’ Beliefs concerning Mathematics 

Teaching related to HOT (TBMT_HOT)); and one variable at level-3 (the availability 

of a special mathematics program ‘Mathematics Olympiad’ (MPRO_B)).  

The Effect of Level-1, Level-2 and Level-3 Explanatory Variables on Mathematics 

Performance related to HOT 

Table 9.6 records the result of the final estimation of the final model of mathematics 

performance related to HOT. The relationships between significant variables and the 

outcome are also presented in Figure 9.4. At level-1 there are four main effects toward 

the outcome, three of which are positive: (a) Students’ Educational Expectation 

(EXP_EDU) (𝛾100 = 0.09, 𝑆𝐸 = 0.03); (b) Students’ Mathematics Performance 

related to LOT (MATH_LOT) (𝛾400 = 0.60, 𝑆𝐸 = 0.08); and (c) Students’ 

Individual Judgement of Mathematics Ability (INDI_JUD) (𝛾200 = 0.10, 𝑆𝐸 =

0.03). One variable has a negative effects toward the outcome, which is student beliefs 

concerning mathematics related to LOT (SBM_LOT) (𝛾300 = −0.08, 𝑆𝐸 = 0.04). 

The results can be interpreted that students’ mathematics performance related to LOT 

influences the mathematics performance related to HOT whereby the higher they 

perform in mathematics related to LOT the higher is their mathematics performance 

related to HOT. Students’ educational expectation has a positive effect on performance 
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whereby the higher their educational expectation, the higher will be their mathematics 

performance related to HOT. Individual judgement also has a positive relationship to 

the outcome, which indicates that those students who have stronger individual 

judgements of their mathematics ability tend to perform higher in mathematics related 

to HOT. Students’ beliefs concerning mathematics related to LOT influence the 

outcome negatively, indicating that those students with more positive beliefs 

concerning mathematics related to LOT tend to perform lower in mathematics related 

to HOT.  

At level-2, two significant variables, (Teacher Certification (TC) (𝛾010 = 0.45, 𝑆𝐸 =

0.22) and Teachers’ Beliefs concerning Mathematics related to HOT (TBMT_HOT) 

(𝛾020 = 0.16, 𝑆𝐸 = 0.04)) have direct positive effects on the outcome. These results 

indicate that students who are taught by those teachers who have already passed the 

certification tends to have a higher mathematics performance related to HOT. In 

addition, the more positive the teachers’ beliefs concerning mathematics teaching 

related to HOT, the higher is the students’ performance on mathematics related to 

HOT. Conversely, students whose teachers have more positive beliefs concerning 

mathematics teaching related to HOT tend to have higher mathematics performance 

related to HOT.  

Only one significant variable at level-3 has a direct positive effect on the outcome, 

namely, the availability of ‘Mathematics Olympiad’ club at the school (MPRO_B) 

(𝛾001 = 0.98, 𝑆𝐸 = 0.31), indicating that those schools with the “Mathematics 

Olympiad” club tend to have students with high mathematics performance related to 

HOT.  
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Table 9.6  

Final Model of Students’ Mathematics Performance related to HOT 
Final estimation of fixed effects (with robust standard errors) 

Fixed effect Coefficient Standard 

error 

t-ratio Approx. df p-value 

 For       INTRCPT1, π0 
     

    For INTRCPT2, β00 
     

      INTRCPT3, γ000 -3.37 0.21 -15.72 23 0 

        MPRO_B, γ001 0.98 0.31 3.13 23 0.01 

    For TC, B01      

        INTRCPT3, γ010 0.45 0.22 2.09 38 0.04 

    For TBMT_HOT, B02      

        INTRCPT3, γ020 0.16 0.04 3.95 38 0 

 For  EXP_EDU slope, π1 
     

    For INTRCPT2, β10 
     

      INTRCPT3, γ100 0.09 0.03 3.06 1127 0.00 

 For INDI_JUD slope, π2      

    For INTRCPT2, β20      

      INTRCPT3, γ200 0.10 0.03 3.28 24 0.00 

 For  SBM_LOT slope, π3      

    For INTRCPT2, β30      

      INTRCPT3, γ300 -0.08 0.04 -2.49 23 0.02 

 For MATH_LOT slope, π4  
    

    For INTRCPT2, β40 
     

      INTRCPT3, γ400 0.60 0.08 7.72 24 0 

Final estimation of level -1 and level-2 variance components 

Random effect Standard 

deviation 

Variance 

component 

df Chi-square p-value 

 INTRCPT1, r0 0.46 0.21 12 86.62 0 

  SBM_LOT slope, r3 0.20 0.04 38 54.14 0.04 

  MATH_LOT slope, r4 0.32 0.11 38 98.23 0 

 level-1,       e 1.33 1.77 
   

Final estimation of level -3 variance components 

INTRCPT1/INTRCPT2, u00 0.47 0.22 23 74.25 0 

INDI_JUD/INTRCPT2, u20 0.08 0.01 24 35.76 0.06 

Statistics for current covariance components model 

Deviance 3997.31 

Number of estimated parameters 18 
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Figure 9.4 Final three-level HLM model for mathematics performance related to 

HOT 

Total variance explained and deviance reduction 

Table 9.7 records the detailed computation for the initial variance available at each 

level and variance explained across the levels as well as the total variance extracted by 

the three-level model.  

Table 9.7  

Estimation of Variance Component and Explained Variance for Mathematics 

Performance related to HOT 
 Estimation of variance component between: 

 Students (level-1) Teachers (level-2) School (level-3) 

Number of cases 1135 41 25 

Null Model 𝛿2 = 2.27 𝜏𝜋 = 0.55 𝜏𝛽 = 1.21 

Final three-level HLM 

model 
𝛿2 = 1.77 𝜏𝜋=0.21 𝜏𝛽 = 0.22 

Variance available at 

each level 

2.27

4.03
= 0.56 = 56% 

0.55

4.03
= 0. 14 = 14% 

 

1.21

4.03
= 0.30 = 30% 

Proposition of variance 

explained by final three-

level model 

2.27−1.77

2.27
= 0.22 = 22%  

 

0.55−0.21

0.55
= 0.62 = 62%  =

1.21−0.22

1.21
= 0.82 = 82%  

 

Overall variance 

explained 

(2.27 − 1.77) + (0.55 − 0.21) + (1.21 − 0.22)

2.27 + 0.55 + 1.21
= 0.45 = 45% 

Deviance Reduction 4267.08-3997.31=269.77 
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The initial variance available at each level are 56, 14 and 30 per cent at level-1, level-

2 and level-3 respectively, and the proportion of variance explained at each level are 

22%, 62%, and 82% at level-1, level-2 and level-3 respectively. The three-level model 

explains a high variance of 45 per cent. Furthermore, the reduction in deviance also 

indicates that the three-level model of mathematics performance related to HOT is 

stronger than the null model. The deviance is decreased by 269.77 with 18 estimated 

parameters. 

9.5 Summary 

This chapter examines the three-level model of student mathematics performance 

including performance related to LOT and performance related to HOT. The multilevel 

model is required in consideration of the nested nature of the data. The HLM analysis 

is employed to examine the model for significant effects at each level, the student level 

(level-1), the teacher level (level-2) and the school level (level-3) that are hypothesised 

to influence the outcome of students’ mathematics performance involving students’ 

mathematics performance related to LOT and HOT. The analyses also enable an 

examination of the interaction effects operating between variables and across levels. 

The HLM analysis is conducted in two major stages, namely, specifying the 

unconditional model and final conditional model.  

The analyses in presented in this chapter are carried out in order to address this research 

questions: What are the interrelationships between student-, teacher- and school-level 

factors in influencing students’ mathematics performance related to LOT and HOT?. 

The research question is addressed by conducting two HLM analyses, the first model 

involves mathematics performance related to LOT as the outcome and the second 

model involves mathematics performance related to HOT as the outcome.  
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The outcome the first model examined is mathematics performance related to LOT 

and it is directly influenced by seven variables, three of which are at level-1, three of 

which are at level-2 and one that operates at level-3. At level-1, student beliefs 

concerning mathematics related to HOT and student liking mathematics positively 

influence student mathematics performance related to LOT. Conversely, student 

beliefs concerning mathematics related to LOT has a negative effect. At level-2 the 

teacher instructional approach and the teacher beliefs concerning mathematics related 

to HOT influence the outcome positively while teacher attendance of professional 

development training has a negative effect. At level-3 the variable of school resources 

has a positive influence on student mathematics performance related to LOT. There is 

no interaction between the explanatory variables and the slopes across the levels for 

the outcome of mathematics performance to LOT. 

Seven significant variables directly influence mathematics performance related to 

HOT as the outcome. Four of which are at level-1, two is at level-2 and one is at level-

3. The following variables at level-1: (a) students’ educational expectation, (b) student 

mathematics performance related to LOT, and (c) individual judgement have positive 

effects on mathematics performance related to HOT, while (d) student beliefs 

concerning mathematics related to LOT has a negative effect. At level-2, teacher 

certification and teacher beliefs concerning mathematics related to HOT has a positive 

effect on student mathematics performance related to HOT. At level-3 the availability 

of ‘Mathematics Olympiad’ club positively influences the outcome. Interaction occurs 

between one level-3 variable, school resources, and student beliefs concerning 

mathematics related to LOT.  

