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Online collaborative learning environments generate abundant behavioral data that can
provide valuable information for understanding students’ participation patterns. However,
existing learning analytics approaches mainly focus on monitoring learners or delivering
feedback directly to students, while limited attention has been given to using behavioral
information to support teachers’ intervention decisions. This study proposes a learning
analytics-driven framework that integrates behavioral trace analysis, balanced k-means
grouping, and automated feedback generation to support teacher interventions in online
collaborative learning. Students’ digital traces were collected from an online collaborative
learning system and transformed into behavioral engagement indicators covering
contribution, availability, social interaction, and collaboration. Based on these indicators, a
balanced k-means algorithm was applied to form groups with similar engagement profiles
while maintaining comparable group sizes. Automated feedback was then generated
according to group-level engagement patterns and provided to teachers to guide targeted
interventions. The proposed approach was evaluated through two quasi-experimental
studies involving 46 university students in computer science-related courses. The
experimental results showed significant improvements in several behavioral engagement
indicators and academic performance in the intervention condition. The findings indicate
that integrating learning analytics with teacher-oriented automated feedback can provide
practical support for monitoring group dynamics and adapting pedagogical interventions in
online collaborative learning environments.

1. INTRODUCTION

The rapid development of online learning environments has

use students’ behavioral data to monitor and assess
engagement, while automated feedback is predominantly
delivered directly to students [12, 13]. Consequently,

profoundly transformed teaching and learning practices,
offering new opportunities for interaction, collaboration, and
access to educational resources [1, 2]. However, these
environments also introduce significant challenges,
particularly in maintaining student engagement, which is often
associated with increased risks of disengagement and dropout
[3, 4]. Among the different dimensions of engagement, the
behavioral dimension plays a crucial role, as it is directly
reflected in students’ observable actions within online learning
environments. These actions are captured as digital traces [5-
7], providing a rich and objective source of data on students’
behavior. The analysis of these traces enables the
identification and assessment of behavioral engagement
through relevant indicators, making it possible to characterize
distinct engagement profiles among students.

In parallel, automated feedback has been widely
investigated and applied in the literature as a means to support
students’ behavioral engagement through various approaches
[8, 9]. At the same time, the role of the teacher in orchestrating
the pedagogical process is well established [10, 11].

Despite this, existing learning analytics approaches mainly
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behavioral engagement information is not systematically
exploited to provide teachers with actionable feedback for
adapting their pedagogical interventions. In particular, limited
attention has been given to linking students’ behavioral
engagement profiles with group formation and subsequently
using group-level engagement to generate different types of
feedback for teachers. This point constitutes the research gap
addressed in this study.

To address this research gap, this study examines several
research questions: How can homogeneous groups of students
be formed based on their behavioral engagement? How can
automated feedback be generated to effectively support
teachers in adapting their pedagogical interventions?

To answer these questions, this study introduces an
intervention approach grounded in the exploitation of
students’ digital traces collected from an online collaborative
learning environment. The proposed approach relies on
machine learning techniques to automatically form
homogeneous groups of students according to their level of
behavioral engagement. Based on these groupings, the system
generates automated feedback for teachers, with the aim of
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supporting pedagogical decision-making and guiding targeted
interventions.

This approach integrates digital traces analysis (learning
analytics), behavior-based grouping, and automated feedback
mechanisms to provide teachers with actionable insights into
group dynamics and students’ engagement levels.
Additionally, it seeks to reduce teachers’ workload by
facilitating the monitoring of student engagement and enabling
the early identification of groups requiring specific support.

To evaluate the effectiveness of the proposed approach, two
quasi-experimental studies were conducted independently,
each involving a distinct sample of students from different
academic contexts. The first study aimed to assess the impact
of the proposed system on supporting teachers’ interventions
through automated feedback, particularly in terms of
enhancing both students’ behavioral engagement and
academic performance. The second study was conducted to
validate the robustness and generalizability of the approach in
a different setting.

