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ABSTRACT
Roles that learners assume during online discussions are an impor-
tant aspect of educational experience. The roles can be assigned to
learners and/or can spontaneously emerge through student-student
interaction. While existing research proposed several approaches
for analytics of emerging roles, there is limited research in analytic
methods that can i) automatically detect emerging roles that can
be interpreted in terms of higher-order constructs of collaboration;
ii) analyse the extent to which students complied to scripted roles
and how emerging roles compare to scripted ones; and iii) track
progression of roles in social knowledge progression over time. To
address these gaps in the literature, this paper propose a network-
analytic approach that combines techniques of cluster analysis and
epistemic network analysis. The method was validated in an empir-
ical study discovered emerging roles that were found meaningful
in terms of social and cognitive dimensions of the well-known
model of communities of inquiry. The study also revealed similari-
ties and differences between emerging and script roles played by
learners and identified different progression trajectories in social
knowledge construction between emerging and scripted roles. The
proposed analytic approach and the study results have implications
that can inform teaching practice and development techniques for
collaboration analytics.
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1 INTRODUCTION
Asynchronous online discussions have been widely used to in
computer-supported collaborative learning (CSCL) settings [9].
They promote social interactions and knowledge construction,
which are essential aspects of online learning environments. In
this line of research, the literature emphasizes a need to provide
automatic methods to understand the effectiveness of pedagogies
that seek to promote social knowledge construction through online
discussions [6, 43]. This understanding can help instructors inform
future decisions about pedagogical approaches that aim to support
large numbers of students in online discussions [19].

Roles that learners assume during discussions are an important
aspect of educational experience and have attracted much attention
in the literature [6, 11, 18, 31, 54]. Roles in educational settings can
be defined as groups of students with similar behaviour exhibited
during their participation in a group activity [4]. In the case of
online discussions, there are two categories of student roles [54]: (i)
emerging, when the student assumes a role intrinsically during an
online discussion, and (ii) scripted, when the moderator pre-defines
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the role for each student. Such roles could influence student partici-
pation and consequently impact the social knowledge construction,
group collaboration and cohesion during an online discussion [48].

Analytics of roles students take in online discussions can offer
useful insights that can inform teaching practice [6, 18, 31]. How-
ever, to effectively provide analytic insights for instructors, the
interpretation of students’ roles should be connected to relevant
learning designs and/or educational theory [18]. Also, the litera-
ture on student roles suggests that social and cognitive aspects
of discussion should be considered [6, 18, 54]. In this context, the
Community of Inquiry (CoI) model is a well-established framework
that outlines how asynchronous online communication shapes
student learning and their cognitive development [14]. The CoI
model proposes three different constructs (known as presences)
to explain educational experience through social interactions [12]:
social presence, teaching presence, and cognitive presence. These
presences explain the process of student inquiry through social
interactions in an online community of learners [12], recognise the
role of social context to create a productive community of learners
[17, 42], emphasise the importance of teaching for the development
of an effective community of learners [16, 19], and could provide
information on how students participation is associated with the
development of online communities [25, 28].

There is a large body of research that examined associations of
the CoI model [12] and script theory of guidance [11] with student
engagement, knowledge construction, and learning outcomes [6,
15, 21, 43]. Previous research has explored how scripted roles could
mould social and cognitive presences in a CoI [19, 43]. Nevertheless,
there is limited research that has investigated the impact of emerging
roles on the development of social and cognitive presences in a CoI.
A further investigation on this topic could (i) reveal new knowledge
that advances the understanding how presences develop in a CoI
and (ii) provide a analytic approach to inform teaching decisions.

This paper proposes a network analytic approach called Network
Analytics for Socio-Cognitive (NASC) for analysis of online discus-
sions based on social and cognitive presences of the CoI model. The
NASC approach is based on epistemic network analysis [52] and
allows for automatic detection of emerging roles, comparison of
emerging roles with scripted roles, and tracking development of so-
cial knowledge construction over time. The approach was validated
in a study that used scripted roles for guiding students to develop
social and cognitive presence in asynchronous online discussions.

2 THEORETICAL BACKGROUND
2.1 The Community of Inquiry Model
The Community of Inquiry (CoI) model aims to describe the pro-
cesses of social knowledge construction in asynchronous online
discussions [15]. The CoI model defines three interdependent di-
mensions (called presences) that together shape students’ online
learning experience.

