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Abstract: Several studies show that awareness mechanisms can contribute to enhance
the collaboration process among students and the learning experiences during collab-
orative project courses. However, it is not clear what awareness information should be
provided to whom, when it should be provided, and how to obtain and represent such
information in an accurate and understandable way. Regardless the research efforts
done in this area, the problem remains open. By recognizing the diversity of work sce-
narios (contexts) where the collaboration may occur, this research proposes a behaviour
awareness mechanism to support collaborative work in undergraduate project courses.
Based on the authors previous experiences and the literature in the area, the proposed
mechanism considers personal and social awareness components, which represent met-
rics in a visual way, helping students realize their performance, and lecturers intervene
when needed. The trustworthiness of the mechanisms for determining the metrics was
verified using empirical data, and the usability and usefulness of these metrics were
evaluated with undergraduate students. Experimental results show that this awareness
mechanism is useful, understandable and representative of the observed scenarios.
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1 Introduction

Learning by doing is one of the most used instructional paradigms to promote

meaningful learning in engineering education [Freeman et al. 2014]. Lecturers

usually implement this paradigm in their courses making students work in teams

to address particular tasks or projects [Felder et al. 2003]. Typically, the course
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lecturers and also the students have low visibility about individual and team

performance during collaboration processes, which limits their capability to re-

act on time to take corrective pedagogical measures or to rectify and improve

the students behaviour patterns. This situation shows the need to count on au-

tomatic mechanisms to monitor team members’ activities and provide feedback

accordingly to support students and lecturers. However, implementing this feed-

back mechanism is a complex task due to the large diversity of contexts where

the collaboration may occur.

For helping address that challenge, this research work explored the feasibility

of defining an awareness mechanism to support the collaborative learning activ-

ities in undergraduate project courses. The result of this work is a Behaviour

Awareness Mechanism (BAM) that provides visual feedback to students and

lecturers. The feedback provided by the BAM is aimed at promoting reflection

and encouraging social interactions between students. In addition, the BAM is

intended to be used across different Computer-Supported Collaborative Learn-

ing (CSCL) systems and contexts, providing dynamic and comprehensive feed-

back to the users. Therefore, this awareness mechanism involves several metrics

that should be captured as automatically as possible. Consequently, we consider

courses that are supported by software tools that record information about the

students’ activities such as learning management platforms, software repositories

with version control, project management systems and discussion forums.

The effectiveness of BAM was evaluated using empirical data from courses

of the Polytechnic University of Catalonia (UPC), in Spain. This evaluation

provided evidence that the proposed awareness mechanism can be potentially

computerized and automated, while allowing the intervention of expert users

(i.e., lecturers) for the validation or customization of the awareness provision.

Therefore, the BAM could be embedded as a service in collaborative learning

applications.

Next section discusses the related work. [Section 3] describes the design of

the prototype developed to provide visual feedback to students and [Section 4]

the implementation. [Section 5] reports results of the evaluation of the accuracy

of the awareness provided by BAM. [Section 6] shows and discusses the results

obtained in the evaluation of the usability and usefulness of BAM. Finally, [Sec-

tion 7] presents the conclusions and the future work.

2 Related Work

A significant body of research has focused on studying the factors that contribute

to the effectiveness and quality of collaboration. For instance, in [O’Dea et al.

2007] the authors conduct a literature review to define seven general dimensions

that affect the success of a collaboration process (i.e., communication, coordi-

nation and knowledge management). Similarly, in [Lin et al. 2008] the authors
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identify some other factors that influence the effectiveness of virtual teams (i.e.,

relationship building, cohesion and satisfaction). These dimensions and factors

are typically used to develop indicators that help determine the usefulness of the

collaborative systems and also monitor and assess collaboration processes. For

instance, in [de Melo et al. 2014] the authors propose a metric to measure the

productivity and engagement of the members of a software team, based on the

information provided by the version control system. Similarly, in [Cosentino et

al. 2014] the information of GitHub version control system is used to assess the

success level of open source software projects. There are also similar works in

collaborative learning scenarios.