This paper is structured as follows. Section 2 is devoted to
presenting a literature review on student behavioral
engagement, group formation, and automated feedback. The
proposed approach is presented in the third section. It is based
on a new group formation technique and takes into account
automated feedback provided to teachers for improving
students’ behavioral engagement and academic performance.
Section 4 is reserved to present the results and discussion of
the experiments carried out at a higher educational institution
using the proposed approach. The study's findings and future
work are presented in the conclusion of this paper.

2. LITERATURE REVIEW
2.1 Behavioral engagement in online learning
environments

It is commonly known that students’ learning and wellness
are at stake when they disengage from online learning.
Ecological momentary assessment was used to look at online
course engagement and activities, and two-level regression
models were used to look into the relationship between them
[14]. Another study focuses on analyzing literature that covers
three areas: technology and student engagement,
online/distance learning and student engagement, and
gamification and student engagement [15]. Other researchers
developed contextualized curricula that are tailored to current
socioeconomic difficulties and implement interactive and
inquiry-based pedagogies that are necessary to address these
problems.

Some researchers created a questionnaire based on the
Online Student Engagement (OSE) indicator to gauge student
involvement. Also, other researchers employed an objective
test to gauge academic performance [16]. Others employed
interactive learning media as learning tools or resources. The
purpose is to investigate how instructional media can raise
student engagement and academic achievement by applying
the method of Systematic Literature Review (SLR). Another
study pinpoints the main elements affecting how students
behave when they are learning online. An evaluation
framework encompassing sixteen distinct indicators and five
aspects (participation, concentration, interaction, challenge,
and self-assessment) was created using the Delphi technique
of expert consultation [17].
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2.2 Group formation in collaborative

environments

learning

Several methods have been proposed to address the issue of
group formation in collaborative learning environments. In
these environments, students collaborate in groups of two or
more to solve problems and share ideas and information [18].
Group problem-solving helps people digest new information
and activate pertinent past knowledge [19]. Indeed, one of the
factors contributing to the success of collaboration is the
establishment of a shared understanding of the actions
undertaken and, therefore, the sharing of knowledge resulting
from the contributions of each member of the working group
[20]. Furthermore, students collaborate in small groups to
promote discussions [21].

There are several reasons for grouping students, including
social isolation of participants caused by insufficient
interaction between students [22], decreased motivation or
even complete demotivation of students [23], and a lack of
appropriate follow-up due to the great number of participants
[24]. Furthermore, according to Hmelo-Silver [25], students
collaborate in groups to determine what they need to learn to
solve a problem.

Another study proposed a dynamic method for grouping
students, based on multi-label classification within a social
learning network. This approach used behavioral
characteristics derived from students' actions, such as
communication, engagement, and participation styles, to
assign multiple labels to each student [26].

Another study presented Heterogeneous Interaction
Network Analysis (HINA), an innovative framework for
analyzing multilevel learning that allows the modeling of
complex learning processes involving diverse entities, such as
students, behaviors, artificial intelligence (AI) agents, and task
designs. This research illustrates the value of HINA through a
case study of Al-assisted collaborative learning in small
groups, highlighting the interaction profiles of students with
their peers in relation to the AI. From these interactions,
specific engagement patterns emerge, as well as particular
forms of educational behavior (such as asking questions)
oriented toward the Al rather than the peers. By converting
process data into heterogeneous interaction networks (HINs),
HINA introduces a new approach to modeling learning
processes and offers the multilevel analysis methods essential
for understanding them [27].

Finally, a study proposed a Dynamic Deep Group Learning
Model (DDGLM) that dynamically acquires latent group
structures for users and articles within an integrated neural
architecture. The model uses a temperature-weighted softmax
function to assign groups probabilistically, based on user- and
article-specific logits. The model handles a wide range of
recommendation  configurations by acquiring both
personalized and collective-level representations without
relying on fixed group definitions. The results indicate that the
proposed method effectively captures the hidden dynamics of
groups and consistently outperforms traditional benchmarking
techniques that account for groups in various recommendation
scenarios [28].