The central construct of the model is cognitive presence, that
describes students’ process of critical thinking and inquiry-based
learning. It is formally defined as “the extent to which the partici-
pants in any particular configuration of a community of inquiry are
able to construct meaning through sustained communication” [13,

p. 89]. Operationalised within the practical inquiry model [12], cog-
nitive presence consists of four interconnected phases of inquiry-
based learning cycle: (I)Triggering event phase starts the learning
cycle and is initiated by a problem or dilemma that initiates prac-
tical inquiry cycle; (ii) Exploration phase includes information
sharing and investigation and debating of different ideas and po-
tential solutions; (iii) Integration phase, where students connect
and synthesise relevant ideas and information to construct new
knowledge; and finally, (iv) Resolution phase, which includes the
application of new knowledge to the originating problem, typically
triggering a new learning cycle in the process.

Another critical construct within the CoI model is social pres-
ence, that captures social climate and interpersonal relationships
within the course [45]. It is formally defined as “the ability of partic-
ipants in a community of inquiry to project themselves socially and
emotionally, as ’real’ people (i.e., their full personality), through
the medium of communication used” [13, p. 94]. Social presence
consists of three sub-dimensions that capture different aspects of
social interactions. The affective dimension capture the expression
of students’ real emotions and feelings map within the learning
community. The interactive dimensions captures the open and in-
teractive nature of student communication. Finally, group cohesion
captures the sense of union and group commitment among stu-
dents in the learning community. A meta-analysis reported in [42]
showed a strong positive correlation of social presence with student
satisfaction and perceived learning, while social presence has also
also found to be positively associated with academic performance
with role scripting as a moderator of the association [22].

Finally, teaching presence relates to the instructors’ role before
and during the course, and is formally defined as “the design, facilita-
tion, and direction of cognitive and social processes for the purpose
of realizing personally meaningful and educationally worthwhile
learning outcomes” [1, p. 5]. It consists of the three components,
namely, design and facilitation of online learning experience, dis-
course facilitation and direct instruction, when necessary. Teaching
presence is crucial for the development of both cognitive and so-
cial presence. Similarly, social presence mediates the relationship
between teaching and the cognitive presences [17, 27], providing
necessary environment for providing foundation for the effective
inquiry-based learning experience. The use of script roles is also
used as a form of teaching presence in communities of inquiry[19].

2.2 Emerging and Scripted Roles in Online
Discussions

Asynchronous discussion is a key element to support collaboration
in online environments. However, a spontaneous interaction of stu-
dents in online discussions does not necessarily lead to a high level
of social knowledge construction, social presence, and cognitive de-
velopment [11, 12]. Instead effective approaches to guiding learners
in productive online discussions are necessary. In this context, the
script theory of guidance [11] gained significant attention in the
literature. From the perspective of the CSCL research, the script the-
ory of guidance posits that productive student–student discussions
can be supported and high-level of social knowledge construction
achieved through scripting and assigning roles to students [11, 54].
According to Strijbos and Weinberger [54, p. 491] roles are “more
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or less stated functions or responsibilities that guide individual
behavior and regulate group interaction,” while scripted roles are
intentionally “designed to improve both learning processes and
outcomes” [p. 492]. Role assignment is a type of collaboration script
central to the script theory, and has been extensively studied in the
CSCL literature as an effective approach to increasing the level of
knowledge construction, cognitive processing, and argumentation
[5, 43, 48]. Role assignment and scripting are also used in research
on CoI to as a way to guide students to achieve high levels of social
and cognitive presence [19].

In contrast to scripted roles, emerging roles arise spontaneously
from interpersonal exchanges without prior guidance, capture as-
pects that are not predefined at the beginning of the groupwork [54].
Emerging roles are also important to promote learner agency given
that scripted roles can be seen to promote compliance [57] and even
be demotivating [40], in spite of being beneficial for learning [40].
Developments in learning analytics enabled for automated detec-
tion of emerging roles from the analysis of digital traces recorded
in online discussion forums [32, 49]. Existing approaches are based
on natural language processing, social network analysis, clustering
algorithms and epistemic network analysis [6, 18, 31, 43, 47]. For in-
stance, Dowell and Poquet [6] proposed an approach that combines
automated content analysis and social network analysis to identify
emerging roles in online discussion. Gašević et al. [18] suggested an
approach that combines techniques of social and epistemic network
analysis with techniques for automated content and cluster analysis
to study emerging roles through the lenses of social and cognitive
dimensions of online collaboration.

