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Abstract The benefits of collaborative learning, although widely reported, lack the quantita-
tive rigor and detailed insight into the dynamics of interactions within the group, while
individual contributions and their impacts on group members and their collaborative work
remain hidden behind joint group assessment. To bridge this gap we intend to address three
important aspects of collaborative learning focused on quantitative evaluation and prediction
of group performance. First, we use machine learning techniques to predict group performance
based on the data of member interactions and thereby identify whether, and to what extent, the
group’s performance is driven by specific patterns of learning and interaction. Specifically, we
explore the application of Extreme Learning Machine and Classification and Regression Trees
to assess the predictability of group academic performance from live interaction data. Second,
we propose a comparative model to unscramble individual student performances within the
group. These performance are then used further in a generative mixture model of group
grading as an explicit combination of isolated individual student grade expectations and
compared against the actual group performances to define what we coined as collaboration
synergy - directly measururing the improvements of collaborative learning. Finally the impact
of group composition of gender and skills on learning performance and collaboration synergy
is evaluated. The analysis indicates a high level of predictability of group performance based
solely on the style and mechanics of collaboration and quantitatively supports the claim that
heterogeneous groups with the diversity of skills and genders benefit more from collaborative
learning than homogeneous groups.
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Introduction

Collaborative learning (CL) refers to situations and environments in which learners
engage in common tasks and each individual capitalizes on resources and skills from
one another (Bruffee 1993; Dillenbourg 1999; Mitnik et al. 2009). It is based on the
model that knowledge can be created within a population where members actively
interact by sharing experiences and take on asymmetrical roles (Chiu 2000, 2008).
Computer-supported collaborative learning (CSCL) denotes a pedagogical approach
characterized by the sharing and construction of knowledge among participants using
technology as their primary means of communication or as a common resource. In
this approach, learning can either synchronously or asynchronously take place in
online and classroom learning environments via social interaction using computers
or through the Internet (Stahl et al. 2006). CSCL continues to thrive on the back of
the rapid growth in cheap and powerful knowledge access technologies connecting
and enabling students to carry out ever more learning, coursework and assessment
tasks together (Dillenbourg 1999; Ruta et al. 2013; Hirsch et al. 2013; Dirkx and
Smith 2013; Davidson and Sternberg 2003; Barkley et al. 2004, and has been widely
considered as a method to improve learning performance (Zheng and Huang 2016).

In collaborative learning, however, the behavior and, thereby, the learning patterns observed
are much more complex than that of individual learning. While there is a wide body of
qualitative evidence reporting the benefits of collaborative learning, the thorough quantitative
analysis is clearly lagging behind in the literature. This is perhaps due to difficulties with
formal knowledge representation and the lack of data capturing the complete process of
collaborative learning in sufficient detail. To address this, a collaborative learning environment
(CLE) platform has been developed at Etisalat British Telecom Innovation Centre (EBTIC)
(Ruta et al. 2013; Hirsch et al. 2013). It was trialed over one semester in the courses of the
Molecular Biology Engineering and the Freshman Engineering Design at Khalifa University.
During the trial, collaborative learning styles and their dynamics and outcomes were evaluated
using three, group-based, formally assessed assignments.

This work is grounded in the fields of Educational Data Mining (EDM) and
CSCL and builds upon prior work on collaborative learning and data-driven learning
analysis, which is aimed to develop quantitative approaches to describe the charac-
teristics of collaborative learning and assess their impact on learning performance.
There are many theories on how and why group collaboration works, but most
attribute it to information exchange, conflict resolution, intersubjective meaning-
making, group knowledge building, and participatory models (Suthers 2006). In
our research we focused on several aspects of group knowledge building and its
quantitative assessment, monitoring, evaluation and prediction in order to gain more
informed and measurable insight into the mechanics and quality of collaborative
learning, in conjunction with its performance and key impact factors. Specifically,
this work intends to address three important issues in collaborative learning focused
on quantitative evaluation and prediction of group performance.

First, we explore the predictability of academic performance based on the mechan-
ics of interactions during live collaborative learning. The aim is to predict how well
the group is likely to perform given all available individual and group historical
evidence as well as live interaction patterns. Predicting academic performance of
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students engaged in individual learning has been explored largely based on data
mining and machine learning (ML) technologies in the literature, (e.g. Thai-Nghe
et al. 2011a; Yadav and Pal 2012; Romero, Ventura, Espejo, & Hervs 2012).
Although these models can provide an accurate prediction of learning performance
for individual students, they do not account for interaction and collaboration among
students within groups. It has been shown that collaboration and interaction patterns
in collaborative learning can affect learning outcomes, and therefore cannot be ignored
when considering impacts on collaborative learning performance (McNely et al. 2012).
Prediction of group academic performance can help to evaluate and improve collab-
orative learning systems, identify effective grouping, design efficient interaction pat-
terns, and help to understand what drives student academic performance in a dynamic
and connected learning environment at every stage of the group exercise. For instance,
prior predictions could offer recommendations as to which course, modules or specific
content is suitable for the particular student or a group of students, or could aid in
forming optimal group composition (i.e. the one that maximizes the expected perfor-
mance). Predictions during the course could also help to identify significant deviations
of the early progress from the initial expectations and identify the source of under-
performance, allowing for corresponding corrective intervention. Predictions after the
course, on the other hand, allow one to compare pure data driven reflection on the
group performance vs the performance perceived by the teacher and hence flag any
cases of significant dissonance.

A complete case study on group academic performance prediction has been carried out with
the data collected in the trial of the CLE platform, which involves generation and extraction of
features from the CLE group interaction data, development of machine learning models to
predict group performance based on the features and evaluation of the prediction accuracy and
model robustness.

Second, a comparative model is proposed for the evaluation of individual student
performance in relation to the group performance. In collaborative learning, a grade is
generally given not to each student but to each group and assessment of group learning is
typically dominated by measures assigned after collaboration (Gress et al. 2010), where
the performance of each group is normally measured by the quality of the solutions or
products generated (Goggins et al. 2015). It is, however, quite useful for teachers to
understand the hidden performance of each individual student within the group. Moreover,
isolating the impact of collaboration styles from the individual student qualities on the
expected group performance allows to quantitatively analyze the groupwork improvement
over individual tasks attributed exclusively to the way the group collaborated. The
comparative performance analysis of both individual students and groups not only
confirms quantitatively the advantages of collaborative learning over individual study,
but most importantly explains exactly the circumstances and conditions when specific
patterns of collaboration are successful or unsuccessful and why.

Third, we intend to investigate the impact of group composition on learning
outcome in collaborative learning. A key finding of this work is the observation that
groups with mixed-gender and diverse skills and abilities tend to benefit more from
collaborative learning compared to uniform-gender groups of students with similar
skills. We claim these improvements can be explained by a combination of a deeper
diversity of skills, knowledge, and abilities to generate creative content, as well as
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increased engagement and focus during group work, especially in cross-gender com-
munication and interaction.
The major contributions of our work can be concluded as follows:

1) Identification and extraction of the factors and features from collaborative learning
process that affect group performance;

2) Unified feature normalisation across diverse assignments and assessment methods;

3) Expressing diverse student’s learning abilities through feature definitions;

4) Exploring group performance predictability based on live interaction dynamics in a form
of application of classification and regression models (Extreme Learning Machine based
Feed-Forward Neural Networks and Classification and Regression Trees) to group per-
formance prediction;

5) Group performance prediction model validation on live data acquired from the trial
carried out with 122 students;

6) Proposition of a new comparative model of individual student performance assessment in
relation to and based on the group performance;

7) Quantitative definition of a group learning synergy expressed as a difference between the
group actual assessment and its expectation that is made of the sum of individual
members’ contributions;

8) Investigating the impact of group composition on collaboration performance and provid-
ing quantitative measurable evidence of groups with mixed-gender and diversity of skills
performing better as compared to uniform-gender groups of students with similar skill in
collaborative learning.

It is important to state that this work and the above contributions focus on the prediction of
group performance and other attributes of groupwork after completing the task. However,
without any loss of generality, they can be applied at any stage during groupwork with the
impact on predictive preformance proportional to the level and completedness of live tasks. In
this respect, there are therefore no intrinsic limitations of applying the presented group
performance prediction and knowledge discovery methodologies in real-time, even during
live classroom activities.

It has been suggested in (Cress 2008) that analysis of CSCL should look into both
the group effects and individual level and, from there, carry out multilevel analysis on
the hierarchical structure of learning data. A Multilevel Model (MLM) has been
proposed for CSCL, which allows different regression functions with different inter-
cepts and different slopes for each of all groups in linear regression; as an example,
the relation between satisfactions of individual students and their activity in collabo-
rative learning is analyzed based on multilevel analysis (Cress 2008). Although it is
quite efficient for CSCL analysis, it requires an enormous sample size, which may not
be quite feasible in practice (Cress 2008). In our work, learning performance is
assessed using both groups and individuals as the units of analysis by considering
the hierarchical structure of group learning data in multilevel analysis. In group
performance prediction, different learning abilities of individuals are expressed in
feature representation and unified by feature normalization. The individual perfor-
mance is assessed by comparing individual contributions to corresponding group
workloads and the achievement of these groups in consecutive assignments with a
deterministic comparative performance model. It has been demonstrated that our
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proposed methods can be applied in group learning analysis with a small CSCL data
set. The results described in this paper seek to quantitatively prove the synergistic
improvements of collaborative learning, evaluate their extent, and explain them in
terms of the properties of student interaction and group diversity. We believe the
findings arisen from this work can provide the education community with useful
insights in organizing their own collaborative learning processes and student group
structures in order to achieve optimal learning outcomes.

The remainder of the paper is organized as follows. Background on collaborative learning
and related work on the three issues addressed in our work are introduced in Section 2.
Section 3 introduces the CLE developed at EBTIC and discusses its features. Group perfor-
mance prediction based on classification and regression models is presented in Section 4,
where the diversity of assignments and students is considered in feature representation. A
comparative analysis model to evaluate the performance of an individual student in a group
and a generative mixture model of group performance are proposed in Sections 5 and 6,
respectively. The quantitative results from the prediction experiments are shown in Section 7.
Finally, the concluding remarks are given in Section 8.