Overall, the three-level models of student mathematics performance involving 

mathematics performance related to LOT and HOT show that mathematics 
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performance is influenced by several explanatory variables at the three-level. Both 

models of students’ mathematics performance related to LOT and students’ 

performance related to HOT are influenced by some common variables. Those are 

teachers’ beliefs concerning mathematics related to HOT and school resources that 

influence both outcomes positively and students’ beliefs concerning mathematics 

related to LOT that influences both outcomes negatively. Furthermore, the available 

variance and variance explained of both models are not just dominated by the student 

level (level-1) variables. Consequently, it can be argued that the variability in 

mathematics performance is influenced by variables at the students, teachers and also 

schools level of operations, in which the students are nested within teachers and the 

teachers are nested within schools.  

 

 

 

  



  

 244   

 

Chapter 10 Discussion and 

Conclusion  

10.1 Introduction 

The importance of education and, specifically in this study, the importance of 

mathematical skills, ranks highly in any measure of a country’s socio-economic 

development and wellbeing. In Indonesia, a rapidly developing nation, mathematics 

education is seen as an important and integral part of the curriculum and yet Indonesian 

students are ranked lowly internationally in both their LOT and HOT skills. This 

contrasts markedly with the national testing at the end of Year 9, where more than 95% 

of students are passing. There is obviously a disconnection here between international 

and national standards. The high national pass rate, say researchers such as Hendayana, 

Asep, et al. (2010), is because teachers teach directly to the test questions as well as 

advising on strategies to answer multiple choice questions, while failing to develop an 

understanding of mathematical principles in their students. Unfortunately, it is also 

known that there is an element of cheating involved in these examinations and there is 

a current plan to abolish the present assessment methods (Murtiana, 2011). 

This over-emphasis on rote learning and LOT that researchers have found in 

Indonesian classrooms could be assumed to transfer to high results in all LOT skill 

testing. However, neither the outcome of the PISA and TIMMS testing, nor the 

outcome of this study reflect this. Indeed it has been noted that an overemphasis on 

LOT skills can have an overall negative effect on outcomes (Soar & Soar, 1976). 

Previous researchers have also noted the lack of emphasis on HOT in Indonesian 

classrooms, the lack of problem solving and the application of mathematical skills in 
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real life situations (Cahyono, 2010; Hadi, 2002; Saragih & Napitupulu, 2015; 

Sembiring et al., 2008). From these studies and the results of the Aceh mathematics 

test, it would seem that mathematical education is failing the majority of Indonesian 

students. 

The current study is the first in Aceh to investigate the possible factors involved in 

relation to the poor outcome in mathematics performance of students in a test not 

modelled on the national assessment. This quantitative study has been specifically 

designed to examine the factors involved in students’ mathematics performance 

related to both LOT and HOT. Thus it seeks to provide an analysis reflecting the 

findings of educational effectiveness theory, involving a multilevel analysis of 

interrelated factors between the schools, teachers, and students. Educational 

effectiveness theory brings in a fourth level, that of the national socio-cultural context. 

While this research is informed by this, through background reading, it has not sought 

to include it in the research design. 

In this chapter, the summary of findings and discussion are presented. There are 

sections discussing the implications of the study for theory, methodology and policy 

(curriculum), as well as the practice of mathematics education.  From the theory, it is 

not appropriate to make assessments of student performance in relation to LOT and 

HOT without engaging with a hierarchical model of education, teaching and learning. 

Finally, the limitations of the study and some recommendations for future research are 

also presented.  
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10.2 Discussion of Findings 

This study addresses the main research question: What are the student-, teacher- and 

school-level factors that influence student mathematics performance related to LOT 

and HOT? 

It follows a multilevel analysis as indicated by the theoretical and conceptual 

framework. A number of factors at the student-, teacher- and school-levels that may 

have an influence on students’ mathematics performance related to LOT and HOT are 

identified and are listed in the conceptual framework presented in Chapter 2. The 

appropriate instruments for the factors were then selected carefully based on the aim 

of the study and the research questions. The methods of analyses were also established. 

The research is primarily concerned with discovering factors influencing students’ 

ability in relation to LOT and HOT. This findings look firstly at the Acehnese students’ 

ability to solve mathematical problems related to LOT and HOT (10.2.1). It then 

focuses on the students’ mathematics performance related to LOT and HOT 

individually, looking at the three-level factors impacting on these results (10.2.2 and 

10.2.3). Performing this hierarchical analysis provide information that may be used to 

assess the effectiveness of education in Aceh. The interrelationships of students-level 

factors (10.2.4) and the interrelationship of teacher-level factors (10.2.5) follow.  

10.2.1. Students’ Abilities in Solving Mathematics Problems related 

to LOT and HOT 

The descriptive statistics presented in Chapter 6 provide information of students’ 

mathematics performance related to LOT and HOT. Overall, the students in this study 

have low performance with solving mathematics problems related to LOT and an even 

lower performance for mathematics problems related to HOT. More than 70% of the 
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students fall into the category of low achieving (73% for mathematics performance 

related to LOT and 77% for the performance related to HOT). Approximately 18% of 

students have an average mathematics performance related to LOT and 20% of 

students have an average mathematics performance related to HOT. The number of 

students classified in the high achieving group is very small for both mathematics 

performance related to LOT and performance related to HOT. Eight per cent of the 

students scored at the high achieving level for LOT and less than three per cent of the 

students scored at the high achieving level for HOT.  

These results from a sample of 1135 students in Aceh reflect the results obtained by 

PISA testing carried out throughout Indonesia, where Indonesian students have a very 

low performance and have made no significant improvement since testing began in 

2000  (Firman, 2016). Analysis of the PISA 2009, 2012 and 2015 results show that 

approximately 70% of the students are low performers and less than one per cent are 

in the top performers internationally (OECD, 2016a). PISA categorises low performers 

as students who achieve a proficiency of below level 1, where students are expected 

to be able to answer questions involving familiar contexts, where the questions are 

well-defined, where all relevant information is provided and it can solved using routine 

procedures. These criteria are aspects of LOT, meaning that nearly three-quarters of 

the Indonesian students do not have a grasp of even the basics of mathematics. PISA 

defines top performers as students who achieve a proficiency of level 5 and 6, where 

students are expected to be able to evaluate and decide on appropriate problem solving 

strategies, to utilise well-develop thinking and reasoning, and to develop new approach 

to solve non-routine problems with non-standard contexts (OECD, 2013b). These are 

all aspects of HOT skills, meaning that less than one per cent of Indonesian students 

are able to perform HOT related problems. 
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The test devised by the researcher involved mathematics problems related to LOT and 

HOT appropriate for Year 9 students. The test was not as long nor as wordy as the 

PISA and TIMMS tests. While researchers (Firman, 2016; Saragih & Napitupulu, 

2015; Siswono, 2014; Susanti & Darhim, 2014) have been emphasising the poor 

results of Indonesian students’ mathematics performance related to HOT, little 

acknowledgment has been made of the poor standard of LOT (W. Widjaja, 2011, being 

an exception). The results of the PISA and the Aceh test strongly confirm that 

Indonesian students are unable to solve complex, non-routine problem requiring HOT 

involving a higher level of reasoning and the integration of multiple concepts (Firman, 

2016). Stacey (2014), in her article concerning mathematical literacy in Indonesia, has 

stated that the majority of the Indonesian students are not able to comprehend the 

questions of PISA. Indonesian students’ reading literacy is also low, as reported in 

PISA results, with more than 50% of students being at or below level 1 in reading 

proficiency (OECD, 2013c, 2016a). Shahrill, Mahalle, Matzin, Hamid, and Mundia 

(2013), reporting on research in which they were involved, state that “the successful 

students in mathematics depended largely on language-based expressive learning 

styles and study strategies, such as speaking, writing and reading” (p.16). The 

relationship between language skills and mathematical skills needs to be further 

investigated, especially given that Indonesian students are often not receiving school 

education in their mother tongue. It is noted that in Singapore, one of the highest 

performer in mathematics in the international testing, mathematics classes are 

delivered in English (Kirkpatrick, 2011).  
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10.2.2. Student-, Teacher- and School-Level Factors Influencing 

Students’ Mathematics Performance related to LOT  

Acehnese students, along with Indonesian students generally, are performing poorly 

in questions related to LOT in the test administered in this study and international 

examinations. The student-level PLS-PA analyses indicates that students’ mathematics 

performance related to LOT are influenced by five variables: (a) students’ beliefs 

concerning mathematics related to LOT; (b) gender; (c) school location; (d) socio-

economic status (SES); and (e) students’ attitude of liking mathematics. The multilevel 

analyses, using HLM, indicate that there are seven variables that directly influence the 

students’ mathematics performance related to LOT. Three are three variables at the 

student-level: (a) students’ liking of mathematics; (b) students’ beliefs concerning 

mathematics related to LOT; (c) students’ beliefs concerning mathematics related to 

HOT. At the teacher-level, there are also three variables:  (a) teachers’ professional 

development; (b) instructional activities; (c) teachers’ beliefs concerning mathematics 

teaching related to HOT. At the school-level, school resources is the only variable.  

Both the student-level and multilevel analyses indicate that a student’s liking of 

mathematics tends to improve their LOT performance. This result is in keeping with 

those reported by Areepattamannil (2014) and Mohamed and Waheed (2011) who also 

found an influence between students’ attitudes towards mathematics and their 

improved performance.  