2.3 Research Questions
The automatic detection of emerging roles can provide insights into
the extent to which roles that the instructors envisioned in their
learning designs indeed hold [6, 18]. As such, analysis of emerging
roles can inform decisions about future changes in learning design.
However, at this stage there has not been sufficient research that
looked specifically at the emergence of roles in online discussions
based on high-order constructs such as cognitive and social pres-
ence. Analysis of emerging roles have so far been done based on
lower-level text analysis in combination with cluster analysis [6], or
measures of social networks analysis [18, 31] and manually coded
messages for higher-order constructs [4, 54] but without focusing
on analytic methods that aim to identify patters of participation
through automated analysis of higher-order constructs of online
group activity to identify emerging roles. In this context, we posit
that social and cognitive presences of CoI, as higher order con-
structs of online participation, could provide a solid socio-cognitive
conceptual foundation for analysis of emerging roles in online
discussions. As such, the first research question addressed in the
current study was:

RESEARCHQUESTION1: Towhat extent can emerg-
ing roles students occupy in an asynchronous online
discussion be identified through automated analysis of
indicators of social and cognitive presences?

If emerging roles can be automatically detected, it would be
useful to determine how they relate to scripted roles to inform

instructional decisions and potentially provide input for person-
alised feedback analytics-based tools such as OnTask [37]. While
attempts for identification of emerging roles [6, 18, 31, 43, 47] and
analysis of the extent to which students comply to the functions
of scripted roles [55, 56] are noted, there has been limited litera-
ture that proposed data analytic methods to compare emerging
and scripted roles especially on the level of higher-order constructs
such as relationships between cognitive and social presence. Hence,
the second research question was formulated as:

RESEARCHQUESTION2: Towhat extent are scripted
roles, which aim at promoting productive online discus-
sions, associated with emerging roles that are identified
through automated analysis of indicators of social and
cognitive presence?

Finally, it is equally important to track the progression of learners
over time and how they perform certain roles and how these roles
progress in their social knowledge construction. Again, this can
inform decisions about teaching interventions and even be used
to construct analytics-based personalised feedback at scale with
tools to help students improve their social knowledge construction.
There has been a shortage of work that looked at how emerging
and scripted roles progress over time and data analytic methods
that can provide analysis of progression on the level of higher-order
constructs such as relations between social and cognitive presence.
Thus, the third research question was:

RESEARCH QUESTION 3: To what extent can we
track changes in the associations between social and
cognitive presences, for each role, over time?

3 METHOD
To answer the proposed research questions, we proposed a learning
analytic approach called Network Analytics of Socio-Cognitive dis-
course (NASC). Figure 1 presents the overall steps that are included
in NASC. The process is initiated (Step 1) with the collection of on-
line discussion transcripts from a learning environment. Then, the
data is annotated according to the categories of social and cognitive
presence (Step 2). Although we used a dataset that was manually
coded, the literature presents several approaches for automatic cod-
ing of online discussion messages according to the categories of
social and cognitive presences [2, 3, 7, 34]. Step 3 entails the use of
a clustering algorithm to identify the emerging roles and produces
the assignment of students to the relevant emerging roles (Step
4). Student assignments to emerging and scripted roles used to
construct epistemic networks and preform epistemic network anal-
ysis to compare emerging and scripted roles and to track changes
in social knowledge construction for each role over time (Step 5).
Finally, the NASC produces results that include information about
emerging roles detected automatically, differences between emerg-
ing and scripted roles, and the trajectory graphs showing how the
roles changed over time.

3.1 Discussion Transcript and CoI annotation
The dataset used in the study comprised six offerings (Winter 2008,
Fall 2008, Summer 2009, Fall 2009, Winter 2010, Winter 2011) of
a fully online master-level research-intensive course in software
engineering, with 82 students that posted 1,747 messages. As part of
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Figure 1: The description of the proposed analytic approach NASC – network analytic of socio-cognitive discourse

the course assessment (15% of the final mark), the students were in-
structed to record a video presentation about one research paper re-
lated to one of the course topics, in which the other students would
engage in online discussions around their presentation. Within
each discussion, the students could assume two scripted roles de-
fined by the instructors: (i) experts, the students that posted the
video presentation that triggered the discussion; they also had the
responsibility to answer questions about the video and moderate
the discussion; (ii) practising researchers, students who watched
the video in order to interact with comments and questions for the
experts 1. It is important to mention that the students were assigned
a specific role for each discussion. It means that the same student
could assume the expert or practising roles in different discussions.
Not all students played both roles. The discussions happened over
the four weeks of the course (Weeks 2-5) and the students could
assume the expert role in only one discussions while in all other
discussions participated as practising researchers.