2.1 Determining Collaboration in Learning Scenarios

In [Daradoumis et al. 2003], the asynchronous interactions among members of 60

virtual teams were evaluated using information recorded by the BSCW system.

Similarly, in [Chounta et al. 2013] the authors used log files, collected from

the interactions of students’ teams with handheld devices to assess the teams

performance with regard to the results of a location-based learning game. Results

from the study showed that the teams with the highest performance in the

game were those with the highest activity levels and with the lowest delays

between actions. The study presented in [Chounta et al. 2014] uses properties of

network graphs as metrics to assess the quality of collaboration of synchronous

collaborative learning activities mediated by a shared workspace application. The

study considered four factors affecting the collaboration (communication, joint

information processing, coordination and interpersonal relationship), and the

results showed that the numbers of nodes of the network had a high correlation

with those factors.

2.2 Representing Collaboration in Learning Scenarios

It is recognized that awareness is a valuable feature that affects motivation

[Wu et al. 2014] and group coordination [Kwon et al. 2013], and therefore the

quality of any collaboration process. Consequently, some interesting works in

CSCL have been prompted by the need of providing appropriate awareness sup-

port to promote active learning and coordinate students’ activities [Kwon et al.

2013, Fransen et al. 2011]. In that line, feedback has been regarded as an ex-

tremely important awareness mechanism, which influences positively the learn-

ing process by providing students with information that allows them to improve

their performance and learning behaviour [Schneider et al. 2015].

Many studies have addressed the feasibility of providing visual feedback func-

tions in software systems supporting collaborative learning activities. Some of
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these studies aim at providing awareness and feedback in e-Learning environ-

ments. For instance, in [Kwon et al. 2013] the authors propose a Web-based

group coordination tool that visually shows the assessments of the team mem-

bers performance and allows comparing theses values with those from other

teams. A different approach is proposed in [Lambropoulos et al. 2012] in which

indicators of presence, participation and interactions among students are used

to provide awareness of the teamwork.

Awareness mechanisms have also been used to support face-to-face collabo-

rative learning activities. For instance, in [Melero et al. 2015] the authors pro-

pose several task-specific visualizations designed to provide awareness during a

gamified location-based learning activity. In [Ogata and Yano 2004] the authors

represent collaboration through a knowledge awareness map that shows the re-

lationship between the shared knowledge and the current and past interactions

of learners. This representation is used by the students to find potential collabo-

rators and helpers. In a later work these authors present a system that not only

recommends educational materials to learners, but also potential peer learners

sharing similar interests and experiences [El-Bishouty et al. 2007]. In [Govaerts

et al. 2012] the authors propose the Student Activity Meter, a visual represen-

tation of the students actions, designed to increase the awareness for learners

and teachers and also to support self-reflection. Janssen et al. [Janssen et al.

2007] study the effects of this type of visualization on the students participation

during computer-supported collaborative learning processes.

The previous works differ from the BAM mainly in two different aspects:

(i) they focus on a particular type of awareness, such as individual contribu-

tions, conflict or peer feedback, whereas our proposal includes a wider range of

sources for feedback, providing both subjective and objective information, (ii)

their methods of feedback provision are restricted to particular contexts; i.e., the

previously mentioned solutions provide awareness only within the context of a

specific collaborative activity, and they are linked to a particular collaborative

application. By contrast, BAM is intended to be used across different CSCL

systems and contexts. As a result, it uses diverse sources for the calculation of

metrics of effectiveness of collaboration, which allows the provision of dynamic

and comprehensive feedback to the users.

2.3 Making Recommendations

Typically, determining and representing collaboration levels in an instructional

scenario are required steps for intervening the learning process. This interven-

tion can be done by providing awareness to the involved people, or particular

recommendations. Concerning the second approach, in [González-Ibáñez et al.

2015] the authors propose a method to determine the feasibility of transforming,
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based on an analysis of benefits and costs, collaboration opportunities into ex-

plicit recommendations for collaboration. In [Zheng and Yano 2007] the authors

propose a framework for peer-recommendation based on context awareness in

e-learning scenarios.

There are important research efforts to tackle the problem of link prediction

in co-authoring network [Benchettara et al. 2010, Brandão et al. 2013], which

can be adapted for making recommendations in collaborative learning scenarios.