Collaborative learning

Collaborative learning is defined by Johnson et al. as the instructional use of small groups so
that students work together to maximize their own and each others learning (Johnson et al.
1991). In recent decades, various theories of how collaboration works for learning, which are
associated with information exchange, conflict resolution, inter-subjective mearning-making,
group knowledge building, and participatory models, have been proposed (Suthers 2006). In
contrast to individual learning, collaborative learning is characterized as a field centrally
concerned with meaning and practices of meaning-making in the context of joint activity,
and the ways in which these practices are mediated through designed artifacts (Koschmann
2002). With the development of personal computers, mobile devices and wireless communi-
cation, CSCL, characterized by the sharing and construction of knowledge among participants
using technology as their primary means of communication or as a common resource (Stahl
et al. 2006), has been considered as an effective way to improve performance and efficiency of
learning (Slavin 1990; Johnson et al. 2000). Significant changes in learning efficiency tend to
be observed when students work collaboratively within groups rather than working individ-
ually, which is, in principle, attributed to being helped by partner students or helping partner
students (Stahl et al. 2006). As an example, lower-ability students are reported to benefit much
more from learning in a collaborative setting than higher-ability students (Saner et al. 1994).
This observation matches the intuition that higher performing students on average tend to
transfer knowledge to the lesser performing students.

Besides student academic performance, collaborative learning is also able to improve
student interpersonal, intercultural and higher level thinking skills (Johnson and Johnson
1988; Slavin and Cooper 1999). Collaborative learning activities provide students with
chances to explain their understanding of the subject matter to their group members, which
can help students elaborate and reorganize their knowledge (Van Boxtel et al. 2000). It is also
shown that discussion among students during collaborative learning can improve their ability
of understanding and interpretations (Fall et al. 1997). Collaborative learning can also train
students to work better in teams and to participate more effectively in a democratic society
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(Feichtner and Davis 1991; Kagan 1994). It is even postulated that the experience achieved
from collaborative learning is essential for the healthy psychological development of students
(Johnson et al. 1998).

Unlike individual learning where the learning outcome of a student is dominated by his/her
personal learning characteristics, e.g. learning ability, time spent, etc., effective collaborative
learning involves not only the contribution of individual students but also depends on the way
the group comes together to produce contributions. This may involve interdependence,
concurrency, work distribution, mutual evaluation and reflection. It has been reported in the
literature that the outcome of group-based learning in collaborative learning can be influenced
by student characteristics, task characteristics, group composition, and team collaboration, e.g.
positive interdependence, individual accountability, promotive interaction, social skills and
group processing (Johnson and Johnson 1998; Lai 2011). To maximize the effectiveness of
collaborative learning, the needs for students to be trained handling group issues (Oakley et al.
2004) and for teachers to be guided in training students on how to conduct group work (Ward
2006) have been highlighted. The importance of creating structured group assessments has
been explored as well (Cohen et al. 2002; Vita 2005). The effectiveness of the student
collaboration has a high impact on the learning outcome, which is dependent on the quality
of interactions, especially the degree of interactivity and negotiability (Dillenbourg 2000). It
has been shown that students’ collaborative work on the same assignment followed many
different interaction patterns, which can greatly affect the performance and assessment of the
group work (Cen et al. 2014a). Continuous focus, self-reflection, live collaboration, and a
fairly even distribution of workload and contributions are naturally more likely to lead to more
refined and coherent assignment outcome, and consequently achieve better marks.

The behavior of a group is more than the sum of its individual parts, which indicates that
group collaboration evolves in ways that are not necessarily evaluated based on the inputs of
group members (Dillenbourg et al. 1996). This, in turn, brings much more complexity and
challenges to the implementation of collaborative learning. Recent studies on collaborative
learning have shifted the theoretical focus from individual functions within groups to an
overall analysis based on whole groups (Dillenbourg et al. 1996). Although many studies on
CSCL have been reported in the literature, more research is still required to achieve efficient
learning implementation and practice. Quantitative analysis has played an important role in
CSCL research to gain in-depth understanding of collaborative learning (Bruckman et al.
2002). In this work, several quantitative approaches have been developed to analyze the
characteristics of collaborative learning and assess their impact on learning performance.
Specifically, we focused on generic capability to estimate or predict group performance at
different stages of the joint group learning exercise: before, during, and after the group task.
Machine learning based approaches have been proposed to predict group learning performance
during the exercise utilizing live members interactions and other dynamics describing concur-
rent and shared contributions. Effective and normalized features have been developed to
provide the most explanative power against standardized actual assessment grades. Then, a
simple prior group assessment expectation model that combines individual student perfor-
mances has been updated by adding generative components that allow us to reliably predict
group performances. The deviations between the predictive expectation model and the actual
assessment provided by the teacher was coined as an objective quantitative measure of
collaboration synergy that directly measures whether the collaboration is effective or not and
whether it brings group performance gains or, in some cases, the opposite. Finally, effective
group composition and its impact on group performance have been investigated, which reveals
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new quantitative insights as to the role gender distribution and skill-diversity in the group have
on its performance. All analysis has been been carried out on the group coursework interaction
data linked with the teacher-led assessments. All data collection was carried out using the
EBTIC-developed CLE platform. The following sub-sections provide a thorough review of the
related work reported in the literature.

Prediction of group learning performance

With the development of machine learning technologies, predicting students’ academic per-
formance, i.e. predicting how well a student will perform on a learning task based on historical
knowledge or data (Thai-Nghe et al. 2011b), is one of the oldest and most useful applications
of educational data mining (Romero et al. 2013), and has attracted increasing attention in the
learning community. Student performance prediction could provide informed guidance, ad-
vice, and early feedback that may help to improve student’s knowledge retention, formal
assessment outcomes and satisfaction from the educational experience. A common observation
that students enjoy dealing with and achieve successes in subjects they are naturally good at
seems to support this claim. Furthermore, a good and reliable prediction model could, in the
long-run, define student curriculum paths and possibly replace standardized examinations,
thereby reducing exam pressure and workload which negatively affect both teachers and
students (Thai-Nghe et al. 2011a; Feng et al. 2009; Thai-Nghe et al. 2011b).

This is, however, quite a challenging problem, since the learning performance of students
can be cross-affected by lots of factors, e.g. demographic, cultural, social, or family factors,
socio-economic status, psychological profile, previous schooling, prior academic performance,
interactions between students and faculty, etc. (Romero et al. 2013; Araque et al. 2009). Many
machine learning techniques, e.g. linear regressing (Feng et al. 2009), logistic regression (Cen
et al. 2006), decision trees (Thai-Nghe et al. 2007; Yadav and Pal 2012), neural networks
(Romero et al. 2008), support vector machines (Thai-Nghe et al. 2009), smooth support vector
machine classification associated with kernel k-means clustering techniques (Sembiring et al.
2011), Bayes classification (Bhardwaj and Pal 2011), and matrix factorization based recom-
mendation technique (Thai-Nghe et al. 2011a; Thai-Nghe et al. 2011b; Thai-Nghe et al. 2010),
have been applied to solve student performance prediction problems in the literature, and,
depending on the definition of the problems and the types of variables to be predicted, different
techniques are employed, such as classification for categorical variables, regression for
continuous variables or density estimation when the predicted values are probability density
functions (Romero et al. 2013; Hamaldinen and Vinni 2011). An incremental ensemble of base
classifiers, i.e. Naive Bayes, the 1-NN and the WINNOW algorithms using the voting
methodology, has been proposed for predicting student performance in distance education
(Kotsiantis et al. 2010). It is proposed for online learning to identify poor performance in an
open and distance learning environment, where its data arrive continuously and it is imprac-
tical to store data for batch learning. A predictive analytic model has been developed for the
University of Phoenix to identify students who are in danger of failing the course in which they
are enrolled, based on timely intervention strategies (Barber and Sharkey 2012). Three models
have been developed to predict student failure for distance learning by analyzing the clicking
behavior of students in a virtual learning environment (Wolff et al. 2013). A prediction of the
students’ grades for assignments they are currently undertaking is made by monitoring
students’ progress based on their participation in online collaborative learning activities.
Selective interventions are then taken to prevent the students from actually failing
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(Gunnarsson and Alterman 2012). Students’ final performance is predicted by using different
data mining approaches based on participation in online discussion forums that constitute
communities of people learning from each other (Romero et al. 2013). Instead of using
traditional classification, it applies clustering plus class association rules mining to build
student performance models. It has been illustrated from the results of experiments conducted
for the first-year computer-science university students, that the approach is suitable for
performing both a final prediction at the end of the course and an early prediction before the
end of the course.

In collaborative learning, the learning behavior of students working collaboratively is more
complicated than that of individual learning (Hackman and Morris 1975). The performance of
a group is not decided by individual learners, but is a complex combination of all learners’
contributions to the group. Assessment and prediction of group performance can help to
evaluate and improve a collaborative learning system, identify productive grouping and
interaction patterns, and help to understand what drives student academic performance within
a dynamic and connected learning environment. As mentioned before, both the characteristics
of individual students and their interaction patterns can influence the performance of group
learning, which makes performance assessment and prediction in collaborative learning much
more challenging compared to individual learning.