As already mentioned, the data analysed in this study was man-
ually annotated. Two experts in CSCL and software engineering
codded the dataset for both cognitive and social presence using
the coding scheme proposed by Garrison et al. [14], Rourke et al.
[44]. All online discussion messages were coded according to the
indicators and phases of the social and cognitive presences, re-
spectively. The coding unit of analysis was entire message. Each
message could have more than one social presence indicator [41],
but just one cognitive presence phase [14]. The coders achieved
an excellent level of agreement for cognitive presences, reaching
a percentage of agreement = 98.1% and Cohen’s k = 0.974. The
differences (32 messages) were resolved through discussion among
coders. Table 1 shows the number of messages in each phase of
cognitive presence in the dataset.

For social presence, the final number of indicator codes was 3,770
instead of 1,747 (the total number of messages) due tomultiple codes
assigned to one message. The coders reached the agreement of 84%
of agreement for each indicator of social presence. Table 2 presents

1For further details on the course design [19].

Table 1: Distribution of cognitive presence.

Phase Messages %
Triggering event 308 17.63%

Exploration 684 39.15%
Integration 508 29.08%
Resolution 107 6.13%

Other 140 8.01%
Total 1,747 100.00%

the distribution of the indicators of social presence after the coding
process. We omitted some of the social presence indicators (i.e.,
Continuing a thread, Complementing, and Vocatives) in our analysis
as they had a disproportionately large number of messages with
such codes. It follows the guideline used in previous work [26]
and avoids the problem of a dominant code in epistemic network
analysis [10].

3.2 Cluster Analysis
The current study adopted a cluster analysis to identify students’
emerging roles during online discussions (RQ1). Clustering algo-
rithms are unsupervised machine learning techniques applied to
identify relevant subgroups with similar patterns within an exten-
sive data collection [58]. Cluster analysis has been widely used
to analyse online discussions under different perspectives [9, 25],
including analysis of student roles [6, 24, 30]. Among the possi-
ble clustering algorithms, several previous studies in educational
settings have adopted the k-means algorithm, with the use of the eu-
clidean distance, to uncover patterns in online discussions [6, 9, 30].
K-means usually reaches a good performance with a small process-
ing time [58]. However, k-means requires the number of clusters
(k) as an input parameter. The literature recommends the use of the
silhouette coefficient to determine an optimal number of clusters
[20, 53]. The silhouette coefficient is generally evaluated with a
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Table 2: Social Presence Indicators

Category Indicator Count Percent Agreement
Affective Expression of emotions 288 (16.5%) 84.4

Use of humor 44 (2.52%) 93.1
Self-disclosure 322 (18.4%) 84.1

Interactive Continuing a Thread 1664 (95.2%) 98.9
Quoting from others messages 65 (3.72%) 95.4
Referring explicitly to otherâ€™s messages 91 (5.21%) 92.7
Asking questions 800 (45.21%) 89.4
Complementing, expressing appreciation 1391 (79.6%) 90.7
Expressing agreement 243 (13.9%) 96.6

Cohesive Vocatives 1433 (82%) 91.8
Addresses or refers to the group using inclusive pronouns 144 (8.24%) 88.8
Phatics, salutions 1281 (73.3%) 96.1

number from 2 to n (depends on the dataset), and the higher value
indicates the ideal number of clusters for the k-means algorithm.

As presented in Section 3.1, our data was collected from 82 stu-
dents, who could assume the expert and practicing researcher roles
in different discussion threads. It is important to note that not every
student assumed both roles during the course (i.e., some students
simply decided not to perform their scripted role). To answer the
first research questions, the unit of analysis of the clustering algo-
rithm was a pair of students in a specific scripted role. Therefore,
we did not evaluate only 82 instances (i.e., number of students),
but a total of 163 instances, which is equivalent to all pairs of (stu-
dent,role). We adopted social presence indicators and the phases
of cognitive presence as features for the clustering algorithm. The
final feature vector of each instance contained the number of indi-
cators of each message posted in the online discussion by the pairs
of (student,role).