These proposals typically use Social Network Analysis techniques for predicting

new links.

The proposal presented in BAM provides recommendations about potential

collaborators for conducting team learning activities, based on the people pre-

vious actions and features. Particularly, this proposal considers the students’

collaborative behaviour: communication, coordination, motivation, performance

and satisfaction. Next we explain the proposal in detail.

3 Design of the Behaviour Awareness Mechanism

The Behaviour Awareness Mechanism (BAM) requires a computer-supported

environment that provides students activities information for generating visual

feedback to students and lecturers. The course lecturer and students use regular

software tools to support their activities (including their projects and assign-

ments). Typically, these tools record information about the user activity, which

can be automatically retrieved through an application programming interface

(API) or by processing the data source. Having this information is mandatory

to use BAM; therefore, the first operation of the supporting environment is the

Data Capture [Fig. 1], which must determine and ensure that the information

required to illustrate the users’ activities is recorded by the data source and

accessible through an external software component.

During the second step, known as Data Processing, the users’ information is

retrieved and processed by information extractors to obtain the metrics that will

be used to instantiate the awareness components. Finally, the visual feedback to

the user is provided (third step) using metrics obtained in the previous stage.

This feedback intends to promote behavioural changes that impact positively on

the activities of the students. This is reflected on the students interactions using

the supporting tools. The lecturer uses this feedback to understand the students

individual and team performance, intervening when necessary.

The visual awareness was designed considering two basic facts: (i) any aware-

ness mechanism must provide an understanding of the activities of others as a

context for the activities of the individual [Antunes et al. 2014], and (ii) the

feedback provision must ensure that the students are able to relate their current

state of learning and performance with specific targets or standards [Nicol et
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Figure 1: Computer-supported environment required for implementing the

BAM

al. 2006]. Next we describe the components of the proposed visual awareness

mechanism.

3.1 Personal Awareness Component

The Personal Awareness Component (PAC) provides information about the col-

laborative patterns of a specific student, which is represented using several fea-

tures of the students’ collaborative behaviour. We conducted a literature review

based on previous research work about quality assessment of computer-supported

collaboration processes to determine the features that should be represented in

the PAC. From this study, we found several basic dimensions related to the ef-

fectiveness of collaboration. These dimensions included aspects related to the

collaboration processes and the way in which the students interact within dif-

ferent teams (e.g., participation and coordination). We also considered personal

features affecting collaboration and learning (e.g., motivation, satisfaction, and

individual performance), characteristics of the students’ social interactions (e.g.,

social presence and connectedness) and elements associated with the collabora-

tion outcomes (e.g., productivity, solution quality, and team performance). For

the sake of simplicity and to facilitate the visual representation of the PAC, we

classified and condensed these dimensions into the following types: communica-

tion, coordination, motivation, performance and satisfaction.

3.2 Social Awareness Component

The Social Awareness Component (SAC) provides social (collective) awareness

and proposes possible suitable collaborators to the user. We use the Multi-

Dimensional Scaling (MDS) method to represent students as points in a 2D

space [Buja et al. 2008]. Using MDS the values of the five collaboration features
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the Collaborative Behaviour Index (CBI) can be mapped into a point in a 2D

space, in such a way that distances between points are preserved. Thus, we can

represent, two students with similar behaviour as two points located at a short

distance from each other. However, it could happen that students having similar

CBI could also have very dissimilar values of the several collaboration features

that compose this index. In that case, the MDS allows us to represent such stu-

dents as two distant points in the SAC; therefore, these students will not be

suggested as potential collaborators.

4 Implementation of the Behaviour Awareness Mechanism

Next subsections present a use case that describe the three steps required for the

implementation of the proposed awareness mechanism. This use case provides

details about the tools and methods used for the implementation of the personal

and social awareness components of the BAM.

4.1 Data Capture

In this use case we used real data traces collected from the behaviour of a

group of students during an academic semester, as the information required

to provide awareness. The data traces correspond to 42 third year students

enrolled in the course “Design of Applications and Services (DSA)”, delivered

at the Castelldefels School of Telecommunications and Aerospace Engineering

of the Polytechnic University of Catalonia. In this course the students had to

run software development project in teams, using several software systems that

allowed the organization and coordination of the team activities as well as the

submissions of assignments and tests.