2.3 Using automated feedback in collaborative learning
A qualified tutor is someone who specifically guides,

supports, and advises a student or group of students to achieve
an educational goal. Tutors are responsible for sharing their



knowledge with a student, supervising their work, and
regularly assessing their progress, either in-person or
remotely, "to optimize student learning through human
intervention" [29]. One type of tutor is teachers, who have
greater knowledge and experience than the students seeking
tutoring. They provide tutoring services as part of their day-to-
day activities or as overtime [30]. According to Deng et al.
[31], a new perspective has been suggested on how to
implement the intelligent tutoring process in human learning
systems in general, and specifically in Massive Open Online
Courses (MOOCs).

Regarding teachers’ interventions, a study is proposed to
evaluate the impact of these interventions during collaborative
problem solving in pairs and small groups. In this study,
teachers’ interventions involved a high degree of control.
These high-control interventions included “explaining,”
“instructing,” and “giving feedback™ [32]. Aisy et al. [33]
proposed an approach that is based on teachers' practical
recommendations for designing interesting and productive
learning experiences in online classrooms.

Through another study, asynchronous online interactions
for teachers’ interventions resulted in more pertinent feedback
and time savings. As a result, comments made by students on
the platform (remotely) were more instructive than those made
in person. Additionally, the authors discovered that because of
asynchronous online interactions, the majority of students can
leave comments at any time and from any location [34].

Regarding automated feedback generation, a study was
proposed to automatically generate informative textual
feedback on the dialogue process during Computer-Supported
Collaborative Learning (CSCL) forums in an introductory
teacher training course, focusing on communication within
students’ groups. This feedback was generated using various
discourse cues to recognize students' developing roles. This
research demonstrated that students preferred the feedback
generated by this technique [35].

Another research project aims to create an intelligent
educational system that provides adaptive feedback to student
leaders participating in collaborative activities on high-
precision simulators. The results highlight the importance of
adopting a multimodal learning analysis method to gather
information on how students collaboratively engage in their
activities, to create feedback that can support their learning
paths [36].

Concerning the use of Al a study analyzes the comparative
effectiveness of automated feedback from Al-based language
assessment tools and traditional human feedback for
optimizing language learning outcomes. As Al becomes
increasingly integrated into educational technologies,
understanding its impact on supporting language students is
crucial. The results demonstrate that both feedback approaches
significantly improved language skills. Human feedback
proved more effective at improving pronunciation and
contextual understanding, while Al-based feedback excelled
at identifying and correcting grammatical errors [37].

In the same context, a research study aimed to analyze the
multidimensional impacts of Al-powered feedback in
collaborative, student-centered educational settings among
university students. The study employed two collaborative
learning groups: one receiving Al-based feedback and the
other receiving feedback from a human expert. According to
the data, the group receiving human expert feedback
demonstrated the greatest progress in creative problem-
solving, intrinsic and extrinsic motivation, and critical
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thinking. The use of Al in collaborative learning environments
to provide feedback facilitated the maximum development of
cognitive skills [38].

Teachers’ interventions have many advantages. Indeed,
they may influence students’ engagement by acting as
motivational, affective, and cognitive levers. An engaged,
enthusiastic, and creative teacher motivates students to
participate actively. Furthermore, teachers’ interventions are
not limited to the transmission of knowledge; they shape the
students’ relationship to learning and their desire to invest
themselves in it over the long term.