3.3 Epistemic Network Analysis
To answer the second and the third research questions we adopted
epistemic network analysis (ENA) [52]. ENA is a technique based on
network analysis employed to explore rich relationships between a
set of concepts. Initially applied to examine the relationships be-
tween concepts in discourse transcripts [52], ENA has been applied
to study different educational phenomena such as the assessment
of students, time management, learning strategies, the analysis of
verbal data in CSCL, the evaluation of the development of different
students groups in an online discussion, and measurement of the
performance of an educational intervention [8, 35, 36, 43]. ENA can
model complex domains as networks especially adopted for prob-
lems with a small set of concepts characterized by highly dynamic
and dense interactions [50]. It provides a mechanism to compare
the differences between different groups of analysis units – such as
between the emerging and scripted roles in the present study.

ENA models connections among different codes (e.g., indicators
for social presence) for each unit of analysis (e.g., student) based on

co-occurrences of codes in data subsets called stanzas or conversa-
tions (e.g., co-occurrence of codes for indicators of social presence
in every post of a online discussion). Based on code co-occurrences
of all units of analysis, ENA builds a high-dimensional network
representation called analytic space . Then, the units of analysis
are plotted in a projection space, which is derived from the analytic
space through singular value decomposition (SVD), a dimension
reduction technique similar to principal component analysis. In the
end, the output of ENA is a series of two-dimensional graph models
which capture the relationships between the different codes and
which are based on two SVD dimensions which typically explain
the high proportion of variance in data[51].

Typical diagrams used in ENA include: (i) projection graphs,
which plot centroids2 of each unit of analysis as dots in the diagram
and with squares representing the mean values of centroids of dif-
ferent groups; ii) the network graphs, which represent connections
among the codes of a unit of analysis or a group of units of analysis;
(iii) the subtraction network graph, which displays the differences
in the connections of the codes related to two groups. Furthermore,
it is also possible to use ENA to build a trajectory graph, which ex-
plains how networks of different groups changed over time. That is,
trajectory graphs plot connections between centriods of the same
unit of analysis.

To answer research question 2, each discussion message was
coded with several binary codes capturing the presence/absence of
the social presence indicators and the cognitive presence phases.
Both units of analysis and stanzas were students (i.e., all student
messages) within different roles (emerging and scripted). The use of
students as units of analysis here enabled us to see, for each student,
their connections between the phases of cognitive presence and the
indicators of social presence. Specifically, we answered research
question 2 through the projection and subtraction graphs. Moreover,
the differences between the roles on both svd1 and svd2 values were
then compared by using a series of the Mann-Whitney tests [46]
with α=0.05.

2A centroid is the mean value of edge weights for a given epistemic network [51]
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As research question 3 aimed to analyse the temporal develop-
ment in the relationship between cognitive and social presences
for emerging and scripted roles, we used a different configuration
in the application of ENA. We adopted week and day as the unit of
analysis and stanza, respectively. This analysis produced a different
network graph (i.e., the values of the svd dimensions differed from
those produced by ENA applied to research questions 2). The goal
is to use the trajectory graph to assess the change of each scripted
and emerging role over the weeks of the course discussion.

4 RESULTS
4.1 Research Question 1
The analysis of different values for k (2..30) identified 3 as the opti-
mal number of clusters with the value of 0.3644 for the silhouette
coefficient. Then, we employed the k-means algorithm to identify
the three groups (cluster 0, cluster 1, and cluster 2), which are
considered the emerging roles in this analysis. Table 3 shows the
percentage of indicators for each cluster identified and the scripted
roles (expert and practicing research) and the number of students
and messages for each role.

Clusters 0 and 1 presented similar values for cognitive pres-
ence and affective category of social presence. However, cluster
0 showed a strong focus on interactivity in the discussions (i.e.,
interactive category of social presence) and creating an environ-
ment where the students are deeply involved in a conversation
(Cohesive category). Moreover, it is possible to see that students in
cluster 1 were less active during the discussion (with an average
of 5.55 posts by students). In short, students in both clusters (0
and 1) can be described as cognitively engaged, but cluster 0 also
had relevant social interactions. Therefore, we named clusters 0
and 1 as the socio-cognitively engaged and cognitively engaged
emerging roles, respectively.

Cluster 2 had a similar trendwith that of the practicing-researcher
scripted role according to the indicators of social presence. This
trend could be explained by the small number of students who
performed the role of experts in this cluster (only one). However,
this cluster also contained most of its messages in the triggering
event (which could also be associated with asking questions, an
indicator of social presence) and exploration phases, both of which
represent low levels of cognitive presence. As the main focus of
students in cluster 2 was the social presence, we categorise this
cluster as the socially-focused emerging role.