This dataset included information from the students’ activities recorded in

log files and opinions collected from online surveys while working within the for-

mal learning context. This also included the interactions among students through

collaborative learning tools and software systems used to support their learning

activities. The analysis of the surveys intended to identify the students’ feelings,

opinions and behaviour during the course (both inside and outside the class-

room), as well as the lecturers’ observations about the state and progress of the

students collaboration activities. On the other hand, the log files collected from

the software platforms provided information about the students’ activities and

performance while working on the course project. These data traces provided

diverse qualitative and quantitative metrics that were used for the calculation of

the five collaborative behaviour features represented in BAM. Table 1 shows the

data sources considered in this study and a detailed list of the metrics collected

using those sources.
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Table 1: Data sources and metrics used for the implementation of the BAM
Moodle Trello GitHub Surveys

- # of assignment
submissions / updates
- # of assignment
views
- # of course views
- # of folder views
- # of discussion forum
views
- # of grade views
- # of page views
- # of resource views
- # of URL views
- # of user views
- Final exams grades
- Assignments grades
- Individual project
grades
- Collective project
grades
- Final project grades
- Final course grade

- Total # of cards
per team
- Total # of check-
lists per team
- Total # of actions
per team
- # of actions per
member
- Total # of actions
per team
- Ratio of the # of
actions per member
/ total # of actions
per team

- # of commits per
member
- Total # of commits
per team
- Ratio of the # of
commits per member
/ # of commits per
team
- # of lines added
per member
- # of lines deleted
per member
- # of days of activ-
ity per member
- Total # of lines
added per team

Collaboration
- # of team meetings
- Total team meeting time
- # of F2F team meetings
- # of virtual team meetings

Motivation
- Students ratings of intrinsic
motivation
- Students ratings of amotiva-
tion
- Students ratings of external
regulation
- Students ratings of identified
regulation

Lecturer observations
- # of class attendances
- Lecturer ratings of individual
engagement

Satisfaction
- Students ratings of the quality
of the information and tools
provided
- Students ratings of satisfac-
tion with the learning process
and outputs
- Students ratings of the quality
of collaboration

4.2 Data Processing

The calculation of the five collaborative behaviour features considered in the

BAM, we used different combinations of metrics of the data traces collected

from different sources. Hence, each feature is calculated using specific metrics,

normalizing (from 0 to 100) the values that each metric provides, assigning

weights as multiplying factors, aggregating the resulting values, and applying a

corrective factor. This process can be represented through the following equation:

Featurex =

#of metrics∑
n=1

αn (Metricn) + β (1)

where Featurex represents the collaborative feature to be calculated, x is

the identificacion number of this feature, n is the number of metrics used, αn

corresponds to the multiplying factors (from 0 to 1) that weigh each metric,

Metricn is a function of a variable s - student – with range between 0 to 100,

and β is a corrective term. The sum of αn and β is 1. From the previous equation

and for the considered feature, we obtain a value within the range 0–100. As an

example, let us consider that we use three metrics to calculate the “Performance”

of a specific student. That metric includes the individual and group grades of
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Moodle assignments and also the coding frequency as calculated by GitHub. In

this case, the resulting equation for Performance is the following:

Performance = 0.4 (Individualgradesof Moodle)

+0.4 (Groupgradesof Moodle)

+0.2 (GitHubcodingfrequency)

(2)

It is important to take into account that the metrics from each data trace can

lay within any possible range of values; therefore, we must normalize the values

of these metrics. For instance, the “GitHub coding frequency” indicates the

number of items added by a particular student to the software project repository

within a certain time period. We can normalize the GitHub coding frequency,

assigning the values of 0 and 100 respectively to the theoretical maximum and

minimum number of expected additions for a specific period. Thus, 0 and 100

could correspond to coding frequencies of 1 and 5 additions per week respectively.