After reviewing 186 papers and 340 measures, Gress et al. classified group performance
assessment in collaborative learning into categories of self-report, interview, observation,
process data, discussions and dialogues, performance and products, and feedback (Gress
et al. 2010). However, these assessment methods, although commonly used, tend to violate
the assessment requirements of time, validity, reliability, and individual accountability in one
way or another (Xing et al. 2014). Examination of final products of collaboration, e.g. group
assessment, by using the average score of outcome of each task (Zhu 2012), or the quality of
the solution produced according to a holistic rubric with consideration of productive failure in
collaborative learning for ill-structured and well-structured problems (Kapur and Kinzer 2009),
has been a dominant means to evaluate group learning performance (Goggins et al. 2015).
However, an assessment based solely on learning outcomes cannot accurately measure group
performance since it overlooks elements of the collaborative learning process (McNely et al.
2012; Strijbos 2011), such as group dynamics, interaction, and technology-mediated processes
(Goggins et al. 2015). To address these aspects, qualitative methods have been developed for
assessing group performance based on team collaboration indicated from its dialogue during
collaboration (Safin et al. 2010). The major disadvantages of these methods are that they are
time-consuming and difficult to implement. Some quantitative methods have been proposed to
overcome these drawbacks by quantifying complex collaborative processes either by building
ad-hoc measures or by quantifying categories of actions or utterances (Goggins et al. 2015;
Strijbos 2011). For example, quantitative content analysis has been used to characterize group
discussion by coding and counting the frequencies of different aspects of discourse (Kapur
et al. 2011). However, these approaches cannot accurately define the learning process and
group collaboration in a quantitative way (Goggins et al. 2015). The study by Xing et al.
(2014) assesses CSCL by using activity theory, where an automated strategy is proposed to
assess participation in a multi-mode math discourse environment called Virtual Math Teams
with Geogrebra (VMTwG). Most studies that are based on statistical modeling and data mining
techniques are focused on methodology, exploration of algorithms and mathematical model-
ing, in ways tending to overlook educational contexts, theories and phenomena (Xing et al.
2015; Baker and Yacef 2009; Romero and Ventura 2010). To overcome this limitation, a
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methodology which connects perspectives from learning analytics, educational data mining,
theory and application to predict students’ performance in the VMTwG environment with
small datasets has been proposed (Xing et al. 2015). In this method, students’ participation in a
CSCL course is holistically quantified based on activity theory, and learning performance is
predicted by using Genetic Programming (GP) based prediction model. In the literature, other
approaches for collaborative learning analytics based on different machine learning technol-
ogies have been proposed as well, e.g. Bayesian networks, decision trees, and fuzzy logic
(Ferguson and Shum 2011; Coffrin et al. 2014). A regression prediction strategy is proposed to
predict group performance according to the students’ functional roles which are identified
automatically based on the analysis of their online collaborative learning interactions (Coffrin,
Corrin, Barba, & Kennedy 2011). A prediction model is formalized by using system-tracked
data to forecast team performance, where the log records are analyzed to measure group and
individual participation, and direct and indirect measures of involvement are used as predictor
variables (Goode and Caicedo 2014).

In this work, novel prediction models based on supervised learning techniques are proposed
for group performance prediction in CSCL using historical and live group interaction evidence.
Compared to the techniques in the literature, the major advantages of our methods include: 1)
definition of a number of discriminative features from concurrent sequences of student
learning and shared content creation sessions to measure various characteristics of their
contributions to joint assignments and their interaction within groups, and to analyze their
abilities to differentiate between the likely outcome represented by the formal group assess-
ment; 2) address of the challenges posed by accommodating different students, diverse
assignments and assessment methods which are resolved through normalised and unified
assessment representation and generic feature definitions; 3) application of both classification
and regression models to satisfy different prediction goals.

Individual assessment

In collaborative learning, an assessment grade is generally assigned to each group based on the
group’s achievement, i.e. the quality of the solutions or products generated after collaboration
(Goggins et al. 2015; Gress et al. 2010), which is then, in turn, assigned to all individual group
members. It is useful as well to understand each student’s individual performance in creating
the final assignment. Learning within groups makes it difficult to isolate individual contribu-
tions and to assess the learning outcome of an individual from the group achievement. The
final grade given to a group for an assignment created collaboratively does not necessarily
reflect any one individual’s effort, knowledge, skill, or ability, since students in the group may
not make comparable or equivalent contributions (Saner et al. 1994; Race 2001; Webb 1995).
Collaboration among students within groups can have evident effect on learning performance
even with limited interaction, e.g. a 10-minute discussion (Fall et al. 1997). It has been
demonstrated that group assessments may not accurately reflect individual achievements in
collaborative learning (Saner et al. 1994; Webb 1993; Webb et al. 1998). Especially in
heterogeneous groups with students having various ability levels, low-ability students may
obtain higher grades from group assessments that are achieved based on the contributions of
their high-ability teammates (Saner et al. 1994). If the higher performance of a group can
reflect actual learning progress, the group assessment is not necessarily invalid; while if low-
ability students are assigned higher scores based on the group achievement completed mostly
by the higher-ability students in the group, assessing individual student learning using group
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performance as the indicator will not be accurate enough. Webb (1995) has suggested using
individual student assessment instead of group-based assessment if the assessment of individ-
ual student performance is more important than that of the group. Although this provides
accurate assessment of the individual students, the effectiveness and the synergy of groupwork
will remain unassessed as a result, or, in extreme cases, the group may miss out on the benefits
of collaborative learning altogether. In addition, it has been demonstrated that the achievement
of group members are not independent of one another due to cooperation impact, and such
impact can continuously affect the performance of subsequent individual work, especially for
lower-ability students (Saner et al. 1994; Webb et al. 1998).

Most of the work in learning assessment is focused on student performance assessment in
individual learning and group performance evaluation in collaborative learning. Individual
student performance assessment in collaborative learning, although being an important mea-
sure for evaluating learning achievement, has not been widely addressed in the literature. A
negotiation model has been used to represent student interactions for assessing the perfor-
mance of individual students in collaborative learning (Dillenbourg et al. 1996). The interac-
tion of students within groups is indicated by conversation strategies for students’ learning
assessment (Roschelle and Teasley 1995). Learning behaviors are analysed for assessing
individual student interaction and performance (Webb 1991; Webb 1993; Webb et al. 1998).
However, neither the interactions nor the student behaviors were quantitatively defined and
analyzed in these methods. To address this, a comparative model is proposed for the definition
and quantitative evaluation of individual student performance in relation to the group perfor-
mance by considering the characteristics of learning and the relationship between contribution
and achievement.

Group composition

A learning group is usually characterized by its size, gender and ability levels of its
individual members assuming all members have similar ages. The size of a group
indicates the amount of knowledge exchange and collaboration available during the
learning and content generation process. In general, larger groups with reasonable
sizes tend to perform better than smaller ones if learning activity levels and individual
characteristics are similar (Cen et al. 2014b). It has been noted in the literature that
the composition of groups with different abilities and genders of students is closely
related to the ways students engage, collaborate and learn (Webb et al. 1998; Webb
1991; Savicki, Kelley, & Lingenfelter 1991; Savicki et al. 1996; Gordon 2000), which
consequently influences learning performance. However, few quantitative approaches
are provided in the literature for analyzing group composition.

Webb (1991) has shown that both interaction patterns and collaboration effects can
vary across groups with varying ability-level compositions. Specifically, high-ability
students in groups tend to contribute more by providing more explanations and
information while low-ability students are more likely to be off-task (Webb 1991).
Low-ability students having high-ability peers as teammates are more likely to sig-
nificantly improve their performance on both group tasks and individually-completed
post-tests, while the performance of high-ability students working in heterogeneous
groups consisting of students with varying ability-levels is not affected by the group
composition (Webb et al. 1998). Although there is no quantitative measurement of
performance improvement and ability-levels, this finding provides us with a strong
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recommendation for encouraging groups’ heterogeneity in collaborative learning. It
has also been observed (Webb 1991) that in heterogenous groups with wider ability
range, higher-ability and lower-ability students tend to form teacher-student relation-
ships and interact and collaborate more among themselves, and as a result medium-
ability students tend to be left out.

Significant research has been dedicated to study and compare the effectiveness of
single-gender education and mixed-gender education, i.e. co-education with various
gender compositions in classrooms. The focus of these studies aimed to employ
gender-specific educational strategies for varying purposes such as enhancing student
confidence and skills, improving learning outcomes, or towards achieving social
mobility (Zeid and El-Bahey 2011). The difference in the results of these studies is
mainly caused by gender specific characteristic and behaviors in collaborative learn-
ing. The study carried out on social mobility (Zeid and El-Bahey 2011) indicates that
females tend to focus more on socially oriented activities while males tend to focus
more on task-oriented activities. Moreover, female students learning together in a
technology-rich environment seem to participate more actively and persistently than
male students regardless of the nature of the task (Goldstein and Puntambekar 2004).
Similarly it has been found that female engineering students collaborate more often as
a successful learning strategy compared to their male classmates (Stump et al. 2011).
The research outcomes (Chennabathni and Rgskind 1998) claim that girls in high
schools perform better with single-gender groups when learning unfamiliar tasks but
excell more in mixed gender groups when learning familiar tasks. The study (Webb
1991) conducted with groups of mixed genders shows that girls are more likely to be
ignored by their boy teammates and fail to acquire answers to their questions when
majority of the members in a group are male. Zeid and El-Bahey (2011) found that
the overall course performance for both genders was improved by changing the
software engineering classroom composition from a gender heterogeneous to a gender
homogeneous classroom. However, it has been found that mixing different genders in
one learning group could possibly arouse learning enthusiasm of students who are
willing to contribute more in the learning process (Cen et al. 2014a). Although the
effects of single-gender education and co-education have still been disputed with
contradictory opinions, e.g. (Mael et al. 2005; Morse 1998; Crosswell and Hunter
2012; Smith 1996), these studies indicate that gender composition can largely influ-
ence learning outcome in collaborative learning.

For quantitative analysis of group composition, a generative mixture model is proposed in
our work to isolate the impact of collaboration style from individual student qualities on group
performance. Group composition across genders and diversity of skills and abilities is quan-
titatively analyzed based on this mathematical model.

Collaborative learning environment

The Collaborative Learning Environment (CLE) is a system developed at EBTIC (Ruta et al.
2013; Hirsch et al. 2013) that brings together a collection of tools and functionalities enabling
communication, information sharing and collaborative document creation within the same
environment. As opposed to individual communication and sharing tools like Skype,
Facebook, or Google Drive which focus on a specific interaction or activity, the CLE is
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designed to integrate these different functionalities together into one cohesive learning envi-
ronment. The CLE has been used to collect most of the data that are used in the remainder of
the article.