Overall, the existing literature provides valuable
contributions to the measurement of behavioral engagement,
learner grouping, and automated feedback, but important
limitations remain regarding their integration into a single
pedagogical process. Studies on behavioral engagement
mainly focus on identifying or measuring students’
participation and interaction patterns, while group-formation
approaches generally aim to organize learners according to
selected characteristics without systematically using group
engagement levels to guide subsequent pedagogical actions.
Similarly, automated feedback studies have demonstrated the
potential of providing timely information, but the feedback is
often directed toward learners rather than generated from
group-level behavioral engagement to support teachers’
intervention decisions. These limitations motivate the need for
an integrated approach in which students’ digital traces are
first transformed into behavioral engagement indicators; these
indicators are then used to form homogeneous groups, and the
resulting group-level engagement scores are subsequently
used to generate differentiated automated feedback for
teachers. The proposed framework addresses this gap by
establishing this explicit link between behavioral engagement,
engagement-based group formation, group-level scoring, and
teacher-oriented automated feedback.

3. PROPOSED APPROACH

This research aims to propose an approach to improve
students’ behavioral engagement on one side and their
academic performance on the other side. To do this, all the
actions carried out by the students are saved as traces to be
used for extracting their behavioral engagement levels that can
be used to form homogeneous groups. Based on group
engagement, automated feedback is generated to support the
teachers in their pedagogical interventions. To validate this
approach, we have developed a collaborative learning system
that adopts all its principles.

In other words, the proposed approach is designed to
support teachers in adapting their pedagogical interventions
according to students’ behavioral engagement in online
collaborative learning. It integrates behavioral traces analysis,
engagement-based group formation, group-level engagement
assessment, and teacher-oriented automated feedback within a
unified intervention-support process.

A distinctive methodological aspect is the use of students’
behavioral engagement profiles, derived from four
dimensions: contribution, availability, social interaction, and
collaboration, as the basis for forming relatively homogeneous
and balanced groups. The behavioral engagement of each
resulting group is then assessed and used to generate different
automated feedback for the teacher. Unlike feedback-
generation systems that primarily provide feedback directly to



learners, the proposed process uses group-level behavioral
engagement as a decision-support mechanism for the teacher,
enabling the identification of groups requiring attention and
supporting the selection of appropriate pedagogical
interventions.

Therefore, the specific contribution does not lie in digital
traces analysis, clustering, or automated feedback considered
independently, but in linking engagement-based homogeneous

group formation with group-level behavioral assessment and
teacher-oriented automated feedback within the same
pedagogical process. This process establishes a sequential
pathway from students’ observable behaviors to targeted
teacher intervention. The architecture implementing this
process is presented in Figure 1, while its different stages are
detailed in the following subsections.

Teacher

—  tools

Communication

Students

and collaboration

&

Interactions within the system

Ty
ti

!

vy

Management courses module

Automatic feedback
generation module

Traces management module

|

Students’ grouping module
[

Data base

Personalized teachers’ interventions

v

Students groups

Figure 1. Architecture of the proposed system

Before we present these principles in detail, we present the
architecture of the proposed system in Figure 1. It consists of
the following elements:

1. Management courses module: It is the module that
manages learning resources. The student can pursue several
subjects; each one is composed of a set of learning objects.

2. Traces management module: It collects students’ traces
and calculates indicators that support group learning, and then
evaluates each student's behavioral engagement level.

3. Student grouping module: The proposed grouping
algorithm explained in the next section (balanced k-means) is
used by this module to assign students to groups with
homogeneous engagement profiles.

4. Automated feedback generation module: This module is
employed to produce feedback after group formation based on
group engagement measures.

The proposed system follows a data flow in which the
behavioral engagement indicators calculated from students’
traces are used to form homogeneous groups, and the resulting
group-level engagement measures are then used to generate
contextualized automated feedback. The feedback is sent to
the teacher on a weekly basis and indicates the engagement
level of each group, providing information that can support the
selection of appropriate pedagogical interventions.

The system also provides students with communication and
collaboration tools and services such as messaging, forums,
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posting or sharing a publication, and proposing an idea.