Also, notice that in this case the corrective factor is zero and that we assigned

different weights to the multiplying factors, giving more importance to some

measurements than to others.

Following the previous considerations, we can automatically generate the five

collaborative features considered in the BAM, and also determine the weight that

should be given to each metric. The use of machine learning techniques allows

the system learn, over a period of time, how the students collaborate and interact

using the software systems considered as data sources. Based on the learned in-

formation, the system can recalculate the collaborative behaviour features using

new data. The machine learning algorithms ease the interpretation of the models

used for the features calculation, allowing monitoring by human experts (e.g.,

lecturers) and enabling the validation and fine-tuning of the generated models.

The first step to generate a model that automatizes the calculation of the

features, is to filter the metrics collected from the data sources to discard those

that are not significant for the results. To do so, we first measured the values of

the collaborative features for each individual student using the ratings provided

by human observers; e.g., assessments of the lecturers and self-reports of the

students about the quality of collaboration during the course.

Once obtained the “real” values of these features, we used three different

methods to select the most relevant metrics as shown in Table 2. The Correlation

analysis is used to discard metrics that had either a very high correlation be-

tween them or a very low correlation with the features. The Correlation Feature

Selection Subset Evaluator [Hall 1998] allows us make a fine-grained selection

of subsets of metrics that are highly correlated with the features while having

low intercorrelation. Finally, the Wrapper method [Kohavi et al. 1997] allows

us select sets of metrics that are specifically significant for a particular learn-

ing scheme. In our case, we considered a Linear Regression scheme. Using these
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Table 2: Techniques used for the selection of metrics
Correlation CFS Subset Evaluator Wrapper Linear Re-

gression
Communication - Ratio of the # of

actions per member
total # of actions per
team
- Lecturer ratings of
individual engagement
- # of team meetings
- Students ratings of
intrinsic motivation
- # of commits per
member

- # of team meetings
- Lecturer ratings of
individual engagement
- Students ratings of
intrinsic motivation
- # of cards per team
- Ratio of the # of
actions per member
total # of actions per
team

- Lecturer ratings of
individual engagement
- Students ratings of
intrinsic motivation
- # of cards per team
- Ratio of the # of
actions per member
total # of actions per
team

Coordination - Ratio of the # of
actions per member
total # of actions per
team
- # of commits per
member
- Final project grades

- Assignments grades
- # of commits per
member
- Students ratings of
intrinsic motivation
- Ratio of the # of
actions per member
total # of actions per
team

- # of commits per
member

Motivation - Students ratings of
intrinsic motivation
- # of team meetings
- Ratio of the # of
actions per member
total # of actions per
team
- Lecturer ratings of
individual engagement

- # of team meetings
- Students ratings of
intrinsic motivation

- Students ratings of
intrinsic motivation

Performance - Final exams grades
- Final project grades
- # of commits per
member
- Assignments grades

- Final exams grades
- Final project grades

- Final exams grades
- Final project grades

Satisfaction - Assignments grades
- Final project grades
- Final exams grades
- Ratio of the # of
actions per member
total # of actions per
team
- # of commits per
member

- Assignments grades
- Final project grades
- # of team meetings
- Total team meeting
time
- Ratio of the # of
actions per member
total # of actions per
team

- Assignments grades
- Lecturer ratings of
individual engagement
- Ratio of the # of
actions per member
total # of actions per
team

methods, we reduced the initial set of 44 metrics to a subset of only 14. The

correlation values between the subset of selected features and the collaborative

behaviour features is shown in Table 3.

4.3 Feedback Provision

4.3.1 Representation of the Personal Awareness Component

We divided the PAC visualizations into two subcomponents to represent the

students’ collaborative behaviour features. The PAC-CBI [Fig. 2.a] displays an
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Table 3: Selected metrics and correlation with the collaborative behaviour fea-

tures
Moodle Trello GitHub Collaboration Motivation Lecturer
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Communication 0.47 0.65 0.48 0.33 0.45 0.45 0.88 0.69 0.71 0.29 0.66 0.81 0.75 0.26
Coordination 0.54 0.68 0.69 0.23 0.29 0.22 0.86 0.86 0.49 0.24 0.54 0.79 0.61 0.27
Motivation 0.13 0.42 0.21 0.41 0.33 0.30 0.51 0.41 0.52 0.14 0.77 0.57 0.48 0.54
Performance 0.71 0.90 0.86 0.34 0.27 0.12 0.64 0.72 0.60 0.53 0.33 0.50 0.53 0.43
Satisfaction 0.89 0.75 0.85 0.40 0.32 0.27 0.74 0.73 0.71 0.56 0.33 0.58 0.59 0.65