The CLE is implemented as a set of modules for Moodle, an open source learning
management system (LMS), and as such is able to capitalise on existing Moodle functionalities
like group creation, file sharing and forums. By leveraging the flexibility of open-source
technologies, the CLE integrates seamlessly into the LMS, providing a workspace that is
familiar to both students and faculty, thereby reducing cognitive load and enabling more focus
to be placed on the collaborative process.

The aim of the CLE is to stimulate the collaborative learning process and enable instructors
to facilitate collaborative assignments more easily. Moreover, the whole interaction history is
logged, which provides data enabling dynamic analysis of contributions, usage and participa-
tion, as well as enabling more advanced future functions such as knowledge elicitation. A
screenshot of the CLE is shown in Fig. 1.

Communication features of the CLE include synchronous text chat and audio/video
communication, which allow participants to exchange ideas and communicate directly with
each other regardless of their geographic location. Additionally, a collaboration area is
provided to allow students to either synchronously or a-synchronously create an assignment.
This area, called the collaborative editing pad, provides a canvas on which students can
contribute and revise their ideas. Each contributor to the pad is assigned a unique color, so
individual contributions are evident, and each keystroke, whether it is an “add”, “edit” or
“delete”, is recorded by the pad.

The writing area of CLE is powered by etherpad-lite, a real-time collaborative text editor.
Students edits are collected and stored about 60 times per minute. Etherpad-lite stores the
change-sets in its database, associated with a timestamp, user, and pad-id. CLE then extracts
relevant details (author, assignment, group, time of change, change-type (addition, deletion,
copy/paste)) for further analysis.

All individual students’ assignment progress time series are merged into a single colour-
coded progress timeline that can be viewed and played back like a movie. The students’

= EBTIC CL $% KravEa

ETISALAT BT lnnovation Center Colaborasve Learning
"

@ > My courses » FC

Video Chat I Lets Test stats

~CLE

B I US [E= B & Hedngls @ % 0l2:
Quting for new assigament
+ braiastorm
« identify tasks
« distribute tasks
Group Forum -I
AGd 3 new topic Chat -
21Jan, 1622 . g
Trish Teacher Bert:Lel's gettowork 800
Discussions more. Adam: good idea!
Ol

Fig. 1 A screenshot of Collaborative Learning Environment (CLE) in action
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collaborative work on the same assignment follows many different patterns, from sequential to
concurrent contributions, from one person dominated to evenly distributed workloads, from
continuous progression of contributions to sudden bursts of activity and/or paste-ins. Figure 2
illustrates several examples of progress timelines, signifying different patterns of group
interactions while working on a single assignment. Such progress timelines are constructed
by measuring the cumulative volume of keystrokes by different students, marked in different
colors, along the time while working on the group coursework. The vertical axis measures the
cumulative volume of the assignment content changes recorded by the CLE, and the horizontal
axis represents the time stamps of these changes up to 1 s resolution. These progress timelines
provide a summarised view of how the contributions from each group member evolved over
time. It has been revealed in our prior study, exploring the impact of students collaborative
work on students performance, that continuous focus, self-reflection, live collaboration, and
fairly even distribution of workload and contribution are more likely to lead to more refined
and coherent assignments, and consequently achieve better marks. These findings are impor-
tant to identify discriminative features in learning performance assessment and prediction.
Another way of illustrating students’ interaction data is by depicting the volume of edit
activity (measured in keystrokes) at a higher time resolution level. An example of such an edit
activity plot is depicted in Fig. 3. These two illustrations are just some examples of the
interesting insights into how the group collaborated together. There are many other aspects of
collaboration within CLE that can be analysed, for example monitoring the exact locations of
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Fig. 2 Sample patterns of student interactions while working on group assignments: progress timelines
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Fig. 3 CLE statistics module, Pad Edits, every 5 minutes for Group AD123
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different contribution edits to assess whether the members are working independently on the
same or different parts of the assignment or actually trying to understand and assess the value
of individual contributions.

All the above approaches to analyse collaborative learning data harvested by the CLE are
supported by a statistics module that can output detailed usage statistics at different aggregate
levels. Such insights are invaluable for the instructors as they allow them to obtain, in an
instant, a detailed analysis of how the group assignment was completed and what were the
individual members’ effort and actual contributions. Beyond statistics, the CLE also provides a
playback feature, that allows both the students and instructors to watch the entire creation of
the assignment, from start to finish, much like watching a video.

Group performance prediction

This section describes group performance prediction in CSCL, in which the extraction and
normalization of features representing contribution and interaction of students and the machine
learning based prediction models are proposed. Machine learning, as a type of artificial intelli-
gence (Al), aims at developing algorithms that provide computers with ability to learn from
historical data and make data-driven predictions or decisions without following strict and explicit
program instructions. Depending on the nature of the data, machine learning tasks are typically
classified into three broad categories, i.e. supervised learning, unsupervised learning, and rein-
forcement learning. Supervised learning aims at inferring a function from a set of training
examples, each of which consists of an input object (features typically represented by a vector)
and a desired output (label), while unsupervised learning aims at discovering hidden patterns in
training data without labels provided to learning algorithms. In reinforcement learning, a
computer program interacts with a dynamic environment in which it performs a certain goal,
e.g. driving a car or playing games, without explicit instruction on whether it has come close to its
goal or not. According to the values of the target variable, supervised learning has two categories;
classification where target variables are categorical, and regression where target variables are
continuous. In our work, group performance prediction is formulated as a supervised learning
process and both classification and regression models are built for the prediction task. In
classification and regression, a feature is an individual measurable property of a phenomenon
being observed (Bishop 2006). Successfully solving classification and regression problems is
largely dependent on the choice of informative and discriminating features. Features are, in
general, numeric, as used in this paper, while structural features such as strings and graphs are also
used in syntactic pattern recognition. Successful approaches are developed for feature extraction
and normalization to capture statistics of the contribution and interaction of student members
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within groups during the learning process. These features are used to learn the classification labels
or regression outputs defined as normalized grades awarded to the groups as their formal
assignment assessment. This will be elaborated further below.

Classification and regression models

Classification and regression are supervised learning techniques to build prediction models
from data. They share a common framework, which is shown in Fig. 4. During the training
process, a feature set is extracted from the training data to capture important and discriminative
attributes of input data in relation to the target attributes. Pairs of feature sets and given target
values are then fed to the learning algorithm to construct a mapping between the data features
and the target attributes, which constitutes model learning. Once the model is built, the same
feature extraction is applied to unseen data and the learned model uses these data to predict the
target variable.

The main difference between classification and regression is the representation of the target
variable. In classification, the target variable is categorical, taking values associated with
different possible classes of output. Whereas, a regression model has a numerical and, usually,
continuous output variable. In this section, the academic performance prediction is first
formulated and described as a classification problem, and then a regression problem.

When learning performance prediction is formulated as a classification problem, the outputs
of the target grade variable are discretised into just several possible grade levels taking integer
values that are set to be within [1,5] in our method. These levels correspond to grades and are
used as class labels during model learning and prediction. Note that in such defined classifi-
cation the prediction error is also granular, i.e. it is either 0 or equal to the difference between
the actual and wrongly predicted grades.

In statistics, regression analysis is a methodology for estimating the relationships between a
dependent variable and one or more independent variables, which has been widely applied in
prediction and forecasting. When building a regression model for performance prediction, the
dependent variable represents group grades and the independent variables are the data features.
Unlike classification, the grades are normalized to take continuous values within the range of
[1,100]. The advantage of using a regression model is that it provides a finer granularity of the
target variable and normally better reflects similarity between different target values simply by
their distance.

Given target
values

Features Learning

Training o algorithm
Training Feature
data representation

Features

Pradictisii Unseen | | Feature (T Learning / Predicted

data representation model target value

Fig. 4 Framework in supervised classification and regression
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As shown in Fig. 4, feature representation and model learning are two major parts in both
classification and regression frameworks. Typically they consume most of the time spent in
building the classification or regression model.

Feature representation

The features used for grade prediction are directly extracted from students’ interaction within
groups recorded along the duration of the assignments. The data collected for an individual
student during each assignment are listed below:

ID and first name of the student;

ID and name of the group that the student belongs to;

ID of the assignment that the student is completing;

Indices of revisions reflecting the order in which they were updated;

The contribution attributes: start length, end length, the total number of changes and the
volume of length changes, as well as the time stamp of the contribution;

6. Grade awarded by the teacher for the assignment which, in this case, is the assessment for
the whole group.

hAE o e

The following list captures some simple aggregate statistics derived from the above data:

ID and name of the group;

The number of members in the group;

The number of revisions carried out by each group member;

The total number of revisions carried out by the whole group;

The absolute number of changes (adding/deleting), the number of positive changes

(adding), and the number of negative changes (deleting), carried out by each group

member;

6. The absolute number of changes (adding/deleting), the number of positive changes
(adding), and the number of negative changes (deleting), carried out by the whole group;

7. Group performance, i.e. group grade.

hAE Rl

It can be seen from the recorded data that the number of revisions and the total number of
changes in all revisions represent the effort made in learning, which have been observed to be
closely associated with learning outcome (Cen et al. 2014b). Let ratioRL,, be the number of
revisions in the unit length of the change made by the gth group in the ath assignment, which
is calculated as

ratioRLgq = Rgq/ (Lgal —Lgaz) ,2€G, aeA, (1)

where  and 4 denote the sets of indices of groups and assignments respectively, R,, is the
number of revisions, and Lg,; and L, are the start length and end length of the total changes
made by the gth group in the ath assignment. Considering that there are large differences
among efforts made in various revisions, we use the ratio of ratioRL,, instead of using the
number of revisions as features.