In this environment, all students’ interactions with their
peers are collected as traces. These are used to measure the
students’ behavioral engagement levels through a set of
indicators. Then, the system groups the students using this
level of behavioral engagement. To create homogeneous
groups, a balanced k-means clustering algorithm is used to
ensure that all groups have approximately equal sizes.

Collecting students’ digital traces

‘

Measurement of students’ behavioral
engagement level

{

Formation of homogeneous groups based on
behavioral engagement levels

\

Generate automatic feedback to support the
teachers in their interventions

Figure 2. Steps of the proposed approach



In other words, students are grouped into homogeneous
groups based on their level of behavioral engagement with the
aim of generating automated feedback contextualized to each
group's behavior and intended for the teacher. Based on the
feedback, many strategies can be implemented: less engaged
groups can receive additional encouraging messages, while
more engaged groups can receive positive reinforcement.
Recommendations for targeted actions, such as reminders, are
also provided to improve engagement in less active groups.
This approach helped the teacher to offer personalized
instruction.

The proposed approach has followed the following steps
(Figure 2):

1. Collection of students’ digital traces.

2. Measurement of students’ behavioral engagement levels.

3. Formation of homogeneous groups based on students’
behavioral engagement levels.

4. Generation of automated feedback to support the teachers
in their interventions.

3.1 Collecting students’ digital traces

During this step, the digital traces of all students is collected
during their interactions with their peers in order to assess their
behavioral engagement. Then, these traces are divided into
four categories (Table 1): contribution traces, availability
traces, social interaction traces and collaboration traces.

Table 1. Indicators related to students’ traces

D?gii:l%?g,agzs Example of Actions
*Sharing ideas and useful resources
Contribution *Publishing content
*Sharing posts
*Frequency of access
Availability *Time spent online
*Logging into the system
*Participate in discussions actively
Collaboration *Provide explanations or clarifications to
others
*Help others

*Reacting to a post

Social interaction .
*Commenting on a post

3.2 Measurement of students’ behavioral engagement

In our system, we measure each student's behavioral
engagement level based on their collected digital traces. To do
this, we used mathematical formulas.

Therefore, Eq. (1) was applied to determine the behavioral
engagement level of each student for each category.

n
BEL_Cat(S)) = Z ACji/n (1)
j=1

where,

BEL Cat/S:): The behavioral engagement level of the
student S; regarding the category c of traces.

ACj.;: Action/Traces j for an engagement according to the
category number ¢ (¢ = 1 —4) of the student i.

n: The amount of actions/traces.

Within each traces category, student actions are treated
equally, with no additional weighting. The indicators were
operationally defined from observable digital traces in the
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learning environment but have not undergone independent
psychometric validation.

So, each student S; is represented by a quadruplet
(BEL cont.:, BEL AV, BEL Sl., BE Coll.).

Therefore, the categories of traces associated with
contribution, availability, social interaction, and collaboration
are represented by the behavioral engagement levels
BEL cont, BEL AV, BEL SI, and BEL Coll, respectively. A
data scale ranging from 0 to 1 was used to standardize these
levels. This normalization changes all values to be in the
interval [0, 1] while maintaining the original value
distribution. Min-max normalization is used for this [39], and
the following Eq. (2) yields the new normalized value
BEL Cat(S)":

BEL_Cat.(S;) =
BEL_Catc(S;) — min(BEL_Catc)

max(BEL_Catc) — min(BEL_Catc)

)

where,
min(BEL_Cat.): The minimum of behavioral engagement
levels of all students regarding the category of traces.
max(BEL Cat.): The maximum of behavioral engagement
levels of all students regarding the category of traces.

3.3 Formation of homogeneous groups

In our system, a homogeneous grouping based on
behavioral engagement is adopted in order to limit the
heterogeneity of behaviors within groups, which promotes a
better characterization of engagement profiles and,
consequently, an improvement in the accuracy and
effectiveness of the generated educational feedback.