Also both analyses indicate that the results also indicate that students who do not have 

strong positive beliefs concerning mathematics related to LOT tend to perform better 

in mathematics related to LOT. We can interpret this to mean that students who see 

mathematics as something that belongs to LOT (such as:  ‘mathematics is just about 

addition, subtraction, multiplication, and division’ and ‘mathematics is just a 
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collection of rules and formulas’) are actually weaker mathematics students, students 

who are unable to see beyond the basics. This is in line with (Garofalo, 1989a) who 

argued that when students hold beliefs that mathematics is about memorising formula, 

their approach in mathematics tends to be of a mechanical nature, which then confines 

them to remembering, without involving creativity, which in turn impacts on their 

overall poor performance. These findings are also supported by Schoenfeld (1989) and 

Schommer‐Aikins et al. (2005) in relation to the importance of students’ beliefs 

concerning mathematics and student performance where they report that students’ 

beliefs concerning mathematics knowledge and learning predicted students’ academic 

performance.  

Based on the three-level HLM analysis, students who have stronger positive beliefs 

concerning mathematics related to HOT perform higher in mathematics related to 

LOT. Students who agree with the statements such as ‘I usually try to create my own 

solution for a mathematics problem’ (the list of all items in the scale of students’ beliefs 

concerning mathematics related to HOT can be found in Chapter 4), have a higher 

performance related to LOT. Positive beliefs concerning HOT are likely to be related 

to greater competency in mathematics generally and it is not surprising that students 

who would hold such beliefs would also perform better in LOT. 

Based on the student-level model, it is concluded that gender, school location and SES 

have direct effects on student mathematics performance related to LOT. Female 

students have a higher mathematics performance related to LOT than do male students. 

The relationships between gender and mathematics performance have varied in 

previous studies. Some studies have reported that male students outperformed female 

students and some others reported that females outperformed males. The results in this 

study are consistent with the study conducted in the US reported by Gallagher and De 
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Lisi (1994) and the study of Malaysian students reported by Abdullah et al. (2016), in 

which females were reported to perform better than males in solving mathematics 

problems. Also, in a longitudinal study conducted by Suryadarma (2015) it was 

reported that 11 years old Indonesian girls outperform 11 years boys, and the gap is 

even wider seven years later. However, it contradicts the finding reported by 

Darmawan (2016), that Indonesian male students performed better than female 

students in mathematics performance in general. It is also contradicts the results of 

PISA 2012, which shows that on average females do not perform as well as males 

(OECD, 2013b).  

Students who are enrolled in the urban schools perform better in LOT than do students 

enrolled in the rural schools. Higher SES is associated with urban schools. These 

findings are consistent with Mohammadpour and Ghafar (2014), Oh (2013), Chen 

(2016) and Thien and Darmawan (2016) who reported that students’ SES positively 

influenced mathematics performance in general. In this study parents’ education is a 

more significant indicator of SES than parents’ occupation (as reported in the 

assessment of the formative construct in Chapter 7) which confirms the findings 

reported by Farooq et al. (2011) that parents’ occupations were less important than 

parents’ education in relation to mathematics performance. This suggest that parental 

attitude towards education, influenced by their own attainment transfers to their 

children ability in mathematics.  

The three-level HLM analysis indicates that that teachers who have strong positive 

beliefs concerning mathematics teaching related to HOT and use particular 

instructional activities frequently have a positive influence on their students’ 

mathematics performance related to LOT. In previous studies teachers’ beliefs were 

found to influence their classroom practices which in turn influenced their students’ 
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outcomes (Ertmer, 2005; Stipek et al., 2001) and Polly et al. (2013) reported a direct 

influence between teachers’ beliefs and student outcomes.  

The relationship between teachers’ professional development and students’ 

mathematics performance related to LOT is negative, indicating that students who are 

taught by teachers who have attended more professional development programmes 

during the last two years tend to have lower mathematics performance related to LOT. 

This finding requires some understanding. It contradicts that reported by Yoon, 

Duncan, Lee, Scarloss, and Shapley (2007) in which substantial professional 

development for teachers increases students’ mathematics performance. The negative 

finding related to teachers’ development programmes in this study may be related to 

the state of the education system and teaching profession in Indonesia, especially in 

outlying provinces like Aceh and rural areas. The descriptive analysis in Chapter 6 

reports that most teachers said they attended development programs related to 

mathematics content and instruction. This is a consequence of not all teachers being 

professionally trained, especially those in rural areas, and the ongoing changes being 

made by the Ministry of Education and Culture to the mathematics curriculum that 

means that teachers attend seminars that simply report curriculum changes. Teachers 

only just become familiar with one change when another is brought in. Fewer teachers 

attend development programmes that focus on improving students’ critical thinking 

and problem solving, on addressing individual student needs and teaching in a way 

that develops understanding and creativity. The issues of teacher training and teacher 

effectiveness will be discussed further in policy implications in 10.5.3. 

The three-level HLM analysis also indicates that school resources directly influence 

students’ mathematics performance related to LOT. Students who are studying in the 

schools with more resources perform better in mathematics related to LOT than do 
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students enrolled in the less equipped schools. This is consistent with the results of 

studies by Lee and Zuze (2011) and Murillo and Román (2011) who reported that 

school resources influenced the students’ mathematics performance in general. The 

descriptive analysis in this study indicates that it is rural school generally that have 

fewer resources and lower mathematics performance, this is an indication of the 

challenge face my developing countries like Indonesia that need to firstly provide 

adequate infrastructure to rural region in order to facilitate equality of education.  

10.2.3. Student-, Teacher- and School-level Factors Influencing 

Students’ Mathematics Performance related to HOT 

The findings of the PLS-PA and HLM analyses indicate that students’ mathematics 

performance related to HOT are directly influenced by several variables at the student, 

teacher- and school-level. Some of the variables are shared with the factors influencing 

students’ performance related to LOT mentioned in the previous section. 

The result of student-level model of PLS-PA records that four variables directly 

influence student mathematics performance related to HOT, namely: (a) student 

mathematics performance related to LOT, (b) students’ educational expectations, (c) 

SES and (d) school location. The three-level model of HLM analysis indicates seven 

variables directly influence student mathematics performance related to HOT. There 

four variables at the student-level: (a) student mathematics performance related to 

LOT; (b) student educational expectation; (c) students’ individual judgement of 

mathematics ability; (d) student beliefs concerning mathematics related to HOT. At 

the teacher-level there are two variables: teacher certification and teachers’ beliefs 

concerning mathematics teaching related to HOT. There is one variable at the school-

level: the availability of a ‘Mathematics Olympiad’ club.  
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The results of both the student-level model and the three-level model of HLM indicate 

that students’ mathematics performance related to LOT has a strong influence on 

students’ mathematics performance related to HOT. Students who score higher for 

mathematics problems related to LOT are more likely to obtain higher scores for 

problems related to HOT. In mathematics, for a student to be able to solve HOT 

problems it is necessary for them to have the basic skills; those with an ability to 

perform HOT will do well at LOT tasks.  

Both the student-level model and the three-level model of HLM also show that a 

student’s expectation of their highest educational qualification also has a direct effect 

on mathematics performance related to HOT, with students aiming higher performing 

better on HOT problems. This is in line with the finding reported by Hammouri (2004). 

It should be noted that a very high number (58%) of the Year 9 students in this study 

indicated that they intend to complete PhDs. This figure is well be beyond the realm 

of the general Indonesian population, where approximately only 11.48 of 270 

thousands of academics in Indonesia complete doctoral programmes (Satrio, 2017), 

and is likely to be the result of the impact of the researcher telling the students that she 

was a PhD candidate.  

The results of the student-level model also indicates that students who are from a 

higher SES background have a higher mathematics performance related to HOT. This 

is consistent the study of the US students reported by Namok Choi and Mido Chang 

(2011). In addition, school location also influences students mathematics performance 

related to HOT, with urban students doing better. HOT skills then are associated with 

urban living and higher SES. This important finding provides an explanation of 

Indonesian students’ poor performance in PISA and TIMMS and Aceh’s students in 

this research. It contradicts an early assessment of the role of SES in education that 
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was subsequently disproved by many researchers (Chen, 2016; Lindberg et al., 2010; 

Petty et al., 2013; Steinmayr & Spinath, 2008; Tsui, 2007).   

The important contribution of this finding is to emphasise that there are factors beyond 

the school-, teacher- and student-levels that impact on student mathematic 

performance. Developing nations, such as Indonesia, are less likely to improve their 

performance in HOT-related testing while a large proportion of the population lives in 

rural areas. Equality of educational opportunity is, as previously stated, a challenge to 

developing nation. However, it should also be noted that Vietnam, a developing 

country, is able to perform very well in HOT-related testing (OECD, 2016a).   

The results of  the three-level HLM model indicate that students’ beliefs related to 

LOT are inversely related to students’ performance in HOT. Students who see 

mathematics education to be concerned primarily with LOT skills are likely to have 

poor HOT skills. As was said in the previous section, mathematics performance is 

influenced by students’ beliefs about mathematics. This finding supports the studies 

by Schoenfeld (1989) and Schommer‐Aikins et al. (2005) who said that that students’ 

beliefs concerning mathematics knowledge and learning predicted students’ academic 

performance. The HLM model also indicate that students’ individual judgement of 

mathematics ability is positively associated with their mathematic performance related 

to HOT. Students who judge higher of their mathematics ability are having higher 

mathematics performance related to HOT.  