4.2 Research Question 2
Figure 2 presents the projection of the average networks of each
emerging and scripted roles. The rectangles represent group-average
networks (95% CI are also outlined) for students in the expert (red),
practicing researcher (blue), socio-cognitively engaged (green), cog-
nitively engaged (orange), and socially-focused (purple) roles. The
graph shows that svd1 and svd2 dimensions accounted for 18.8
and 12.2 percent of variance in data, respectively. The differences
between the students in the expert and practicing researcher roles
can be observed visually, with the key difference along the svd1
(U=283.50, p=0.00, r=0.91). In terms of emerging roles, the difference
between socio-cognitively engaged students and cognitively en-
gaged students was along the svd2(U=2206.00, p=0.04, r=0.20), while

Figure 2: ENA projections of the means values of group net-
works of the students who assumed different scripted and
emerging roles. Each colored square (95% CI are outlined
around the group means) represent a mean network of one
role (emerging or scripted).

the students when played the socially-focused role differentiated
from the cognitively engaged role along both svd1(U=190.00, p=0.00,
r=0.59) and svd2(U=672.00, p=0.01, r=0.43), and from the socio-
cognitively engaged role on the svd1 (U=254.00, p=0.00, r=0.56). Fi-
nally, Figure 2 also shows that socially-focused role overlapped with
the practicing researcher scripted role, and the socio-cognitively
engaged and cognitively engaged roles were relatively close to the
expert role.

Figure 3 shows the subtraction networks comparing the scripted
and emerging roles. It reveals that the socio-cognitively engaged
emerging role had a similar level of participation compared to
that of the expert script role; however, the students in the socio-
cognitively engaged emerging role made more connections with
the indicators of social presence (Asking_Question, Salutation, Re-
ferring_Message, Group) than the expert emerging role did (Figure
3a). Following a similar trend, the cognitively engaged emerging
role also possessed connections with the aforementioned indica-
tors of social presence (Figure 3c), but the expert scripted role had
stronger connections of the exploration and integration phases
with the indicators of social presence plotted on the left side of
the svd1-axis. Finally, Figure 3f confirms the similarity between
socially-focused and the practicing researcher role, while Figure
3e indicates a weak connection of socially-focused role and the
cognitive presence phases when compared to the expert role.

4.3 Research Question 3
The ENA trajectory graph was employed to answer research ques-
tion 3, providing details on hownetworks of the students in different
roles changed in terms of connections between social and cognitive
presences over the four weeks of the discussion. Figure 4a presents
the final network built using the entire dataset. Again, the visuali-
sation was done using svd1 and svd2, which accounted for 63.8 and
10.1 percent of variability, respectively. The network in Figure 4a
shows that svd1 and svd2 tended to explain the indicators of social
presence and the cognitive presence phases, respectively. In terms
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Table 3: Percentage of indicators for emerging (Clusters 0–2) and scripted (Expert and Practicing Researcher) roles

Emerging roles Scripted roles

Cluster 0:
Socio-cognitively

engaged

Cluster 1: Cognitively
engaged

Cluster 2:
Socially-focused

Expert Practicing

Social presence
Affective

Emotions 16.43% 17.20% 15.84% 22.12% 11.15%
Humor 02.28% 02.42% 00.42% 02.94% 02.12%
Self discosure 17.00% 17.74% 23.91% 17.06% 19.73%

Interactive
Continuing Thread 95.73% 90.32% 99.38% 90.24% 100.00%
Quoting Message 04.75% 03.23% 00.93% 06.47% 01.11%
Referring Message 05.32% 05.91% 04.04% 05.65% 04.79%
Asking Question 40.36% 37.37% 73.29% 14.47% 75.47%
Complimenting 81.67% 64.25% 90.68% 70.94% 87.85%
Agreement 14.81% 16.67% 07.76% 17.18% 10.81%

Cohesive
Vocatives 84.14% 66.94% 92.55% 77.41% 86.40%
Group 08.55% 08.87% 06.52% 09.41% 07.13%
Salutations 75.78% 60.48% 80.12% 72.00% 74.58%

Cognitive presence
Triggering Event 16.14% 16.13% 24.22% 17.65% 17.61%
Exploration 38.46% 37.10% 43.79% 39.76% 38.57%
Integration 31.53% 29.30% 20.81% 29.18% 28.99%
Resolution 06.46% 06.99% 04.04% 06.12% 06.13%
Others 07.41% 10.48% 07.14% 07.29% 08.70%

No. of students 82 67 14 82 81
No. of students - Expert 45 36 1 82 0
No. of students - Practicing 37 31 13 0 81
No. of posts 1053 372 322 850 897
No. of posts per student 12.84 5.55 23 10.36 11.07

of social presence, the right-hand side of svd1 contains indicators re-
lated to basic interactions (asking questions and referring messages)
and affective indicators (emotion and humor), while the left-hand
side encompasses more indicators related to group cohesion (group,
agreement, self_disclosure). Another interesting observation is that
the integration and exploration phases of cognitive presence were
plotted in distinct parts of the graph, leaving the resolution and
triggering event categories in the middle.