As described before, there are positive changes and negative changes, reflecting the
adding and deleting of content respectively. Positive changes represent valid
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contributions that are used in the subsequent work, while negative changes indicate
that some of previous contribution are considered to be invalid. Since content editing
can be carried out synchronously or asynchronously by different student members
within a group, the amount of both positive and negative changes indicates the
interaction among students and provides a way to estimate learning efficiency. The
absolute number of changes measures effective changes remained in the final evalu-
ation, which indicates group contributions. This together with the numbers of positive
changes and negative changes is then used as features in our method:

Cga = {C‘ga" C+ga7 C*ga}ngGv GEA, (2)

where C,, denotes the change vector of the gth group in the ath assignment, Cg is
the absolute number of changes, and C.z, and C_,, are the positive and negative
changes respectively.It has been shown in our previous work (Cen et al. 2014a) that
the size of a group is also an important factor affecting the group learning outcome. It
indicates the amount of knowledge exchange and collaboration available during the
learning and content generation process. Let NS,, denote the number of students in
the gth group taking the ath assignment. The features used in prediction can then be
expressed as

fea = {NSqa,ratioRLg,, Cyq }, g€G, a€A. (3)

In (3), fz. represents the feature vector of the gth group in the ath assignment, which
quantifies collaboration and interaction made by this group in the learning process of
a assignment.

However in practical applications, there are often multiple assignments in one course, as is
the case in our work in which there are 3 assignments. Since the contents and tasks in different
assignments can be totally different, the features representing contribution and interaction
given in (3) are normalized by considering the diversity of assignments. To implement this, a
weighting coefficient is allocated to each of assignments to measure its difficulty level. Let
grade, and ctr, be the average grade and average contributions made in the ath assignment,
respectively, which can be expressed as

NG,
g gradeg,
g=1

d . = s 00000 cA 4
grade, = —aed, @
and
NG,
Y Cla NG
&l Cleal
— NG,  g=I
clry = NG, = Vo, ,aeA, (5)
Y Ry Y R
g=1 g=1
NG,

@ Springer

641
642
643
644
645
646
647
648

630
651
652
653
654
655
656
657

658
660
661
662
663
664
665
666
667
668

680



JrnliD 11412_ArtID 9234_Proof# 1 - 28/04/2016

L. Cen, et al.

where grade,, is the grade achieved by the gth group in the ath assignment, and NG, is the
number of groups taking this assignment. The difficulty weight of the ath assignment, denoted
as diff., is then calculated as

dif f, = ,aed. (6)

It can be seen from (6), the assignment with higher value of diff,, is likely to have lower
average grade and require more contributions, and is thus considered to be more difficult. It
should be noted that this can apply only if all the assignments are involved in one course and
taken by the same students, in which all comparisons can be made with a unique reference.
Here, diff,, is normalized within [0,1]. The revisions and changes in each assignment are then
normalized according to diff;, and the features in (3) are as such re-written as

fgu = {NSga,VatiORLga X dlffu? Cga X di.ffa}ﬂgeG7 aEA' (7)

By doing so, the group contributions are normalized based on the assignment difficulty, hence
allowing different assignments to be compared at a similar level.

Although the assessment grade is allocated to a whole group, the efficiency, knowledge
background and level of understanding of the participating students are different. To differen-
tiate among individual students’ performance in the feature representation we allocate a
performance weight to each individual student in the group. Let w, be the performance weight
of the s#h student, which is calculated based on the average grade achieved in all assignments
completed by this student and is given as

NA,
E gradeg,
_ a=l

Ws NA,

,S€S, (8)
where S is the set of indices of students, N4, is the number of assignments that the stk student
has completed, and g € G is the index of the group that the s¢4 student belongs to in the ath
assignment. We then estimate a possible achievement of a group by considering the contribu-
tions and performance weights of all member students in the group, shown as:

NSgu

f’ga = Z Clsa) X Wy, g€G, acd, 9)

s=1
where 13ga is the performance expectation of the gth group in the ath assignment, and Ci is
the absolute number of the changes made by the sth student in the ath assignment. The Pga is
normalized within [0,100] to satisfy the purpose of having a finer granularity, which is added
as a feature in (7). Since the calculation of f’ga has taken into account the number of changes

made during assignments, it will not be used again. The feature, f,, in (7) can therefore be
changed to:

foa= {nga, FatioRLgg X dif f 4, Pea ¥ diffa}. (10)

In this way, the features are further normalized to eliminate the effect of different tasks and
various learning abilities of different students. It is important to reiterate at this point that all the
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feature definitions and the related group performance prediction analysis, described above, are
applied to completed groupwork task, yet it can also be equally applied in the exact form for
any moment live during the groupwork. In this case the features would be recalculated
continuously on a cumulative basis during the progress of the groupwork, and the predictive
performance might be affected in proportion to the completeness of the groupwork interaction
and its consistency of impacts on performance.

Learning algorithms

The problem of academic group performance prediction, formulated in this work, is solved
using classification and regression models as selected instances of machine learning tech-
niques. Specifically, neural networks and decision trees have been chosen for this task.

Extreme learning machine (ELM) based feedforward neural networks (NN)

Traditional feedforward neural networks extensively use slow gradient-based learning
algorithms to train neural networks and tune the parameters iteratively, which makes
their learning speeds rather slow. To overcome these drawbacks, Huang and his
colleagues have proposed a new learning algorithm called extreme learning machine,
which randomly chooses hidden nodes and analytically determines the output weights
of the network (Huang et al. 2006). Compared to other computational intelligence
methods such as the conventional back-propagation (BP) algorithm and support vector
machines (SVMs), the ELM has much faster learning speeds, ease of implementation,
least human intervention, and high generalization performance. It has been reported by
Huang et al. (2006) that the ELM can produce better generalization performance and
can learn thousands of times faster than traditional learning algorithms for feedforward
neural networks.

Classification and regression trees (CART)

CART introduced by Breiman and his colleagues (Breiman et al. 1984) have been widely used
in data mining and machine learning. It is used to build a model that is able to predict the value
of a target based on the values of input attributes. The prediction models are constructed from
data propagating through the condition tree until the leaf is reached. Specifically, the models
are obtained by recursively partitioning the data space and fitting a simple prediction model
within each partition. Binary trees are constructed by repeatedly splitting a node into two child
nodes, beginning with a root node that contains the whole learning sample, which are used for
predicting categorical target variables in classification or continuous output variables in
regression.

Comparative student performance model

Generally in collaborative learning, one assessment is allocated to a whole group, which is
measured by the quality of the solutions or products generated after collaboration (Gress et al.
2010; Goggins et al. 2015). However, it is quite useful to understand the performance of each

individual student. This is not only helpful to assess the academic achievement gained by each
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student, but also helpful to analyze the impact of collaborative learning. To address this, a
comparative student performance model is proposed in this section.

In our method, the performance of an individual student within a group achieved for a
particular assignment is modeled based on the grade of the group this student belongs to in this
assignment, the other assignments he/she has completed before, and his/her contributions
made to the corresponding assignments. Specifically, if the group marks are higher while the
contributions of the student are lower (or vice versa), the student is considered to have a lower
individual performance than his/her group performance. On the other hand, if the group marks
and the contributions of the student are both in-line for different assignments, the student is
likely to be among top students in the group and assumed to have a higher performance than
that of his/her group. This will be elaborated below.

Let g, and g, be the group indexes of the 5 student in the af" and %' assignments
respectively, and assume that the al' assignment is completed before the ay assignment. It is
not necessary that the two groups contain the same student members. Now we will model the
performance of the student in the o' assignment by estimating the grade that the student may
achieve if he/she individually completes the assignment without collaboration with the the

other students.
Based on the relationships between gradeg, ., and gradey, ,,, and between C 5, and C [,
there can be four different cases:
gradey o <gradeg,,, C| |2C (11)
Eal §u2
gradeg o >gradeg,.,, C| |<C| (12)
say Say
gradeg o, < gradeg,,,, C| | < C| (13)
Sa, Sa
gradeg o > gradeg,q,, C >C (14)

Say Say

In the cases given in (11) and (12), the student is likely to have more negative effect on group
performance, while the cases in (13) and (14) indicate that the contributions of the student are
important to the group performance and his/her achievement tends to be better than that of the
group.

The value of grades,, is estimated based on grade,,,, as

grade = gradeg,,, + Agrade | (15)

Say Say

where Agrades,, is the grade adjustment and calculated as

Agrade = (gradeg ., —gradeg,q,) X (ctr —ctr > (16)
Kt §a1 §az

a
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In (16), ctry,, with i € [1,2] denotes the percentage of the contribution of the 5"
th

student to the a;" assignment, which is calculated based on the ratio of the absolute
number of changes as:
C C
Sa; Sa;
cr = = (17)
sa; C\ga,-\ NSga;

> Claf

s=1

If more than two assignments were completed by the student, i.e. a»>2 and a; €
[1,2,...,a5 —1], the assignment to which the student made the most contributions is
chosen as a; in the model.

For the first assignment in a multi-assignment course or the sole assignment in a
single-assignment course, the performance of an individual student is modelled based
on the percentage of his/her contribution within the group. The basic idea is that the
performance of a student is expected to be higher than the group performance if the
contribution of the student is greater than the average student contribution in the
group, and vice versa. Let cfrg, be the average student contribution of the gti group
in the ath (a=1) assignment, which can be calculated as

NS
Y Ciu
s=1

NSeq

(18)

Clrgy =

Let Actrsy, be the normalized deviation between cfry, and the individual contribution

made by the 3 student, which is expressed as
C| |—ctrg,
Sa
AC’U”~ = T . (19)

The grade adjustment is then defined as

Agrade = Actr  x gradeg, (20)

a Sga

where gradey,; denotes the full mark, i.e. 100. The expectation of the student grade is
then calculated with the sum of grade,, and Agrades,.In order to constrain students’
expected grades within a reasonable range, an upper and lower bounds are set as:

gradeq,,—10<grade <gradeg, + 10. (21)
Say

If grade;,, exceeds given range, it will be set to the closest bound.
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Group composition

As mentioned before, group composition can considerably influence the learning outcome in
collaborative learning, since different configurations of groups yield different collaboration
patterns and learning behaviors. In this part, the impact of collaborative learning on groups
with homogeneous- or heterogeneous-genders and abilities is analyzed based on the compar-
ative student performance model given in Section 5. This is quite important since it allows for
comparisons of learning outcomes among different group composition configurations.