The grouping is based on each student’s behavioral
engagement level. The group formation process is a structured
dynamic that allows a collection of individuals to become a
cohesive and high-performing team. To do this, we propose an
algorithm based on the balanced k-means technique
(Algorithm 1), that optimizes the size of the groups, where the
sizes of all the groups are equal, and forms homogeneous
groups.

In this algorithm, for selecting the number of groups (k) in
a balanced k-means distribution, we adapt the classical criteria
while taking into account the constraint of equal group size.
To do this, we use operational objectives analysis; in other
words, we define & according to the desired target size for each
group (e.g., if we have S students and want groups of size 4,
then k= S/ 4).

We then determine the optimal number of groups as
follows: we randomly select four students as centers. Then, we
calculate the maximum group size. After that, the distance
between the student and each center is calculated. The centers
are then sorted by ascending distance, and for each sorted
center, the group size is compared to the maximum group size.
Each student is assigned to a group. If a student doesn't have a
group (groups are full or there are other students waiting to
compare the smallest distance to them), the student in question
is added to the waiting list. Students in the waiting list are then
assigned using the same procedure if all others have been
processed. This procedure is repeated until convergence, i.e.,
the new centers equal the old centers (i.e., the centers remain
unchanged). Finally, all remaining students in the waiting list
are assigned in the same way as the first assignment, except if
the group size is less than the maximum group size plus one.



In that case, the group is opened, and the student is added to it.
And the maximum group size in our case becomes four or five.
This is the procedure that determines how to obtain the optimal
number of groups.

To evaluate the quality of a balanced k-means clustering
(which imposes similar cluster sizes), we measured both the
internal cohesion of the groups, their external separation, and
adherence to the balance constraint.

To make this evaluation more convincing, a comparison
with standard k-means is necessary. For example, the balanced
k-means algorithm adds a constraint of equal size to each
group, unlike standard k-means, which allows clusters to vary
in size. The former guarantees uniform groups at the expense
of inertial distance, while the latter optimizes only
compactness.

Algorithm 1. Group formation algorithm (based on
distance)

Input: Dataset of S students (lines of the data matrix),
where each student S; is represented by (BEL cont.,
BEL AV, BEL SlI., BEL Coll.)

Output: M Groups of students: Group [M]
Begin
Initialize
Randomly select 4 students as Centers [1..4]
Initialize Groups [1..4] < empty
Initialize Waiting_List «— empty
Calculate
S = (Number_of Students — Number of Students % 4) /4
//S Maximum size of a group.
/I % is Modulo operator.

/[First Assignment
For each Student a in S do
Fori=1to 4 do
Calculate Distance i between Student a
and Center[i]
End For
Sort Center[i] by ascending distance
Assigned « False
For each Center[i] sorted do
If size (Group[i]) < S then
Add Student a to Group[i]
Assigned < True
Break
End If
End For
If Assigned = False then
Add Student a to Waiting List
End If
End For

//Assignment of Waiting List (Assignment of pending
students (if all others have been processed))
For each Student b in Waiting_List do
Fori=1to4 do
Calculate Distance i between Student b and
Center([i]
End For
Sort Centers by Distance
For each Center[i] do
If size (Group[i]) < S then
Add Student b to Group][i]
Break
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End If
End For
End For

//Repeat until convergence
Convergence «— False
While Convergence = False do
Copy Centers — Older_Centers
Fori=1to4do
If Group[i] # empty then
Center[i] « average (BEL contl, BEL AV2,
BEL SI3, BEL Coll4)
End If
End For
If Centers = Old_Centers then
Convergence «<— True
Else
Reset Groups and Waiting_List
Reassign all Students (as First Assignment)
End If
End While

//Final Assignment
For each Student ¢ remaining in Waiting_List do
Calculate distances to centers
Sort Centers
For each Center[i] do
If size (Group[i]) < S + 1 then
Add Student ¢ to Group[i]
Break
End If
End For
End For
End

3.4 Generated automated feedback to support the teachers
in their interventions with each group

Teachers’ interventions are structured sets of actions aimed
at transforming students’ behavior and fostering their learning
process. In this work, we propose to support the teacher in the
implementation of appropriate pedagogical interventions,
enabling them to provide students with personalized feedback,
encouragement, and reminders.