The findings of the HLM analysis also indicate that teacher certification has a positive 

influence on students’ mathematics performance related to HOT. Moss (2012) also 

reported that more qualified teachers have students who are able to perform better. 

Again, given that the number of teachers with certification is lower in rural areas, 
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students’ mathematics performance related to HOT is compromised. A further finding 

of the HLM analysis shows that students whose teachers have stronger positive beliefs 

concerning mathematics related to HOT have a better mathematics performance 

related to HOT. This is consistent with the findings of the study reported by 

Tschannen-Moran and Barr (2004) regarding the positive relationship between 

teachers’ beliefs and students’ mathematics performance. However, it should be noted 

that the teacher questionnaire was self-reporting in relation to a teacher’s beliefs 

towards HOT. While the teachers generally had a positive belief towards HOT their 

understanding of it and their ability to transfer this understanding was not tested. It 

could be assumed that most teachers who had even a slight knowledge of the Bloom 

taxonomy, would agree that HOT skills were important to mathematics education. 

Recent research in the US (T. Thompson, 2008) discovered that teachers were often 

unable to accurately define LOT and HOT and consistently underestimated the nature 

of a HOT test question when asked to design one. This suggests that a teacher giving 

a positive response to a statement concerning the value of HOT does not necessarily 

translate to a teacher’s of understanding of HOT or their capacity to facilitate their 

students’ performance in mathematics related to HOT. A further investigation of 

relationships between teachers’ beliefs concerning mathematics and their classroom 

practices transferring to better students’ outcome is needed.  

The result of the HLM analysis, apart from also indicating the importance of location, 

highlights a further school-level variable. The presence of a ‘Mathematics Olympiad’ 

club, significantly influences students’ mathematics performance related to HOT. This 

indicates that students are more likely to be able perform better in HOT mathematics 

problems in the schools where clubs are available. These clubs are organised by the 

school as an additional lesson for students interested in competing in the Olympiad, a 
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prestigious, national competition. This club attracts high achieving students and 

provides them with the opportunity to develop their interest in mathematics beyond 

the classroom. From the descriptive analysis, the schools that organised this club are 

predominantly in urban areas.  

The results presented in section relating to factors influencing students’ mathematics 

performance related to LOT and HOT can be summarised to provide a comparison of 

factors. Some factors are influence both LOT and HOT performance as well as being 

present in both single-level and multilevel models.  

From the results of the single-level analysis, mathematics performance related to LOT 

is higher in urban areas with a higher SES. It is also higher when students like 

mathematics and feel strongly about beliefs related to LOT. Female students 

outperformed males. The multilevel analysis further reveals that performances related 

to LOT are higher when students have a stronger beliefs concerning mathematics 

related to LOT and HOT. This analysis was also able to capture a link between 

students’ performance and teacher-level factors concerning beliefs of mathematics 

teaching related to HOT. The unexpected negative influence of teachers’ higher 

involvement in professional development programmes results in poorer performance 

related to LOT (as has already been explained). The school-level brings in the variable 

of schools resources, where being in a better equipped urban school predicts a higher 

LOT performance.  

Looking at the mathematics performance related to HOT, a higher students’ 

mathematics performance related to HOT is obviously influenced by performance 

related to LOT in both single-level and multilevel models. At the single-level model, 

the significant variables (as in LOT) are higher educational expectation, higher SES 
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and an urban location. The additional factor to influence performance related to HOT 

is students’ high educational expectation. This indicating that students who are better 

at mathematics performance related to HOT also have high educational expectation. 

At the multilevel analysis, performance related to HOT is negatively associated with 

student beliefs related to LOT (as previously explained). A higher educational 

expectation is also showing here. The additional factor discovered to be important is 

students’ high judgement of their mathematical ability. At the teacher-level, 

performance related to HOT is related to teachers having certification and stronger 

beliefs of mathematics related to HOT. The presence of the ‘Mathematics Olympiad 

club’ predominantly in urban schools, is the additional school factor.  

10.2.4. Interrelationships between the Student-level Factors  

The student-level model of PLS-PA shows that there are multiple interrelationships 

within the student-level factors that may influence their relationship with mathematics 

performance related to LOT and HOT.  

Students’ individual judgement of their mathematical abilities is influenced by two 

variables, namely: (a) their expectation of their highest educational level; and (b) their 

beliefs concerning mathematics related to LOT. Students who expect to achieve higher 

in their educational level have more positive individual judgements of their 

mathematics ability. Here at the student-level, there is a further link with putting a high 

beliefs concerning mathematics related to LOT: in this case it is linked with less 

positive individual judgements of their mathematics abilities. This can be somewhat 

explained by the low standard of students’ general mathematical ability; a student who 

judges themselves as having low mathematical abilities will generally believe they 

need to focus on LOT skills.   
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Students’ mathematics confidence is positively influenced by students’ beliefs 

concerning mathematics related to LOT; students’ beliefs concerning mathematics 

related to HOT; and their individual judgement of their mathematics ability. In relation 

to their confidence, students’ individual judgements have the strongest influence; 

when students judge their capacity higher, they are more likely to be confident about 

learning mathematics. This result is expected as the validation of the scale in Chapter 

5 reports that both students’ individual judgements and mathematics confidence are 

subscales of students’ self-efficacy and a moderate correlation is found between the 

subscales. Furthermore, students who have stronger positive beliefs concerning 

mathematics related LOT and HOT also tend to be more confident in learning 

mathematics. This is consistent with Kloosterman (2002) who reported the secondary 

school students’ beliefs of mathematics and mathematics learning have an impact on 

students’ interest in mathematics. In addition, students’ attitude towards liking 

mathematics is influenced by their mathematical confidence and the value they place 

in mathematics; strong confidence and placing a high value on mathematics inspire 

students to like mathematics. Further, with regard to students’ beliefs concerning 

mathematics related to LOT and HOT, the results of the student-level model indicate 

that learning resources used in the mathematics classroom have a positive effect on 

students’ beliefs concerning mathematics related to LOT. Students learning activities 

related to both LOT and HOT positively influence students’ beliefs concerning 

mathematics related to HOT.   

In relation to, SES and student educational expectation, the student-level model results 

also report that SES is strongly related to school location, with students who are 

enrolled in the urban schools are those with parents of a higher SES. Student 
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educational expectation is influenced by gender and SES, with female students and 

students from higher SES have a higher expectation on their future educational level.  

In relation to students’ perceptions of the types of mathematics questions used in their 

classroom and their learning activities, the student-level model indicates that learning 

resources positively influence the frequency of the type of mathematics questions used 

in the classroom. It also shows that the learning resources and the frequency of the 

types of questions used in the classroom have a positive influence with the learning 

activities related to LOT, while the frequency of the types of mathematics questions 

used in the classroom and the learning activities related to LOT positively influence 

students learning activities related to HOT.  

10.2.5. The Interrelationships between the Teacher-level Factors 

The teacher-level path analysis is conducted based on the sample of 46 teachers. 

Despite this small sample size, SmartPLS 3.2.6 (Ringle et al., 2015) enables the 

analysis of the model and a few relationships can be determined. The teacher-level 

model is conducted to identify the interrelationships among the teacher-level factors 

including classroom practices and teacher background.   

The results show that the teacher’s instructional activities conducted in the classrooms 

are positively influenced by the frequency of the types of questions used in 

mathematics examinations; the teachers’ methods of engaging the students; and 

whether or not they are certified. Generally, the tendency of teaching for examinations 

in Indonesian mathematics classrooms is well documented (Hendayana, Supriatna, & 

Imansyah, 2010), where understanding and creativity are passed over in order for the 

school to achieve the maximum percentage of students passing the examination. There 

is also a link between the frequency of instructional activities and the frequency of 
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teachers’ effort in engaging with students, indicating that the teacher’s frequency of 

interaction in one area reinforces the other. Finally, a teacher with certification is more 

likely to involve their students in the instructional activities.  

The results of the teacher-level model also indicate that both teachers’ effort in 

engaging with students and the types of questions teachers used in mathematics 

classrooms are positively influenced by the teaching resources used and their beliefs 

concerning mathematics teaching related to LOT. In regard to the influence of beliefs 

on teachers’ engagement with students, this is in line with Nisbet and Warren (2000) 

who reported that teachers’ beliefs concerning mathematics influence their approach 

to teaching. In term of teaching resources that are associated with the types of 

questions used, in this study the most commonly used teaching resources are 

textbooks, with more than 70% of teachers using them as the basic means of 

instruction; the most common type of mathematics problem given both in the 

classrooms and examinations are word problems, and the least common type of 

questions given to students is unfamiliar problem (non-routine problem). The known 

importance of the link between teachers’ activities and beliefs and student learning and 

performance requires some further comments and contextualisation.  

10.3 Implications of the Study 

The focus of this study has been an analysis of the factors impacting on Acehnese 

students’ mathematic performance in relation to LOT and HOT. Aceh is a less-

developed province within a developing nation. Education, particularly mathematics 

education, despite the government’s best intentions, needs great improvement for 

Indonesia to meet the demands of a technologically sophisticated, globalised world.  