Figure 2: Design of the visual representations of the CBI and the collaboration

features

overview of the collaborative learning behaviour by combining the collaborative

features through a global rating scheme, defined by the Collaborative Behaviour

Index (CBI). This index is calculated as the average of the represented features

(or CBI elements), and therefore it provides a representation of the overall col-

laborative behaviour of a student. Once the PAC-CBI is displayed, the user can

have more information through the visualization of the PAC-Features [Fig. 2.b],

which shows specific details about each feature included in the previous subcom-

ponent.

As we can observe in [Fig. 2.a] the PAC-CBI is represented with a coloured

circle, whose size corresponds to the CBI value within a normalized scale from

0 to 100. The four concentric circles represent the theoretical ideal, normalized

minimum, average and maximum values of the CBI for the overall group of
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Figure 3: Example representations displayed for the PAC

students considered in the representation. This allows us to provide awareness

of the behaviour of a student in comparison to the behaviour of his/her peers.

The PAC-Features subcomponent [see Fig. 2.b] is represented through a

radar diagram. Each feature of the students’ collaborative behaviour is depicted

as a vertex of a coloured pentagon, which size corresponds to the normalized

value of the features. Similar to the PAC-CBI, we depict four concentric pen-

tagons, where the first one represents the theoretical ideal value expected for

all the behaviour features. This value will be defined by lecturers according to

specific targets that ideally the students could achieve. The pentagons of vari-

able size represent the normalized minimum, average and maximum values of

the features for the overall group of students. This enables a student to compare,

for each feature, his own performance to the one of his/her peers.

Notice that both, the PAC-CBI and the PAC-Features visualizations, repre-

sent the behaviour of a specific student to whom the feedback is being displayed

as colour-filled shapes (a circle and a pentagon, respectively). Moreover, the vi-

sualization of additional blank shapes, which represent ideal as well as minimum,

average and maximum values, provides such a student with an understanding of

his/her current state with regard to his/her fellow students and the ideal value.

[Fig. 3] shows an example of the visual representation of the collaborative be-

haviour of a student as displayed in the PAC. This representation considers the

CBI index [Fig. 3.a], as a measure of the overall collaborative behaviour, and also

the detail of the five collaboration dimensions [Fig. 3.b]. Notice that the values

of the features for a student can exceed the maximum value of the overall group

of students, if the student was excluded from the calculation of the minimum,

maximum and average values of the PAC.
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Figure 4: Design of the visual representations of the Social Awareness Compo-

nent

4.3.2 Representation of the Social Awareness Component

For the visual representation of the SAC, we defined two different criteria to rec-

ommend collaborators. [Fig. 4] shows the “highly recommended collaborators”

and the “other recommended collaborators” areas, where the former includes

at least one potential collaborator that is located at the closest MDS distance

from the represented student, and the latter includes the previous one and it

has a range that covers at least a 20% of the closest potential collaborators.

This percentage was decided on the basis of the Pareto’s principle or 80-20 rule

[Hardy 2010]; therefore we considered that 20% of all possible collaborators can

produce the most significant impact on the collaboration process.

This method for suggesting collaborators is based on the correlation between

values of the CBI components for several students. Here, it is possible to rec-

ommend students who have similar or complementary behaviours in the same

collaboration dimensions. Particularly, [Fig. 4.a] represents the feedback pro-

vided to a student, where only those possible collaborators with complementary

behaviour are proposed. In this case, students who have high values of certain

behaviour features are suggested as potential collaborators of other students who

have small values in such features and vice verse. [Fig. 4.b] suggests collabora-

tors using different colours depending on if they have a behaviour similar or

complementary to the student receiving the feedback.
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5 Evaluating the Accuracy of BAM

We used the Weka workbench system [Hall et al. 2009] for representing and

evaluating the models used to calculate the features of the students’ collabora-

tive behaviour. We chose this system since it incorporates a variety of learning

algorithms and some tools for the evaluation and comparison of the results. To

evaluate the accuracy of these models we used the Correlation Coefficient (CC),

the Mean Absolute Error (MAE) and the Root Mean Square Error (RMSE).