The trajectories of the role over the four weeks (Figure 4b) were
plotted in the same high-dimensional space as it shown in Figure
4a. It means that we could analyse the trajectory of each group in
relation to the position of social and cognitive presence in Figure
4a. As mentioned before, the trajectory graph shows the location of
the central activity performed by students from each role in each
week of the discussion connected by a line that represents how the
groups evolved from one week to the other. This analysis revealed
a similar trend between students in the socially-focused emerging
role and practicing researcher scripted role, where they were more
related to indicators such as asking questions, referring to previous
messages, and triggering events. The socio-cognitively engaged and
cognitively engaged emerging roles had some similarities, as they
were plotted on the central part of the graph. The socio-cognitively

engaged emerging role was closer to the loop between the triggering
event-resolution phases of cognitive presence, while the cognitively
engaged emerging role initiated week 1 closer to the exploration
phase of social presence. Finally, the trajectory graph revealed that
the students in the expert scripted role favoured the exploration
and group cohesion indicators.

5 DISCUSSION
5.1 Interpretation of the Results
The results related to research question 1 showed that the indica-
tors of social presence and phases of cognitive presence could be
suitable to identify emerging roles (defined as clusters) as confirmed
with the silhouette value of 0.3644 [53]. The results presented in
Table 3 detail the main features of different emerging roles, which
were categorised as socio-cognitively engaged, cognitively engaged
and socially-focused roles. It is note that the emerging roles demon-
strated some similarities and differences with scripted roles.

The emerging roles identified with the use of the NASC approach
had some parallels with the existing research on scripted and emerg-
ing roles. First, the literature shows that when an instructor assign
the students to scripted roles, the general trend is that students
participate according to their scripted roles, especially when the
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(a) Expert vs Socio-cognitively engaged students (b) Practicing vs Socio-cognitively engaged students

(c) Expert vs Cognitively engaged students (d) Practicing vs Cognitively engaged students

(e) Expert vs Socially-focused students (f) Practicing vs Socially-focused students

Figure 3: ENA subtraction of student networks related to the scripted (Expert and Practicing) and emerging roles (clusters 0, 1
and 2)

participation in group work counts towards final marks [33, 54].
However, when the same student needs to act differently in dis-
tinct online discussions, a previous role the student was asked to
play could influence the attitudes of the students in the future role
assignments [39]. Our results confirm this trend as two out of the
three emerging roles (except the socially-focused emerging role)
contained students from both scripted roles. Second, it is important
to highlight that the scripted roles investigated in this study were
related to simple instructions (experts – initiating and maintain a
discussion and practicing researchers – asking questions and post
comments). However, the CSCL community usually suggests the

adoption of more cognitively-related (e.g., argumentative roles)
scripted roles [11, 54]. Therefore, the emerging roles identified
in this study show a higher similarity with previous CSCL liter-
ature papers and provide additional information on the students’
behaviour during the discussion.

Research question 2 aimed to unpack the association between
social and cognitive presences for scripted and emerging roles in
asynchronous online discussions. The results confirmed that each
emerging role tended to be related to one of the scripted roles.
While socio-cognitively engaged and cognitively engaged emerg-
ing roles were closer to the expert scripted role, students in the
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(a) Group-average networks graph of the relationship between
social and cognitive presences for the development of all stu-
dents over the four weeks of discussions.

(b) Mean trajectory graph for the students in the different groups
including expert (red), practicing (blue), cluster 0 (salmon), clus-
ter 1 (green), and cluster 2 (purple).