Why are Indonesian students performing so poorly in international assessments? The 
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answer is not simple and involves an assessment of all levels of society and education. 

The blame cannot be placed on resources, as education funding throughout Indonesia 

is adequate. Nor can schools, or teachers or indeed the students shoulder the blame. 

As educational effectiveness theory has shown, the answer is in a complex dynamic 

that is forever shifting (Creemers & Kyriakides, 2008). The findings of this study 

provide a basis for an understanding of students’ mathematics performance in both 

LOT and HOT as an outcome of their society, their schools, their teachers and their 

own background and capacities. At the heart of this is mathematics teaching and 

learning, the future of Indonesia. The implications of the study include theoretical, 

methodological and practical significance for the improvement of mathematics 

teaching and learning in Aceh, Indonesia.  

10.3.1. Theoretical Implication 

Many researchers have examined the numerous and multilevel factors that might 

contribute to students’ mathematics performance, with the factors including student 

attitudes and beliefs, student background, classroom practices, school background and 

school climate and resources among others. These factors have been found to have 

significant relationships to student mathematics performance. While the findings in 

this study themselves do not highlight a great difference between factors relating to 

LOT and HOT, the decision to test for this remains significant as it throws light on the 

general state of mathematics education in Indonesia and the struggle students are 

having in reaching satisfactory mathematical outcomes for both LOT and HOT.  

There are few studies related to these topics conducted in the Asian context, in 

particular in the Indonesian context. Given the student outcomes and Indonesia’s on-

going economic development, there is an obvious need to develop multilevel analyses 
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of the situation. The framework of the present study, as presented in Chapter 2, in 

seeing the effectiveness of education as stemming from many variables and all the 

levels involved in an education system and impacting on a student, builds on the 

research established in the field. The results of the analysis of the data sets confirm 

some of the hypothesised relationships in the conceptual framework. 

 Analyses of Indonesian mathematics teaching have tended to focus on its lack of 

emphasis on HOT and its over-emphasis on LOT. Yet PISA, TIMMS and Aceh data 

all point to a lack of both LOT and HOT skills. This study provides a theoretical 

contribution by examining the factors independently related to LOT and HOT in the 

context of Aceh, Indonesia. The fact that this study is conducted in a non-western or 

developing country context enriches the existing research that has mainly focused on 

a Western, or developed country context.  

10.3.2. Methodological Implication 

The review of research provides the theoretical basis and conceptual framework 

(Chapter 2) for the quantitative methods that are employed (Chapter 3) in order to 

obtain answers for the research questions (Chapter 1). The analyses of the data 

collected initially involve single-level analyses using partial least squares path analysis 

(PLS-PA), with formative variables included in the model. The subsequent HLM 

analyses allow for a more accurate interpretation of the nested levels. 

As is indicated above, the inclusion of some formative variables results in the use of 

path analysis with partial least squares (PLS) instead of a maximum likelihood (ML) 

approach. The partial least squares path analysis (PLS-PA) is employed to examine 

procedure relationships between variables involving the student- and teacher-level. 

The PLS-PA employs a variance-based structural equation modelling (SEM) approach 
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for estimating the path coefficients by maximizing the variance explained by the 

dependent variables. The PLS-PA has the flexibility of being broadly applicable to 

work with a diversity of data (data could be nominal, ordinal or categorical), it has the 

ability to work with both large and small sample sizes and can include both formative 

and reflective latent variables. The feature of formative latent variables being included 

in the PLS-PA is one of the reason why the technique is chosen for single-level analysis 

at the student- and teacher-level. More specifically, the small sample size is an 

advantage of PLS-PA since it is beneficial in the analysis of the teacher data due to the 

low number of cases involved at the teacher level. In addition, the lack of studies 

focusing on factors influencing student mathematics performance that are related to 

LOT and HOT and involve students’ and teachers’ beliefs results in this examination 

being classified as an exploratory research. This also suits the background of the partial 

least squares approach that aims for exploratory research. In this study, SmartPLS 

3.2.6 (Ringle et al., 2015) is used to carry out the partial least squares path analysis.  

Due to the hierarchical nature of the data collected, a single-level analysis is not 

sufficient as the disaggregating and aggregating process can generate bias, resulting in 

a mis-estimation of the precision of the effect and can also lead to the neglect of 

important and meaningful variance at other levels. Therefore, a multilevel analysis 

technique is employed with models that go beyond the single-level analysis. The 

multilevel analysis technique employed is hierarchical linear modelling (HLM) using 

HLM 6. The technique overcomes or reduces the limitations of a single-level analysis, 

taking into account all possible variance at each level as well as enabling interactions 

between variables and cross level effects.  

In addition, acknowledging the limitations of the raw score of classical test theory 

(CTT), this study also employs Rasch analysis and item response theory (IRT). The 
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Rasch model is employed in this study for validating the scales and transforming the 

raw scores of both the mathematics test and the attitudinal questionnaire items using 

interval scale measures. The Rasch model is used for measurement in the scales and a 

complimentary techniques to establish the validity and reliability of the scales. The 

Rasch model involves item response theory (IRT) that provides more rigorous 

measurement by taking into account both item and person data. The Rasch technique 

is also used to transform the raw scores using a weighted likelihood estimation (WLE). 

The WLE scores for the mathematics test and attitudinal questionnaires items are 

obtained by employing Conquest 2.0 software (Wu et al., 2007).  

10.3.3. Policy and Practice Implication 

In a practical sense, this study potentially benefits the students, the teachers, the 

schools and the policy makers. The fact that this study reports that Acehnese students 

have a low performance for both mathematics problems related to LOT and HOT 

indicates that the mathematics performance of Acehnese students needs attention. The 

findings of this study may also begin to map the strengths and weaknesses of current 

mathematics classroom practices in Aceh. Despite most students reporting that they 

have positive attitudes of liking mathematics, their individual judgement and 

mathematics confidence are less positive. Furthermore, textbooks are still used as the 

basis of instruction in most schools and the use of technology in mathematics 

classrooms is still very limited.  

Perhaps the most important finding of this study is that Indonesian students in Year 9 

have a very low performance in mathematical testing that includes both LOT and HOT. 

This means that there is a problem somewhere within the education system. In the past 

the blame has been laid at the feet of the education ministry, the curriculum and a lack 



  

 266   

 

of resources. Today, education in Indonesia is not suffering through a lack of financial 

resources. Both the central government and the provincial governments are generally 

providing adequate finances. In some provinces a lack of infrastructure, including 

roads, transport and internet availability, continues to be a problem, particularly in 

more remote provinces like Aceh. The curriculum has also been blamed. However, the 

national curriculum is explicit in its incorporation of both LOT and HOT.  

After 15 years of carrying out research on education in Indonesia, Bjork (2013) 

concluded that there is a problem within the system. He acknowledged the enormous 

challenges that the nation faced after Independence and its setting up, very quickly, an 

enormous network of schools, one of the largest in the world. He has reviewed the 

curriculum and government policies and found them in line with current international 

benchmark in education. Rather he sees the problem in ‘the culture of teaching’ where 

teachers are seen and see themselves primarily as civil servants rather than as 

innovators of education. Consequently, Ministry of Education reforms do not result in 

change in the classrooms and increases in student performance. Following research 

carried by Hattie (2003), which synthesised over 500,000 studies, he concluded that 

the most direct way of improving student outcome is through improving teacher 

quality. But in the case of Indonesia this will require a change in the status of teachers:  

Developing an infrastructure that treats teachers as professionals and gives 

them the support necessary to act autonomously is an essential antecedent to 

fundamental reform. Once this foundation has been laid, the outcomes of 

policy should more closely match the ministry’s predictions of change (Bjork, 

2013, p. 66).  

The foundation for this change lies in teachers recruitment, training and in-service 

professional development. It is hoped that this study may contribute to Indonesian 

students receiving a mathematics education that will serve them well in their future. 
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10.4 Limitations of the Study and Recommendations for 

Future Research 

This study has resulted in some preliminary and significant findings concerning 

mathematics performance of Acehnese students; however, its design is not without 

some shortcomings. The timeframe, cost and human resources are some of the reasons 

for the limitation of the study. The short period available for data collection has limited 

the area covered and the instruments used in the study. First, the data collection was 

conducted in 25 schools from two regions in Aceh, an urban and a rural area. It would 

have been preferable to choose more than one city and district for the study. However, 

considering the timeframe, cost efficiency and the lack of human resources to carry 

out the study, the choice of the regions included is optimum. Second, the classroom 

practice data is obtained through questionnaires, where teachers self-reported on their 

teaching methodologies and beliefs in relation to mathematics. It would have been 

preferable to have some classroom observation to gain more detailed information and 

provide a reference for self-reported data. Third, the number of mathematics questions 

included in the test is limited to eight questions which covered topics covered the topic 

from Year 7 and Year 8. This was due to the fact that the data collection was conducted 

at the beginning of Year 9. A greater number of mathematics questions may also have 

be preferable to be able to cover more subtopics of mathematics content. Fourth, prior 

performance is not included in the study. Ideally, prior performance is a good predictor 

of the current performance. However, due to the limited resources available for this 

study, only a cross sectional study can be conducted, not a longitudinal study. 

Standardised data on prior performance are also unavailable. 