The CC indicates the degree of correlation between the models and the values of

the features as captured by the ratings provided by human observers. The MAE

and RSME are common measures used to determine the quality of prediction

models. The MAE gives the same weight to the deviations between the real and

predicted values. By contrast, the RSME weighs large errors higher than small

ones. We use the following definitions:

MAE :=
∑

|predicted–real |/Numberof values

RMSE :=
√∑

(predicted − real)2/Numberof values

In a first stage we randomly divided the dataset (42 students) in ten groups.

One randomly chose a set used for training and the other nine were used in the

evaluation process; i.e., we conducted a 10-fold cross-validation.

Once the model was processed using the training data set, we evaluated its

prediction accuracy by running the model against the test set, which allowed us

to assess the model using new data. Results show that there is a high correlation

between the prediction models and the “real” values of the features [see Tab. 4].

We can also observe that the prediction errors are relatively small, especially

considering that the granularity required for the visual representation of the fea-

tures should not be very high. Therefore, we can conclude that the prediction

models allow a trustworthy visualization of the collaborative behaviour features

that is representative of the real-word observations. The awareness model re-

quires a minimum of four value levels for the representation of the features,

which correspond to the minimum, average, maximum and ideal values repre-

sented by the BAM. This granularity could be increase up to eight levels to

represent intermediate values between.

In a second stage we conducted a new evaluation of the model, where we

ordered the dataset chronologically, and then we split it in two segments. The

first data segment was used to train the model, and the second one was used to

evaluate it. In this second evaluation process we considered training segments of

24%, 47% and 71% of the whole dataset. The results show the error decreases

while increases the size of the training set; particularly in communication, coor-

dination and performance Tab. 5. The error tends to be acceptable when using
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Table 4: Evaluation of the model using a cross-validation method
Simple Linear Regression

Communication Coordination Motivation Performance Satisfaction
CC 0.85 0.77 0.78 0.87 0.87
MAE 0.13 0.16 0.15 0.12 0.12
RMSE 0.16 0.20 0.19 0.15 0.15

Multiple Linear Regression
CC 0.81 0.70 0.51 0.86 0.92
MAE 0.14 0.21 0.26 0.13 0.11
RMSE 0.20 0.27 0.34 0.17 0.13

Table 5: Evaluation of the model using a training-test method
Communication Coordination Motivation Performance Satisfaction

24% train
MAE 0.28 0.19 0.39 0.23 0.29
RMSE 0.31 0.23 0.44 0.30 0.33

47% train
MAE 0.12 0.17 0.19 0.16 0.30
RMSE 0.14 0.19 0.25 0.19 0.37

71% train
MAE 0.10 0.12 0.21 0.13 0.30
RMSE 0.13 0.15 0.28 0.17 0.37

a training data segment with a size of at least 47% of the dataset. This does

not occur in the motivation and satisfaction dimensions since they involve few

instances; therefore, some few estimations with a large error produce an impor-

tant negative impact on the prediction of these variables. We have also observed

that large errors in motivation and satisfaction do not occur simultaneously in

the same students. In fact, a large error in motivation tends to be linked to a

small error in satisfaction, and vice verse. Therefore, if we consider as acceptable

an error below 0.25, then all students of the dataset have 4 or 5 features that

can be considered as representative of we can observe in practice.

The results also show that the model generated by the Simple Linear Regres-

sion scheme obtains the best results. This can be explained due there is overfit-

ting in the generation of the Multiple Lineal Regression model. This means that

because of the use of multiple metrics, some extreme values (not representative

of the overall behaviour of the students) are taken into account for the creation

of the model. Consequently, it might be necessary to perform further processing

of the data input to eliminate outliers from the data traces.