To isolate the impact of collaboration style from individual student qualities on group
performance, a generative mixture model is proposed. The model assumes that the grade of the
assignment of the group is generated as a combination of the students grade expectations,
improved or degraded by the collaboration type that the students choose to follow. Specifically,

it is expressed as a linear combination of contribution-weighted performances of all individual
students in the group:
NSga
gradeg, = Z gradeg, X ctry,, (22)

s=1

where grdde,, is the estimated grade of the gth group in the ath assignment and grdde,
denotes the individual performance of the sti student in this assignment. Here, grdde,, is
estimated by using the comparative student performance model described in Section 5. The
deviation between the group performance expectation and the actual grade received is likely
linked to the way the students collaborated together in the group. The impact of collaborative
learning on various group composition configurations can then be quantitatively analyzed and
compared. The analysis of gender and ability composition within the CLE platform throughout
the trial will be presented in Section 7.

Experiment results
Description of experiment data

The data used in the experiments were collected via the CLE platform trialed during the Fall
Semester of 2013. During this trial, CLE was used in two courses, the Molecular Biology
Engineering Course and the Freshman Design Engineering Course. The CLE trial consisted of
3 collaborative writing assignments related to the students’ end-of-term project. The end-of-
term project began by splitting students into teams with each team choosing a project to
complete based on a set of project proposals submitted by the faculty from varying disciplines
around the university. The faculty then became the ‘client’ or ‘customer’ for the students to
build and solve the proposed problem. The CLE assignments consisted of three collaboratively
written parts at various stages of the project process. The first assignment had each team create
a ‘“Team Charter” which would outline the structure of the team and the expected behavior for
the team and each of its members. The second assignment, the ‘Revised Client Statement’,
required each team to write an analysis of their client’s problem based on the information they
had gathered from the meetings with their ‘client’. As stated in the assignment, students
needed to reflect their new understanding of the design problem as a result of working through
the conceptual design cycle. The third assignment asked the students to create their ‘Final
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Design Report’ document using the CLE. It should be noted that, due to limitations in the CLE
such as inability to add images, using the CLE for this assignment was optional. The
assignments were all collaborative writing assignments, but collaboration was not closely
monitored during this period by the faculty as the trial was focused on being a data gathering
exercise.

In total, 168 students used the tool. For the purposes of this article, a subset of the data was
used. First, only the Freshman Design Engineering Course was taken into consideration. While
152 students took this course, only 122 participated in groups that created and submitted their
coursework using CLE. The rest either did not use CLE at all or decided halfway through the
assignment to switch from CLE to more traditional methods of collaborating, such as shared
Word documents. In total, data of 122 students partitioned into 72 groups across the 3
subsequent assignments were collected, as detailed in Table 1. The group sizes varied typically
between 3 and 6 students, however there were instances when only 1 or 2 students contributed
within the CLE. The groups were prescribed by the teacher, and for each of the assignments,
the students were assigned to new groups. For each assignment, a grade was allocated to the
whole group as a result of teacher assessment on the basis of the quality of the joint reports
consisting of 9 assessment criteria that are format, abstract, executive summary, introduction
and overview, problem statement and problem framing, design alternatives considered, eval-
uation of alternatives, basis for design selection, results of comparison of the alternatives, and
appendices for supporting materials. It should be noted that the grades for the students were
unrelated to their CLE collaboration. In the original data, the grades for the first two
assignments range within [0,5] and those for the third assignment range within [0,30]. To
make the grades comparable across all 3 assignments, they have been normalized within [1,5]
for classification and [1,100] for regression. The distributions of the group sizes and normal-
ized assignment grades are as shown in Fig. 5.

The data set used in the experiment is small in terms of the number of examples, and
imbalanced with respect to grade distribution as most of the samples received grades of 4 and
5. Despite these limitations we made several provisions to extract the maximum insights and
value from these data while trying to maximize the reliability of the generated outcomes and
the corresponding conclusions. Specifically, we tried to ensure the features extracted for the
predictive models contain maximum discriminative power with respect to the target of
prediction. Moreover, given the small data set, we limited the number of features to between
3 and 6 throughout the experiments in order to avoid overparameterization. We also tried to
eliminate excessive data imbalance with respect to target classes by fine-tuning the predictive
models and modifying the cost functions to better focus on predicting underrepresented
classes. Finally, throughout the evaluation we used the 10-fold cross-validation method for
assured estimation of the implemented predictive models’ performance. In-line with this
method we first split our data set into 10 parts. In the subsequent experiments 9/10 parts of

Table 1 Description of data collected via CLE platform developed at EBTIC and used in experiments

No. students 122

No. assignments 3

No. groups in 3 assignments 26, 26, 20
Min. size of groups 1

Max. size of groups 6
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2 students
11%
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Fig. 5 Distributions of group sizes and group assignment grades

the data were used for building and training the predictive model and the remaining 1/10 part
was used for testing the model performance. These experiments were repeated for 10 different
splits into training and testing sets and the results aggregated to achieve a reliable, validated
accuracy estimate. Note that in such a method the whole data set was exposed for training and
testing at different splits and every single point was used at least once as a testing sample. This
method is very effective particularly for small data sets and eliminates the risk of dependency
on accidental or ‘lucky’ order of data taken for training and testing.

Group performance prediction

This subsection is dedicated to the experimental results of group performance prediction for
completed groupwork tasks based on group interaction data using both classification and
regression models. With the classification model, we compared its prediction performance
using the ELM and CART as learning algorithms on various feature sets. The CART was also
applied as a regression model to predict the groups’ scores within [1,100]. The results are
elaborated below.

Classification based group performance prediction

To test the classification model for group performance prediction, the whole data were
partitioned into training and testing sets. The training set was used to train the
prediction model that was then tested using the testing set. First we employed the
ELM feedforward neural network for grades prediction. In our implementation the
number of hidden neurons was set to be 50 and the sigmoidal function was used as
the activation function.

A. Individual features

Following an exploration of various interaction-based features bearing high predictive
power for group performance predictions, we concluded with several feature definitions: the
number of revision and the length of changes representing the contribution and interaction
among students within the group, and the size of the group. These features reflect the amount
of knowledge exchange and collaboration available during the learning and content generation
processes, all of which can affect group performance (Cen et al. 2014b). To evaluate their
individual predictive power we tested them independently using ELM model in 10-fold cross-
validation. The average grade prediction accuracies using independently the group size, the
number of revision and the length of changes, were respectively: 0.59, 0.61, and 0.63 for
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training and 0.48, 0.51, and 0.53 for testing, indicating significant predictive power for this 5-
class classification problem.

B. Feature fusion

The individual features were then combined together to predict learning performance.
Initially, the grades of the groups were predicted using the standard features given in Eq. (3)
without considering the diversity of different assignments and students. The average accura-
cies achieved with the training and testing sets were 0.67 and 0.58, respectively. They are
illustrated in the first column group in Fig. 6, where the heights of the boxes filled with green
and gray are the average accuracies in training and testing, respectively. It can be seen from the
results that the accuracy is quite low without normalization.

The statistics of prediction accuracies achieved with different feature sets across 10-fold
validation are compared in Fig. 7, where the 4 boxes in each of the 2 figures illustrate the
independent results achieved by using group size, number of revisions, length of changes, and
the feature set defined in (3) respectively, in training and testing. From the figure, we can see
that by combining the 3 types of features together, we can achieve much better results than by
applying them individually.

Next, we considerd the assignment diversity in prediction with the features calculated
according to Eq. (7). With the same settings in the ELM, the average accuracies achieved in
10-fold validation with the training and testing sets were 0.69 and 0.62 respectively, and are
shown in the second column group in Fig. 6. Compared to the previous model, the testing
accuracies improved only slightly yet their stability, measured by the standard deviation over
performances from individual cross-validation splits, improved from 0.13 down to 0.05. This
illustrates that feature normalization based on assignment diversity can help to improve
prediction performance with higher accuracy and better stability.

T
[ training
09| [ Jtesting

0.8F

ELM accuracy _ELM accuracy ~ ELM accuracy
no diversity with f  featuresinkq. (7) With f, featuresinq.(10)

Fig. 6 ELM training and testing prediction accuracies in 10-fold cross-validation using standard features and the
features defined in Egs. cuu, respectively. The corresponding testing accuracies were 0.58, 0.62, and 0.79
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Prediction accuracy of individual features in 10-fold validation (training)

oesl T — |

0.55

Accuracy

No.Student Revision Change Fusion

Prediction accuracy of individual features in 10-fold validation(testing)

Accuracy

04r

0.3t é <
No.Student Revision Change Fusion

Fig. 7 ELM training and testing prediction accuracies in 10-fold cross-validation by independently using group sizes,
the number of revision and the length of changes as features, together with the standard features for comparison

Finally, group performance was predicted by considering the diversity of students with the
features calculated according to Eq. (10). The accuracies of training and testing are shown in
the third column group in Fig. 6. The average accuracies were 0.99 and 0.79, respectively. The
accuracies in both training and testing were largely improved compared to both previous
models which have not considered student performance weights in feature generation.

For reference, individual training and testing accuracies obtained for all 10 cross-validation
splits are presented in Table 2. The effect of normalization is clearly visible from the table,
where in most instances shown in the 3rd group achieved with the normalized features, the
predictive accuracies are much higher than in the other 2 groups.