The limitations concerning the time frame, cost and human resources resulted in a 

compromise for the generalisation of the findings. While the findings cannot be 
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generalised to reflect the Aceh province or the Indonesian population, it should be 

noted that the student outcomes in the testing reflect the data gathered through PISA 

and TIMMS. The findings and conclusion from the study can be used for the basis of 

future studies whether on a smaller or larger scale and within the same or other 

contexts.  

10.5 Concluding remarks 

Educators have a responsibility to ensure the best possible outcomes for their students. 

There is much to be gained from broad scale international comparative studies in 

establishing contributing factors to student outcomes. The contributing factors require 

understanding and reform. The findings of this study show that mathematics teaching 

and learning in Aceh is in a similar state to that throughout Indonesia. Indonesian 

mathematics students are underperforming. Teachers are the bridge between the 

national system and local school policies and the curriculum; it is they who work with 

their students to achieve their potential. While internationally educators are trying to 

find the most effective methods for teaching HOT, Indonesia must face the reality that 

its system of mathematics teaching must be rigorously reviewed. 
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Appendix C School Questionnaire 

School Questionnaire (English) 
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School Questionnaire (Bahasa) 
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Appendix D Teacher questionnaire 

Teacher Questionnaire (English) 
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Teacher Questionnaire (Bahasa) 
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Appendix E Student questionnaire 

Student Questionnaire (English) 
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Student Questionnaire (Bahasa) 
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Appendix F Mathematics test 

Mathematics Test (English) 
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Mathematics Test (Bahasa) 
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Appendix G Mathematics Test and Marking Scheme Format 

The mathematics test consists of eight questions adapted from Trends in International 

Mathematics and Science Study (TIMMS) and Programme for International Student 

Assessment (PISA) items. The purpose of the test is to examine students’ lower order 

thinking skills and higher order thinking skills in mathematics, so the items have been 

chosen specifically to allow this assessment. There are six ‘stages’ of the questions 

involving LOT and four involving HOT. 

The classification of the test items as LOT or HOT is based mainly on Bloom’s revised 

taxonomy, in which the cognitive processes of remembering, understanding, and 

applying are categorised as LOT and analysing, evaluating and creating are categorised 

as HOT. The detailed cognitive processes of Bloom’s taxonomy are presented in Table 

I.  Table II lists the items, the content domain and the cognitive domain according to 

LOT and HOT.  

Table I  

Structure of the Cognitive Process Dimension of the Revised Bloom’s Taxonomy  

Cognitive processes Description  

1. Remembering Retrieving knowledge from long-term memory (recognising, 

recalling) 

2. Understanding Determining the meaning of instructional messages, including 

oral, written, and graphic communication (interpreting, 

exemplifying, classifying, summarising, inferring, 

comparing, and explaining) 

3. Applying Carrying out or using a familiar procedure in a given situation 

(executing, implementing) 

4. Analysing  Breaking material into its constituent parts and detecting how 

the parts relate to one another and to an overall structure or 

purpose (differentiating, organizing, attributing)  

5. Evaluating  Making judgments based on criteria and standards (checking, 

critiquing)  

6. Creating  Putting elements together to form a novel, coherent whole or 

make an original product (generating, planning, producing)  
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Table II  

Items, Content and Cognitive Domains 
No Items Content 

Domain 

Cognitive 

Domain 

1  What fraction is equal to 0.6? (Please put it in the 

simplest fractions) (TIMSS 2011) 

 

Number 

(fractions and 

decimals) 

Remembering, 

understanding 

(L)  

2  Simplify this equation: 2(𝑥 + 𝑦) − (2𝑥 − 𝑦) 
(TIMSS 2007) 

 

Algebra Remembering, 

understanding 

(L)  

3  A rectangular garden which is next to a building has a 

path around the other three sides, as shown below.  

 

 

 

 

 
 
 
 
 
 
 
 

 

 

What is the area of the path? (TIMSS 1999) 

 

Measurement Analysing, 

evaluating (H)  

4  Use the formula 𝑦 = 100 −
100

1+𝑡
  to find the value of y 

when t=9. (TIMSS 2011) 

 

Algebra Remembering, 

understanding 

(L)  

5  Fadli from Aceh was preparing to go to Australia for 

3 months as an exchange student. He needed to 

change some Indonesian Rupiah (IDR) to Australian 

Dollars (AUD).  

 

Fadli found out that the exchange rate between 

Australian dollars (AUD) and Indonesian rupiahs 

(IDR) was: 

1 AUD = 10,000 IDR  

  

a) Fadli changed 5,000,000 Indonesian rupiahs 

into Australian dollars at this rate. How 

much money in Australian dollars did Fadli 

get?  

b) On Returning to Aceh after 3 months, Fadli 

had 150 AUD left. He changed this back to 

Indonesian rupiah, noting that the exchange 

rate had changed to: 

1 AUD = 9,500 IDR 

How much money in Indonesian rupiah did 

Fadli get?  

c) During these months the exchange rate has 

changed from 10,000 to 9,500 IDR per 

AUD.  

Algebra Understanding 

(a,b) (L)  

 

Analysing, 

evaluating (c) 

(H)  

Building 

Garde

n 

10m 

8m 

12m 

12m 
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No Items Content 

Domain 

Cognitive 

Domain 

Was it in Fadli’s favour that the exchange 

rate now was 9,500 instead of 10,000 IDR, 

when he changed his Australian dollars back 

to Indonesian rupiah? Give an explanation to 

support your answer. (PISA)  

 

6  If 𝑥 − 𝑦 = 5 and 
𝑥

2
= 3 

 What is the value of y? (TIMSS 2003) 

 

Algebra Understanding, 

applying (L)  

7  The table shows a relation between x and y. 

 

 

 

What is the equation to express the relation between x 

and y. Show your work. (TIMSS 1999) 

 

x 2 3 4 5 

y 7 10 13 16 

Algebra Analysing, 

evaluating (H)  

8  A pizzeria serves two round pizzas same thickness in 

different in different sizes. The smaller one has a 

diameter of 30 cm and cost 30,000 rupiah. The larger 

one has a diameter of 40 cm and costs 40,000 rupiah.  

Which pizza is better value for money? Show your 

work/reasoning. (PISA) 

 

Geometry Evaluating, 

creating (H)  

Items 1, 2, 4 and 6 are categorised as lower order thinking questions, while the rest of 

the items are categorised as higher order thinking. Partial credit model will be 

employed to score students’ responses. Table III presents in details the marking 

scheme for each item.  

Table III 

Mathematics Test Marking Scheme 
Item Response Code 

1 Correct response (2 steps) 

 

Step 1: Knowing how to convert decimal to fraction. 

Step 2: Knowing how to simplifying the fraction. 

 

0.6 = 
6

10
= 

3

5
          or       0.6 = 

60

100
=

30

50
=

3

5
 

 

Partially correct response (only 1 step correct) 

0.6 =
6

10
=

3

10
        or        0.6 = 

6

10
 (without simplifying) 

 

Incorrect response 

None of the steps is correct. 

 

Correct response = 2 

Partially correct response =1 

Incorrect response=0 

 

Note: LOT (1-2) 

2 Correct response (2 steps) 

 

Step 1: Knowing the hierarchical rules of simplifying.  

Step 2: Knowing the classification of like terms. 

Correct response = 2 

Partially correct response =1 

Incorrect response=0 
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Item Response Code 

 

2𝑥 + 2𝑦 − 2𝑥 + 𝑦 

3𝑦 
 

Partially correct response (only 1 step correct) 

2𝑥 + 2𝑦 − 2𝑥 + 𝑦 

4𝑥 + 4𝑦 
 

Incorrect response 

None of the steps are correct or just the answer without the 

calculation steps. 

 

Note:LOT (1-2) 

3 Correct response (3 steps) 

 

Step 1: Analysing to measure the area of the path. 

Step 2: Knowing the formula for measuring area of square. 

Step 3: Knowing the formula for measuring area of 

rectangle. 

 

The area of garden + path (the square)  

 = 𝑠𝑖𝑑𝑒 × 𝑠𝑖𝑑𝑒 = 12 × 12 = 144𝑚2 
 

The area of garden only (the rectangle) 

= 𝑙𝑒𝑛𝑔𝑡ℎ𝑥𝑤𝑖𝑑𝑡ℎ = 10 × 8 = 80𝑚2 
 

The area of the path only 

= 𝑡ℎ𝑒𝑎𝑟𝑒𝑎𝑜𝑓𝑡ℎ𝑒𝑠𝑞𝑢𝑎𝑟𝑒 − 𝑡ℎ𝑒𝑎𝑟𝑒𝑎𝑜𝑓𝑟𝑒𝑐𝑡𝑎𝑛𝑔𝑙𝑒  

= 144𝑚2 − 80𝑚2 = 64𝑚2 

 

Partially correct response  #1  (only 2 steps correct) 

Partially correct response #2 (only 1 step correct) 

 

Incorrect response 

None of the steps are correct or just the answer without the 

calculation steps. 

 

Correct response = 3 

Partially correct response 1 =2 

Partially correct response 2 =1 

Incorrect response=0 

 

Note: HOT (1-5) 

4 Correct response (2 steps) 

 

Step 1: Knowing how to use the formula. 

Step 2: Order of operation. 