6 Empirical Evaluation of BAM

The usability of BAM was evaluated using a software component embedded

in the Moodle learning platform, which is used by the students of the DSA

course to support their activities. Then, we conducted a user study involving

42 students of that course whom did not participate in the previous experience.
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Figure 5: Results of the classification tasks

Moodle was used to collect the students data traces, record their answers about

the evaluation tasks and questionnaires, and provide collaboration awareness to

them.

The visual awareness used in the study involved the three representations

considered in BAM. We asked participants to complete three tasks, one for each

visualization type, to evaluate the fitness of the awareness proposal. Then, they

had to indicate whether those figures represented “poor”, “average” or “good”

student performance, and if some students represented in the SAC were “highly

recommended”, “recommended” or “not recommended” as collaborators. For

simplicity, we named this classification tasks according to the rating levels that

they represent as “good”, “medium” or “bad”.

[Fig. 5] shows the results of the classification tasks for the three elements of

the BAM, which compose the visual representations of our proposal. As we can

observe, there is a high rate of correct answers (94.91% in average) for all the

figures, which supports the suitability of our feedback proposal. These results

were useful to provide insights on how suitable the proposed awareness mecha-

nism is to classify different learning behavioural patterns and suggest possible

collaborators.

In addition, we asked participants to answer several questions to assess the

usability of the three components of the BAM. These questions were taken from

the Usability Perception Scale (UPscale) [Karlin et al. 2013] and the Post-Study

System Usability Questionnaire (PSSUQ) [Lewis 2002]. Both tools were adapted

to suit the purposes of this study and formatted in a 5-point Likert scale. The

resulting usability questionnaires included questions designed to evaluate at-

tributes of the visualizations, such as ease of interpretation, learnability, useful-

ness, relevance and intention of use.

The prototype evaluation considered the analysis of the perceived usefulness

of the feedback model, and also its suitability to be used as part of the awareness
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Figure 6: Results of the UPscale questionnaire

support of collaborative learning applications. [Fig. 6] shows the results obtained

from the UPscale, which suggest very positive participants’ perceptions about

the usability (70.42% in average) and engagement (65.69% in average) of the

three kinds of visualizations. These results helped us evaluate the students’ per-

ceived satisfaction concerning the information quality and its representation, as

well as the usefulness and comprehensibility of the feedback.

Similarly, the results from the PSSUQ questionnaire indicate a high rate

of participants’ satisfaction (76.31% in average) for such visualizations [Fig. 7].

Considering both usability questionnaires, the results revealed a highest satis-

faction of the students with the representation provided by the SAC component,

followed by the PAC-Features and the PAC-CBI respectively.

7 Conclusions and Future Work

This paper proposes a Behaviour Awareness Mechanism (BAM) as a method

to provide visual feedback to students while they perform collaborative learn-

ing activities. This method is intended to enhance the learning experience and

encourage self-reflection about the collaboration process. The usability and use-

fulness of this proposal was evaluated through a proof-of-concept evaluation in

an undergraduate course, at the Polytechnic University of Catalonia, Spain. This

evaluation involved the collection of data traces from 42 students enrolled in an

undergraduate software engineering course. Then, a set of 24 new students of

that course used an implementation of BAM to support the activities of their

software development teams.

The obtained results indicate that the BAM is useful to provide aggregate

feedback about the students’ behaviour and performance, using information from

different data sources. The implemented awareness mechanism was able to prop-
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Figure 7: Results of the PSSUQ questionnaire

erly represent the collaborative behavioural patterns of the students and suggest

potential collaborators. Although BAM was initially proposed to support under-

graduate courses, it could also be suitable to support other collaborative learning

scenarios. Next steps in this research involve a more in depth evaluation of BAM.

This will allow us improve the design of the visualizations and investigate how

the provision of feedback affect future behaviour and collaboration dynamics of

the students. Moreover, it is also required to explore several other aspects of the

BAM implementation; for instance, what other sources could be used as data

sources to implement this awareness? what ethical aspect should be considered

in the social awareness since it is based on personal information? and what would

be possible effects on the students self-esteem?
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