Figure 4: Students’ trajectory analysis over four weeks of discussions.

socially-focused emerging role had a participation level similar to
that of the practicing researcher scripted role. Despite the similari-
ties of socio-cognitively engaged and cognitively engaged emerging
roles with and the expert scripted role, the results showed that the
expert role leaned towards higher cognitive presence levels. This
result is sensible as the expert role was designed to be in charge of
discussions [19]. Moreover, the participation of students in socio-
cognitively engaged and cognitively engaged emerging roles was
slightly different. On the one hand, socio-cognitively engaged role
predominantly showed social presence in terms of interactive indi-
cators; this can explain the strong relation of the socio-cognitively
engaged role with the exploration and integration phases, which
are reported in the literature to be more related to the the interac-
tive category of social presence [43, 44]. In contrast, students in the
cognitively engaged emerging role focused on affective messages
and asked questions representative of the triggering event phase
[43, 44].

As the socially-focused emerging role encompassed a subgroup
of the students who assumed the roles of practicing researchers,
its relationship with the expert role is similar to the relationship
between the practicing and expert scripted roles as reported in the
literature [43]. In short, the socially-focused emerging role mostly
remained on low levels of cognitive presence and was related to
the salutation and asking question indicators of social presence.
The direct comparison between the socially-focused emerging role
and the practicing researcher script role showed that students in
the socially-focused emerging role emerging role did not engage
deeply in the discussion as their messages were more related to
the triggering event phase and the salutation and asking questions
indicators of social presence. Thus, students in the socially-focused
role could potentially be in the lower performance group in the
discussion [6].

The last research question aimed to analyse changes in the partic-
ipation of each emerging role over time through the use of trajectory
analysis provided by ENA. This analysis reemphasised the need for
analysing the emerging roles even if the course design previously
introduced scripted roles. It is clear that the students acting as ex-
perts focused on answering questions (i.e., exploration phase) and
encourage group cohesion (i.e., group and self-disclosure). How-
ever, they did not entirely act as expected as the goal of this role
was the initiation and conclusion of the discussion that could be
related to the triggering and resolution phases, respectively [19, 43].
On the other hand, both socio-cognitively engaged and cognitively
engaged roles were closely related to this goal.

5.2 Implications
The findings of the study showed that the use of the NASC approach
is promising for the analysis of emerging roles in online discussions.
Not only could the approach automatically identify theoretically
meaningful emerging roles, but it could compare them to the script
roles and track progression over time in terms of well-established
higher-order constructs of social and cognitive presence. This can
offer useful insights to the teachers to inform their decisions and
improve overall teaching presence in a community of inquiry [12].
NASC can provide teachers with insights in the efficacy of their
pedagogical intentions (i.e., script roles), so that they can take rel-
evant action such as changes to the scripts of roles. It can also
help them track student progress in terms of social and cognitive
presences and create a foundation for enhancement of educational
experience by giving timely feedback and recognising students
that are not cognitively engaged in the discussion [43]. Moreover,
NASC also holds a potential to be used in formative assessment of
collaboration skills [6] by emphasising the developmental nature
of assessment [32] through the use of trajectory graphs of ENA .
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While the NASC approach showed premising results in the anal-
ysis of student roles even bigger potential lies in its integration with
the existing body of research in learning and collaboration analytics
[49]. The approach can effectively be used together with existing
approaches for automatic classification of online discussion mes-
sages for cognitive and social presence [2, 29, 34]. This in turn eases
potential adoption of the proposed analytic approach without a
need for the users to manually code messages, as it was done in the
current study. It would however be a promising research direction
to investigate how the NASC approach can be complemented with
existing work in collaboration analytics that makes use of social
network analysis to further probe the social dimension of collab-
oration [18, 38] and automatic methods for automatic analysis of
other constructs of the cognitive dimension of collaboration [23].

5.3 Limitations and future work
While this proposed approach shows a promise in addressing sig-
nificant issues in the research on the association of emerging and
scripted roles with social and cognitive presence in developing
communities of inquiry, there are several limitations of the present
study that should be acknowledged. First, this study was based on
the data from six offerings of the same course at a single institu-
tion, which can negatively affect the broader implications of the
presented analytic approach and the generalisability of the results
obtained. Second, the findings of the present study findings may be
somewhat limited, given the specifics of the adopted course design
and the scripted roles. Therefore, it is important to apply the same
analytic approach to other datasets collected in different course
settings and with online discussions in a different language other
than English to address those problems. Finally, as common for
cluster analysis, it involves making many methodological decisions,
such as deciding on the number of clusters and the features used, it
might be that the findings in the present study would be different
if different algorithms and parameters were used. Thus, it would be
prudent to evaluate different clustering algorithms and experiment
with other features in cluster analysis as suggested in the related
literature [6, 39].
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