 

𝑦 = 100 −
100

1 + 9
 

𝑦 = 90 

 

 

Partially correct response (only 1 step correct) 

𝑦 = 100 −
100

1 + 9
 

𝑦 =
0

10
= 0 

 

Incorrect response 

None of the steps are correct or just the answer without the 

calculation steps. 

 

Correct response = 2 

Partially correct response =1 

Incorrect response=0 

 

Note: LOT (1-2) 

5 Correct response a (2 steps) 

 

Step 1: Comprehension of exchange rates (units) 

a. Correct response = 2 

Incorrect response=0 

 



  

 310   

 

Item Response Code 

Step 2: Computation 

 
5,000,000

10,000
= 500, Faisal got 500 AUD 

 

Incorrect response a  

Student makes a wrong computation 

 

Correct response b (2 steps) 

 

Step 1: Comprehension of exchange rates (units) 

Step 2: Computation 

 

150 × 9,500 = 1,425,000  

Faisal got 1,425,000 rupiah 

 

Incorrect response b  

Student makes an incorrect computation. 

 

Correct response c (2 steps) 

 

Step 1: Analysing the change of the currency rate. 

Step 2: Evaluating the case to make conclusion. 

 

Correct response c  #1 

3 months ago 10,000 IDR = 1 AUD 

Today  9,500 IDR = 1 AUD 

That is today you receive less IDR for one AUD than 3 

months ago. So it is not in Faisal’s favour. 

 

Correct response c  #2 

1:10,000 before 

1:9,500 after 

It was not in his favour to change the money. 

 

Correct response c  #3 

No, since he paid 10,000 for $1before which is more 

expensive than 9,500. He lost another 5% when he 

changed the currency back. 

 

Correct response c  #4 

No, because the value of the Indonesian currency is 

dropped in value. 

 

Correct response c  #5 

The exchange rate was not in his favour as he received less 

Indonesian money at the end than at the beginning. 

 

Correct response c  #6 

If the exchange rate was still 1 AUD= 10,000 IDR then he 

would get 1,500,000.  

Thus, it was not in his favour as he would have made more 

with the original exchange rate. 

 

Correct response c  #7 

No, if the exchange rate is lower he gets less money back 

from Australian dollars. 

 

Correct response c  #8 

No, it is his loss. Otherwise it would be 1,500,000 IDR. 

Note: LOT (1-3) 

 

b. Correct response = 2 

Incorrect response=0 

 

Note: LOT (1-3) 

 

c. Correct response = 2 

Partially correct response = 1 

Incorrect response=0 

 

Note: HOT (1-5) 
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Item Response Code 

Correct response c  #9 

Exchange rate is not in favour of Faisal because he lost 

75,000 IDR. 

 

Correct response c  #10 

No, he had to spend 10,000 to change $1 but he only got 

9,500 back and that is 500 IDR short. 

 

Partially correct response 

Student said ‘No’ but she/he gives wrong reasoning. 

 

Incorrect response 

Student said ‘Yes’ or said ‘No’ without any reasoning at all 

 

6 Correct response (2 steps) 

 

Step 1: Knowing the fraction 

Step 2: Knowing the concept of substitution 

 

𝑥 − 𝑦 = 5      Equation (1) 

 
𝑥

2
= 3               Equation (2) 

𝑥 = 6  

 

Substitute 𝑥 = 6,  to Equation (1) 

𝑥 − 𝑦 = 5 

6 − 𝑦 = 5 

−𝑦 = 5 − 6 

−𝑦 = −1 

𝑦 = 1 

 

Partially correct response 

Only one step correct or both steps correct but student 

makes an incorrect computation. 

 

Incorrect response 

None of the steps is correct or just the answer without the 

calculation. 

 

Correct response = 2 

Partially correct response =1 

Incorrect response=0 

 

Note: LOT (1-3) 

7 Correct response (2 steps or more) 

 

Step 1: Analysing the possible relation of x and y. 

Step 2: Evaluating the possible relation. 

Step 3: Concluding the general equation for x and y. 

 

Correct response #1 

Using the change 

3 − 2 = 1 = 𝑥 

10 − 7 = 3 = 𝑦 

 

So, 𝑦 = 3𝑥 + 1 

 

Correct response #2 

𝑥 = 2, 𝑦 = 7                                 𝑥 = 3, 𝑦 = 10 

𝑥 = 4, 𝑦 = 13                            𝑥 = 5, 𝑦 = 16 
  

𝑦 = 𝑥 + 5                                      𝑦 = 𝑥 + 7  

𝑦 = 3𝑥 + 1                                    𝑦 = 3𝑥 + 1  

Correct response = 3 

Partially correct response 1 = 2 

Partially correct response 2 = 1 

Incorrect response=0 

 

Note: HOT (1-5) 
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Item Response Code 

or,  𝑦 = 𝑥2 + 3              or, 𝑦 = 𝑥2 + 1 

or, 𝑦 = 3𝑥 + 1              or, 𝑦 = 3𝑥 + 1 

 

Correct response #3 

+3 + 3 + 3 

+5 {
7
2
+ 7 {

10
3
+ 9 {

13
4
+ 11 {

16
5

  

+1 + 1 + 1 
 

𝑦 = 3𝑥 + 1 

 

Correct response #4 

𝑦 = 𝑥? 
 

Closest multiple 3 

3𝑥2 = 6(7) 
3𝑥3 = 9(10) 
3𝑥4 = 12(13) 
3𝑥4 = 15(16) 
In all cases, only 1 needs to be added. So, 𝑦 = 3𝑥 + 1 

 

Correct response #5 

Straight line 

(𝑦 − 7) = 3(𝑥 − 2) 
𝑦 = 3𝑥 + 1 
 

 

Correct response #6 

 

 

 

 

 

 

 

 

 

 𝑦 = 3𝑥 +
1 

 

Correct response #7 

𝑆𝑙𝑜𝑝𝑒 = 𝑚 = 
𝑦2 − 𝑦1
𝑥2 − 𝑥1

=
16 − 13

5 − 4
=
3

1
= 3 

𝑦 = 𝑚𝑥 + 𝑐   

𝑦 = 3𝑥 + 𝑐   

𝑤ℎ𝑒𝑛𝑦 = 7, 𝑥 = 2 

7 = 3(2) + 𝑐 

𝑐 = 1 So,  𝑦 = 3𝑥 + 1 

 

Correct response #8 

𝑦1 = 7, 𝑦2 = 10 
𝑥1 = 2, 𝑥2 = 3 
𝑦 = 𝑚𝑥 + 𝑐 

7 = 𝑚(2) + 𝑏 ⇾ 𝑏 = 7 − 2𝑚 

10 = 𝑚(3) + 𝑏 

10 = 3𝑚 + 7 − 2𝑚 

𝑚 = 3 

 

𝑏 = 7 − 2𝑚 

0

5

10

15

20

0 2 4 6
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Item Response Code 

𝑏 = 1  𝑦 = 3𝑥 + 1 

 

Partially correct response #1 

Student shows most relevant and correct steps but she/he 

draw the incorrect conclusion. 

 

Partially correct response #2 

Student shows some relevant and correct steps but she/he 

doesn’t come to any conclusion. 

Incorrect response. 

Students shows no relevant or correct steps. 

 

8 Correct response (3 steps) 

 

Step 1: Knowing the concept of area. 

Step 2: Applying the concept of area to the problem. 

Step 3: Doing computation to prove reasoning. 

Step 4: Comparing and concluding. 

 

Correct response #1 

Area of smaller one:  𝜋𝑟2 = 𝜋152 = 225𝜋 

Area of larger one: 𝜋𝑟2 = 𝜋222 = 400𝜋 

So the larger one has better value 

Correct response #2 

        A                              B 

 

 

 

 

          30 cm/ 30,000    

                                                            40 cm/ 40,000 

 

Amount of pizza is the area 

Area of A:  𝜋𝑟2 = 𝜋152 = 225𝜋 = 706.5 cm2 

Area of B: 𝜋𝑟2 = 𝜋202 = 400𝜋 = 1256 cm2 

 

Cost per cm2 

𝐴 =
30,000

706.5
= 42.463                𝐵 =

40000

1256
= 31.847      

 

So the larger pizza has better value. 

 

Correct response #3 

Area of A:  𝜋𝑟2 = 𝜋152 = 225𝜋 = 706.5 cm2 

Area of B: 𝜋𝑟2 = 𝜋202 = 400𝜋 = 1256 cm2 

 
706.5

1256
× 100 = 56.25% 

30,000

40,000
× 100 = 75%  

The area of small pizza is only 56.25 % of the large one 

but the price is 75 % of the large one. Thus, by comparing 

to the price difference and the amount of pizza, the larger 

one is of better value.  

 

Partially correct response #1. 

Student shows relevant and correct strategies. However 

she/he used the wrong formula for area of circle. 