Next, we employed the CART as the learning algorithm in the classification model for
performance prediction. The average testing accuracies achieved in 10-fold validation were

Table 2 Training and testing results from 10 cross-validation splits using ELM with different feature sets

ELM standard ELM +/,, (7) ELM +/;, (10)
Split no Training Testing Training Testing Training Testing
1 0.7143 0.4444 0.6984 0.5556 1.0000 0.6667
2 0.6563 0.5000 0.6563 0.6250 0.9844 0.6250
3 0.6875 0.5000 0.6563 0.6250 0.9844 0.7500
4 0.7031 0.6250 0.7344 0.6250 0.9844 0.7500
5 0.6875 0.7500 0.7344 0.6250 0.9844 0.7500
6 0.6364 0.6667 0.7273 0.6667 0.9848 0.8333
7 0.6515 0.6667 0.6667 0.5000 0.9848 0.8333
8 0.6515 0.6667 0.6515 0.6667 0.9848 0.8333
9 0.6970 0.3333 0.6515 0.6667 0.9848 1.0000
10 0.6364 0.6667 0.6970 0.6667 0.9848 0.8333
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0.59, 0.72 and 0.839, with the feature set described in Egs. (3), (7), and (10) respectively. A
more detailed comparison between the performance of ELM and CART, including the
prediction accuracies of both training and testing sets, is summarized in Table 3. It confirms
the superiority of the diversified feature definitions in Eq. (10) and also indicates a slight edge
of'the CART model over the ELM one in terms of the accuracy of predictions over testing sets.
The results indicate that both the diversity of assignments and students’ individual skills
should be explicitly factored in the data feature representations when the objective of the task
is to predict the performance in the group assignment.

Regression based group performance prediction

In this subsection, the learning performance of groups was predicted using the CART
regression tree model. All grades were normalized within the range of [1,100] as discussed
in Section 4.

The features were calculated according to Eq. (10). The correlation between the actual and
predicted grades of the group and the Root Mean Squared Error (RMSE) achieved for training
and testing sets across the 10-fold cross-validation are illustrated in Fig. 8. The average
correlation values were 0.94 and 0.82 while the average RMSE were 4.9 and 7.73 for training
and testing respectively. The RMSE values are below 10 that is usually considered as a unit in
formal assessment, which indicates the applicability of our prediction model in practice.

Figure 9 shows the actual and predicted values of group grades obtained from 10-fold
cross-validation for both the learning and testing sets. As can be seen from the figures, its
predictions are consistently quite close to the blue lines corresponding to prefect predictions.

The impact of groupwork on learning outcomes

The aim of this section is to investigate the impact of collaborative groupwork on student
learning outcome. We intended to quantitatively establish whether or not student performance
could be improved through collaborative learning. The student performance evaluation was
carried out using the comparative analysis model presented in Section 5.

First, we compared the students’ estimated grades with the grades actually received by the
groups to which the students belonged. The grade deviation was taken as an indicator as to
whether or not the students’ performance could be improved through collaborative learning.
Among 239 student-assignment instances, 122 had higher group performance than their
individual student performance expectations, 40 had lower group performance, and 77 had
the same group performance, all of which are shown in Fig. 10(a). It can be seen from the
figure that the group performance of most of the students is higher than their individual
performance expectations. This indicates that collaborative learning results in additional

Table 3 Comparison of ELM and CART accuracies from training and testing with different feature sets

ELM CART
Feature Eq. 3) %) (10) 3) 7 (10)

Training 0.67 0.69 0.99 0.70 0.79 0.844
Testing 0.58 0.62 0.79 0.59 0.72 0.839
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Fig. 8 CART regression correlation between actual and predicted group grades and Root Mean Squared Error
over 10 cross-validations splits for training and testing

learning synergy that positively impacts on their performance in the group. Thus, a better
learning outcome can be expected when learning in a group as compared to learning alone.
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Fig. 9 Actual vs predicted grades obtained with CART model via 10-fold cross-validation
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Deviation between performance expectation and actual grade received
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Fig. 10 Number of students who have lower, higher and equal group marks compared to their estimated
individual marks; and number of groups that have lower, higher and equal group marks compared to their
estimated group marks

Second, we modeled the grade of a group as a linear combination of contribution-weighted
performances of all individual students in the group according to Eq. (22). The deviation
between the group performance expectation and the actual grade received is likely to be linked
solely to students collaboration in the group and therefore can be considered as a measure of
collaborative learning synergy. Collaborative learning synergy is qualitatively defined as
absorbing knowledge and creation of educational content with performance exceeding stu-
dents prior performance expectations. This is the case where the quality of the creative content
from a group of students appears to exceed the sum of their expected contributions due to the
value-added effects of stimulation, mutual reflection, dynamic exploration, meaning-making
and continuous feedback. This is in agreement with the intellectual synergy of many minds
working on a problem and the social stimulation of mutual engagement in a common endeavor
produced by collaborative learning reported by Golub (1988). From the quantitative point of
view, we defined the synergy of group collaboration simply as a difference between the actual
group assessment and the expected group assessment understood as an average of the
performances of group members. It is considered to be a much simpler and clearer definition
which is easily measurable in the experiments as opposed to the qualitative definitions which
are hard to quantify.

Overall there were 72 group-assignment instances, each of which represented one group
assigned to one assignment. Among them, the actual marks in 42 groups were higher than the
estimates, 25 groups had equal estimated and actual marks, and only 5 groups reported lower
actual marks, which are shown in Fig. 10(b). The observed collaborative learning synergy is
quite pronounced here: 58.3 % of the groups had the actual group performance better than the
sum of their individual student performance contributions, while only 6.9 % of the groups had
their actual performance below their expectation.

The impact of group composition
Gender composition

Among the 72 group-assignment instances, there were 59 uniform-gender groups and
13 mixed-gender groups. Figure 11(a) shows a comparison between the actual and
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Fig. 11 Comparison of individual expectations and actual group grades

estimated marks for both of the uniform and mixed groups. It can be seen that 52.5 %
of the uniform groups had their actual marks higher than the estimated ones, while
84.62 % of the mixed groups achieved higher marks than their estimated ones. This
indicates that co-education with mixed-gender groups could further stimulate
groupwork synergy and push the improvement of their learning performance to even
higher levels. Although the advantages of co-education have been pointed out in the
literature, e.g. (Cen et al. 2014a; Crosswell, and Hunter 2012; Smith 1996), we have
shown via measurable quantitative analysis the way to verify and quantify such
phenomenon, and we have also provided the methodology for assessing and estimat-
ing how much performance improvement can be driven by and attributed to co-
education. For the uniform-gender groups, it has been observed that the female-only
groups performed better than the male-only groups in this particular course, which is
shown in Fig. 11(b).

Ability level composition
Based on the proposed individual student performance estimates, all students were categorized

into 5 levels: [0-70), [70-80), [80—90), [90—100), 100. The ability distribution of 239 student-
assignment instances are illustrated in Fig. 12.
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Fig. 12 Ability (grades) distribu-
tion among students-assignment
instances

Figure 13 illustrates the impact of collaborative learning on group performance for students
with different ability levels. It can be seen that more than 70 % of lower-ability students with
grades lower than 80 had better group grades than their individual performance. Also for
around 90 % of high-ability students with grades in the range [90,100] their performance was
also improved via collaboration. The same level of improvement was likely valid for top
students with 100 % scores as well but is somewhat hidden in the “Equal” category.
Interestingly these results indicate that top- and bottom-ability students are more likely to
improve their performance through collaboration in heterogeneous groups consisting of
students with different ability-levels. The highest-ability students, however, were not largely
influenced by group composition when they were working with students having relatively
lower abilities. This quantitatively proves and is consistent with the finding presented in (Webb
et al. 1998). It is also interesting to note that more than 60 % of medium-ability students with
grades within [80—90) achieved lower group grades in collaborative learning setup. This could
be due to the observation that in heterogeneous groups with wider ability range, higher-ability
and lower-ability students tend to form teacher-student relationship with more interaction and
collaboration, while medium-ability students tend to be left out and participate less, as also
reported by Webb (1991).

The above analysis was devoted to student performance modeling and understanding the
impacts of various factors and characteristics of group composition and the mechanics of
group interaction and groupwork generation in the context of collaborative learning. The
results evidentially suggested that diverse groups with diversity of skills, abilities and even mix
of genders are more likely to benefit from the synergy generated in collaborative learning and
hence achieve much better learning outcomes compared to just individual learning alone.
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Fig. 13 The impact of collaborative learning on performance of students with different ability levels
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Discussion

The experimental results described and reported above have illustrated the effectiveness of the
proposed quantitative approaches to measurement, prediction and impact analysis in computer-
supported collaborative learning. Specifically, we have shown how predictive models
equipped with supervised learning engines can be successfully used for group performance
prediction based on different amounts of evidence at different stages of the group exercises
(although we have only shown the results of predictions made after completion of the
groupwork courseworks i.e. utilizing the complete interaction evidence from the groupwork
activities). We pointed out that while prior individual student performance estimates usually
provide a good estimate of likely group performance, the way a group collaborates and its
individual members interact is crucial to generate additional collaboration synergy benefits,
though these are by no means guaranteed. Live group performance prediction based on
interaction data automatically collected by the collaboration-enabling system, offers a whole
new layer of benefits ranging from much more reliable group performance estimates, through
monitoring individual students’ contribution to the groupwork, up to early identification of
under-performing students and communicating the high risk of failure to both the teachers and
affected students for appropriate corrective actions. Although we have not presented detailed
reconciliation between the predicted and actual groupwork performance, beyond just the
average statistics, such comparison can lead to discovery of inconsistencies in teacher assess-
ment; this could become apparent when the deviation between data-based predictions and the
actual assessment is significantly above the range of synergy impact and perhaps in conflict
with the collaboration-activity data.

The methodology we proposed for group performance prediction can be easily integrated
into a real-time system for automated and continuous expectation of student educational
performance; this would allow the student to make more informed decisions about his/her
curriculum and career path choices throughout the curriculum. It can provide real-time
performance prediction from the beginning to the end of learning process depending on
previous student experiences and live interaction data if available. It can extend the prediction
of possible group performance to what-if scenarios before the group has even formed, and with
this respect could be used as a criterion for optimized automated group formation. Such a
groupwork performance-driven predictive recommendation engine could be an asset in every
academic institution that would ensure the full exploitation of individual students’ potential
and more efficient utilization of students’ and teachers’ time, with the ultimate goal of turning
education into an enjoyable and satisfiable experience with maximum knowledge transferred
and retained among the students.

A comparative student performance model has been proposed to assess the performance of
individual group members, which allows teachers to quantitatively analyze the learning
qualities of individual students based on their contributions to completed joint assignments
and group achievements. In addition, a generative mixture model has been proposed to isolate
the impact of collaboration style from the individual student qualities on group performance.
Based on this model, various forms of group composition are quantitatively analyzed, and
some useful grouping rules, which are either supported or disputed in the literature, are
suggested and quantitatively assessed.