 

Partially correct response #2 

Student shows relevant and correct strategies but she/he 

withdraw the wrong conclusion 

Correct response = 4 

Partially correct response #1 = 2 

Partially correct response #2 = 2 

Incorrect response=0 

 

Note: HOT (1-6) 
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Item Response Code 

 

Incorrect response 

Student shows no relevant nor correct strategies 

 

Total score is 24  
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Appendix H Model Fit Indices 

Among the fit indices, Chi square (χ²) is the most conventional. The χ² works based on 

the null hypothesis that ‘predicted covariance matrix Σ is equivalent to the observed 

sample covariance matrix S, Σ=S’ (Albright & Park, 2009). If the number χ² is large 

and the null hypothesis is rejected, it indicates that the model does not fit the data well 

(Albright & Park, 2009). χ² has significant drawbacks. It is sensitive to sample size as 

the larger number of sample size impact on the difficulty to accept the null hypothesis 

(Albright & Park, 2009). Furthermore, χ² works with the assumption of multivariate 

normality which allows the possibility of rejecting the hypothesis when the data does 

not meet the normality assumption (Hooper et al., 2008). Consequently, the χ² index 

is rarely used as a stand-alone criteria for model fit.  

Generally, the fit indices are either absolute or incremental. Absolute fit indices 

employ the characteristic of evaluation of ‘how well a priori model reproduces the 

sample data’ while incremental fit indices perform the evaluation of model fit by 

‘comparing a target model with a more restricted, nested baseline model’ (Hu & 

Bentler, 1998, p. 426). Among the model fit indices RMSEA, AIC, RMR, SRMR, 

GFI, and AGFI belong to the dimension of absolute fit indices while NFI, TLI and CFI 

are part of the incremental fit indices dimension. RMSEA is a commonly used index 

as it is not sensitive to sample size but sensitive to the estimated parameters (Albright 

& Park, 2009). The range of acceptable value of RMSEA is less than or equal to 0.05 

(Schumacker & Lomax, 2012) or less than 0.06 to 0.08 (Schermelleh-Engel, 

Moosbrugger, & Müller, 2003). AIC also works within the same framework as 

RMSEA is  (Akaike, 1987). GFI and AGFI have a value range between 0 to 1, where 

0 indicates no fit and 1 indicates the perfect fit. A value of more than 0.90 reflects an 

adequate model fit (Schumacker & Lomax, 2012). These two fit indices were 
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originally created for the ‘LISREL’ SEM computer program developed by Jöreskog 

and Sörbom (Smith & McMillan, 2001). RMR and the SRMR are both ‘the square root 

of the difference between the residuals of the sample covariance matrix and the 

hypothesised covariance model’ (Hooper et al., 2008, p. 54). However, RMR is the 

more useful for a comparison of model fit between two model derived from the same 

data with the acceptable range of value decision is on the researcher (Schumacker & 

Lomax, 2012). SRMR was also developed by Jöreskog and Sörbom with the value less 

than 0.05 indicate a good model fit (Schumacker & Lomax, 2012).  

Table IV. 

The summary of model fit indices and acceptable range of interpretation 

(Schumacker & Lomax, 2012, p.76) 
Model fit indices Acceptable range Interpretation 

χ² Based on the χ² table value Compares the obtain χ² value with tabled value for given 

df 

GFI 0 (no fit) to 1 (perfect fit) Value close to 0.90 or 0.95 indicates a good model fit 

AGFI 0 (no fit) to 1 (perfect fit) Value adjusted for df Value close to 0.90 or 0.95 indicates 

a good model fit 

RMR Depending on the researcher Indicates the closeness of ∑ to S matrices 

SRMR < 0.05 Value less than 0.05 indicates a good model fit 

RMSEA 0.05 to 0.08 Value close to 0.5 to 0.08 indicate close fit 

TLI 0 (no fit) to 1 (perfect fit) Value close to 0.90 or 0.95 indicates a good model fit 

NFI 0 (no fit) to 1 (perfect fit) Value close to 0.90 or 0.95 indicates a good model fit 

PNFI 0 (no fit) to 1 (perfect fit) Compares values in alternative models 

AIC 0 (perfect fit) to positive 

value (poor fit) 

Compares values in alternative models 

Bentler and Bonnet (1980) developed NFI whose value also ranges from 0 to 1 with 

the cut off value for reflecting a good model fit being 0.9. CFI is another similar fit 

index with the value closest to 1 showing the best fit (Albright & Park, 2009). TLI 

(which is also known as NNFI) also ranges from 0 to 1 where 0.90 or 0.95 is considered 

as a good model fit (Schumacker & Lomax, 2012). While there are further model fit 

indices, considering the benefits and drawbacks of those described, it is recommended 

by Hooper, Coughlan et al (2008) to report the Chi-square, RMSEA, SRMR, CFI and 

one parsimony fit index, such as PNFI, as the criteria for model fit. Iacobucci (2010) 

suggests that CFI and TLI be used because of their power and robustness. The 
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summary of model fit indices and the acceptable range of interpretation is presented 

in the table above.
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Appendix I Independent t-test Results 

Table V 

School Location Differences for Teachers' Beliefs concerning Mathematics related to HOT (TBM HOT) 

Levene's test for 

equality of variances 

t-test for equality of means 

F Sig. t df Sig. (2-tailed) Mean 

difference 

Std. error 

difference 

95% confidence interval of the difference 

Lower Upper 

2.43 0.13 0.77 44.00 0.45 0.09 0.11 -0.14 0.32 

 

Table VI 

School Location Differences for Types of Questions used in Mathematics Classroom (TQE) 
  Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval 

of the Difference 

Lower Upper 

TQE_A .02 .89 -

2.20 

44.00 .03 -.91 .41 -1.75 -.08 

TQE_B 1.81 .19 -.88 44.00 .38 -.30 .35 -1.00 .39 

TQE_C .15 .70 .25 44.00 .80 .09 .35 -.62 .79 

TQE_D .74 .39 -.46 44.00 .65 -.17 .38 -.94 .59 

TQE_E .75 .39 .00 44.00 1.00 .00 .43 -.86 .86 

TQE_F .93 .34 .42 44.00 .67 .13 .31 -.49 .75 

 

 

 



  

 

 

3
1
9
 

Table VII 

School Location Differences for Instructional Activities Approach for Students (IAS) 

  Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

IAS_C 2.06 0.16 -0.34 44.0

0 

.74 -.09 .26 -.61 .43 

IAS_D 0.74 0.40 0.97 44.0

0 

.34 .26 .27 -.28 .80 

IAS_E 3.34 0.07 -0.86 41.9

2 

.40 -.22 .25 -.73 .29 

IAS_F 0.07 0.80 -1.75 44.0

0 

.09 -.52 .30 -1.12 .08 

IAS_G 0.48 0.49 -1.42 44.0

0 

.16 -.35 .25 -.84 .15 

IAS_H 4.82 0.03 -0.39 37.8

5 

.70 -.13 .33 -.81 .55 

IAS_I 0.36 0.55 -1.27 44.0

0 

.21 -.52 .41 -1.35 .30 

IAS_J 0.12 0.73 -1.73 44.0

0 

.09 -.48 .28 -1.03 .08 

 

Table VIII 

School Location Differences for Teaching Resources 

  Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

Textbooks 1.75 0.19 -0.66 44.00 0.51 -0.09 0.13 -0.35 0.18 

Worksheets 0.00 0.95 -0.25 44.00 0.80 -0.04 0.17 -0.39 0.31 

Concrete objects 1.76 0.19 -1.08 44.00 0.29 -0.17 0.16 -0.50 0.15 

Computer software 3.52 0.07 2.58 41.63 0.01 0.39 0.15 0.08 0.70 
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Table IX 

School Location Differences for Student Liking of Mathematics 

Levene's Test for Equality of Variances t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

30.08 0.00 -2.95 1121.41 0.00 -0.08 0.03 -0.14 -0.03 

 

Table X 

Gender Differences for Student Liking of Mathematics 

Levene's Test for Equality of Variances t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) 
Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

34.200 .00 2.88 962.42 .00 .09 .03 .03 .14 

 

Table XI 

Gender Differences for Valuing Mathematics 

Levene's Test for Equality of Variances t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) 
Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

38.46 0.00 3.23 989.16 0.00 0.08 0.02 0.03 0.12 

 

 

 



  

 

 

3
2
1
 

 Table XII 

School Location Differences for Student Beliefs concerning Mathematics related to LOT (SBM LOT) 

Levene's Test for Equality of Variances t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) 
Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

25.60 0.00 -5.80 1129.15 0.00 -0.17 0.03 -0.23 -0.11 

 

Table XIII 

School Location Differences for Types of Questions in Mathematics Classroom 

  Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) 
Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

SFWQ_A 2.54 0.11 2.59 1133 0.01 0.08 0.03 0.02 0.14 

SFWQ_B 5.82 0.02 2.64 1130.90 0.01 0.09 0.03 0.02 0.15 

SFWQ_C 0.07 0.79 2.44 1133 0.01 0.08 0.03 0.02 0.15 

 

Table XIV 

School Location Differences for Types of Learning Resources 

  Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

SFLR_C 1.99 0.16 -3.99 1133 0.00 -0.15 0.04 -0.22 -0.07 

SFLR_D 210.87 0.00 9.53 1040.73 0.00 0.30 0.03 0.24 0.37 
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Table XV 

School Location Differences for Types of Learning Resources SBM LOT 

Levene's Test for Equality of Variances t-test for Equality of Means 

F Sig. t df Sig. (2-tailed) 
Mean 

Difference 

Std. Error 

Difference 

95% Confidence Interval of the Difference 

Lower Upper 

25.60 0.00 -5.80 1129.15 0.00 -0.17 0.03 -0.23 -0.11 
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