In our method, students’ interaction and contribution are quantified using the number of
revisions and the length of changes performed in collaborative writing. As shown in the
experimental results, it can work quite well as with our data collected across 3 collaborative
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writing tasks. It should be noted that for some courses, e.g. mathematics, which requires fewer
text inputs to complete assignments and where small changes may lead to totally different
answers and, consequently, quite different scores, our method may not yield good results. Text
analysis to understand context and content can be more helpful, although it will make solutions
more complex in terms of computational cost and system implementation. In subsequent work,
we intend to extend this research by exploiting more evidence in the form of student profiles,
complete journey through out their curricula and the actual content of assessed assignments.
Multimedia components, like spoken-dialogue of discussion, will also be analyzed to catch
interactive activities during the learning process.

In this work, the prediction models are based on machine learning techniques. Although
some of the data-driven ML models could be difficult to interpret, the models we utilized are
far from black boxes. Both ELM and CART models directly express the relationship between
the input characteristics of collaborative learning and the formal learning performance. ELM is
in a version of neural network models which can be visualized to gain insight into how the
outputs (class supports) are formed from the interconnected weighted links rooted from the
inputs. In turn CART, as an instance of decision tree, is one of the most transparent models that
can be shown as a tree of conditions upon the features directing the decision along the feature-
branches to the leaves (decisions). The decision tree model can be fully converted into SQL
code which is nothing more than a stream of if-then conditions applied to the raw data, and
hence is extremely easy and explicit to work with. Subsequent work will investigate the
approaches to further improve the comprehensibility of the models so that instructors can
accurately measure to which extent individual factors affect learning performance. We also
intend to expand the predictive span of our systems into delivering predictive performance-
driven recommendations on modules, courses and/or knowledge contents that each individual
student likely to be best at, and hence fulfilling his/her educational and career goals with
satisfaction and accomplishment. In addition, research and development will be extended to
the live scenario of utilizing incomplete groupwork interaction data to attain real-time appli-
cability of the presented methodology in a classrom environment, for instance, to dynamically
re-organize students in groups with poor expected performance predicted during the learning
process or at the early stages of joint educational activity. Such non-trivial attempts would
make a significant step forward to make the performance prediction models more applicable in
practice.

The quantitative approaches proposed in our work use simple general features to represent
contributions and interactions among students, e.g. types and amounts of text editing in
collaborative writing tasks. As such, they can be applied not only with the data collected
using our CLE platform, but also with the collaboration data generated by other CSCL
platforms. As mentioned before, the dataset used here has a very limited number of examples
and is imbalanced with respect to the target grade classes. However, the results are still reliable
based on the following consideration. First, in group performance prediction, distinctive
features are extracted to represent the contributions and interactions among students.
Second, the feature sets are limited to avoid overparameterization, while the feature definitions
themselves are normalized to allow comparable utilization across diverse instances of group
exercises, skills of group members, and group assessments. Third, throughout the experiments
we used 10-fold cross-validation as a reliable performance estimation method which is
especially suitable for small datasets. We have shown that the proposed methods are reliable
and stable with acceptable accuracy and small standard variation. Fourth, in the comparison
between actual group grades and predicted individual performance, 122 among 239 student-
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assignment instances show group performance higher than individual student performance
expectations, while only 40 have lower group performance. It can be seen that the number of
students whose group performance is higher than their individual performance expectation is 3
times of those with lower group performance. Similarly, 42 of the 72 group-assignment
instances have higher actual marks than their estimated ones, and only 5 groups have lower
actual marks. Although there are a limited number of instances to calculate the statistics, the
difference between the two counterparts is high enough to make a significance claim related to
the benefits of collaborative learning and its resulted synergy. Finally, in the comparison
between the single- and mixed-gender groups, there are 52.5 % of 59 instances with uniform
groups having their actual marks higher than the estimated ones, while 84.6 % among 13
instances with mixed groups achieving higher grades than their prior estimates. The large
difference between the two indicates that the results are rather credible and convey valid
conclusions despite the small data size and class imbalance. In future work, an extended
dataset with more diverse data, for instance, a dataset with more groups containing more active
students and a bigger spread of grades or teacher assessments, will be collected and intensive
experiments will be conducted for further evaluation and formal validation (e.g. evaluating the
improved prediction models with f-measure and statistical tests).

Group composition is quite important in collaborative learning, which may affect group
learning performance considerably. Automatic group formation approaches based on global
optimization and clustering will be explored in subsequent work utilizing the evaluation
criteria’s key drivers identified in this work. The comparative student performance assessment
model will be further validated and matched using standard reference systems like the
students’ actual Grade Point Average (GPA).

Conclusions

In this work we have made a pioneering effort to quantitatively describe the characteristics of
collaborative learning and assess their impact on group academic performance. We wanted to
convey a generic message that data-driven prediction of group performance could be an
effective criterion not only to gain an immense, objective and quantitative insight into how
and why collaboration is effective for learning, but also to hint at how it can guide the whole
start-to-end process of group learning from group composition, through live group interaction
monitoring to post-assessment consistency analysis and performance-driven
recommendations.

We first focused on the central problem of predicting group performance which can be
considered as the enabler of our methodology. We have shown that machine learning and, in
general, predictive analytics are now mature enough to provide reliable predictions of group
performance at every stage of group exercise: before, during and after its completion. We have
shown that while individual prior performances are good estimate of expected group perfor-
mance, live group interaction data offer much richer evidence that can lead to more reliable
predictions of group performance that takes into account its resulted collaboration synergy. We
used both classification and regression models to predict group performance based on stu-
dents’ interaction data extracted from the trial of the Collaborative Learning Environment
(CLE) platform developed at EBTIC. We defined a set of discriminative features from group
sessions of concurrent student learning and interaction sequences as they were working on the
group coursework. These features measured various characteristics of individual members’

@ Springer

1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168

1169

1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189



JmIID 11412_ArtID 9234_Proof# 1 - 28/04/2016

Intern. J. Comput.-Support. Collab. Learn

interactions and contributions to the joint assignments, and were designed to differentiate
between different outcomes represented by the formal group assessment. The challenges posed
by the necessity to accommodate different students, diverse assignments and assessment
methods have also been addressed and resolved through normalized and unified assessment
representations and generic normalized feature definitions.

Extreme Learning Machine (ELM) based feedforward Neural Networks (NN) and
Classification and Regression Trees (CART) were used as representative instances of
Machine Learning techniques applied to predict group performance in accordance with
the features derived from group interaction data. The series of experiments have been
carried out on the data collected from the CLE trial that ran with 122 students from the
courses of Molecular Biology Engineering and the Freshman Design Engineering at
Khalifa University. The results revealed many interesting insights. The accuracy of
group’s grade predictions in the classification setup was in excess of 80 %, while the
CART model, set up in the regression mode, reported an error rate of below 8 %. These
are rather impressive results suggesting that just based on the timely style and intensity of
collaborative learning we seem to be capable of predicting group grades with an average
error of less than one or half a grade, respectively. These prediction results were obtained
after observing the complete evidence extracted from the groupwork. However, the exact
methodology can also be extended, without any loss of generality, into a live scenario of
real-time groupwork performance prediction with limited expected performance losses and
quick convergence to the final stable predictions, although the detailed analysis of such
real-time framework still remains the subject of our future work.

This fairly good group performance prediction capability was then back-propagated and
decomposed to provide explanations into how, when and why collaborative learning really
works. To capture the essence of the collaboration, we have developed a comparative
performance model to evaluate the academic value of individual students in relation to its
group performance. This is quite useful for the teachers to understand the hidden performance
of individual students in collaborative learning where otherwise the assessment would be
overlooked based on the achievement of the whole group. This model then evolved and was
improved through a decomposition utilizing generative mixture of group performance. It
assumes that the group assignment grade is generated as a combination of fixed students
grade expectations, improved or degraded by the collaboration type that the students choose to
follow. Both models provide new interesting ways to quantitatively analyze the improvement
or degradation achieved through collaborative learning exercises. We have shown, via numer-
ical analysis, that the students indeed do improve their academic performance through learning
in groups compared with their individual performance expectations.

What differentiates our work from the others in the field, however, is that we have proposed
a simple and measurable quantitative definition of collaboration synergy that directly measures
the deviation between the average individual performance expectation and the actual group
assessment. Such defined synergy is an isolated measure of the quality of collaboration that
solely determines whether the students will benefit or lose out from collaboration following
specific patterns of interaction and groupwork. The beauty of this approach is that such defined
synergy can itself be a subject of prediction and the data features that provide the most
explanation can thereby be identified as key drivers of synergy in group collaboration. Our
experimental results clearly indicate that higher synergy is obtained in groups with a high
diversity of skills, equal-distribution of workload and high concurrency of interaction with as
many members as possible.
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Finally our work concludes with the groundwork for quantitative analysis on the impact of
group composition on learning performance. This revealed several very interesting findings
and hints for future promising research directions. Specifically, experiments with synergy
predictions back-propagated onto group composition characteristics, especially skill and
gender distribution in the group, provided numerical evidence to support the claim that gender
diversity in the group and, separately, the diversity of student skills or abilities do improve the
group performance. Members of the group with mixed gender are observed to engage,
contribute and perform significantly better compared to the uniform-gender groups.
Additionally, the groups with a mixture of low and high performing students tend to benefit
the most from groupwork, due to the apparent emerging student-teacher relationships, which
stimulate students’ engagement, knowledge exchange and reflection on mutual input; while
medium-performing students appear to be a bit left out and participate less. Backed by the
retrospective reflection, this intriguing observation was explained by the emergent tendency to
form micro-subgroups or pairs within the groups that take over the communication channel in
the group. Although such self-organizing sub-clustering is in general a very desirable property
of group interaction, it remains open to see if this can be further utilized to better distribute
collaboration benefits among all the members of the group and how that can be further
encouraged.
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