After forming homogeneous groups, each group engages
collaboratively in the assigned learning activities on the online
platform (our developed system). Using the stored traces, the
system calculates the behavioral engagement level of each
group for the different categories (contribution, availability,
social interaction, and collaboration). This is done by
calculating the average engagement of the members of each
group for each category.

n

BEL_Cat(G,,) = E

i=1

BEL_Cat,(Si)
n

€)

BEL Cat(Gn): The behavioral engagement level of the
group Gy, regarding the behavioral engagement category of
their members.

n: The number of students in the group G.

Based on our previous work [5, 12], we propose three
operational levels: low engagement (<0.5), intermediate



engagement (0.5,0.8), and high engagement (>0.8).

In this work, we used two types of feedback (Table 2): the
first one is generated according to the group's engagement
level (F1, F2, and F3), and the second is for the students’
progress level (F4 and F5).

According to the obtained behavioral engagement level of
the group G, regarding the behavioral engagement category of
its members, our system generates the following feedback F1,
F2, and F3 at the end of the first stage, and F4 and F5 at the
end of the next stage. The feedback is sent to help teachers to
make the appropriate intervention. F1, F2 and F3 are generated
in accordance with the following rules:

If BEL Cat(Gu) < 0.5 then the system will send the
feedback F1

*If 0.5 < BEL Cat(Gn) < 0.8 then the system will send the
feedback F2

If BEL Cat{Gn) > 0.8 then the system will send the
feedback F3

The feedback items (F1, F2, or F3) are sent to teachers to
make the appropriate intervention.

In the following stage, the system calculates the difference
between the current behavioral engagement level and the
previous one of the groups using the following formula:

X =BEL Cat(Gu)ty - BEL Cat(Gp)ts-i 4
where,

t,: the current stage.

t.-1: the previous stage.

If the difference X is positive, the system generates the
feedback F4; otherwise, if it is negative, the system will
generate the feedback F5.

Table 2. Example of generated feedback

Generated Feedback
F1 Group Gm shows low behavioral engagement in this phase;
Intervention is advised as soon as possible.

Group Gm shows moderate behavioral engagement, but

F2 personalized follow-up is recommended and may help
maintain progress.
R Group Gm maintains a high behavioral engagement; try to
encourage them to continue in this way.
F4 There has been an improvement for this group; please try to
encourage 1t.

F5 A decrease in engagement has been detected in this group.

Please consider an appropriate educational intervention.

4. RESULTS AND DISCUSSION

To evaluate our proposal, we conducted two quasi-
experiments (quasi-experiment 1 and quasi-experiment 2)
with students at the University of Guelma in the department of
computer science in two different learning contexts. These
experiments were carried out under varying conditions,
including differences in the academic level of the students and
the teachers. Each experiment was analyzed separately. The
first one, the core of this research, aimed to study the effect of
automated feedback on improving students' behavioral
engagement and their academic performance.

The second experiment was conducted as a complementary
experiment in a different instructional context. Given the
differences in students’ populations, academic level, course,
and teaching conditions, it was not intended as an equivalent
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control or direct validation condition for the first experiment.

This experiment aims to address the following two
questions:

RQ1. Does automated feedback based on a homogeneous
grouping according to behavioral engagement improve that
engagement?

RQ2. To what extent does automated feedback provided to
the teacher on the behavioral engagement of a group of
students influence their academic performance?

4.1 Participants and study design procedure

This study was conducted with 46 computer science
students, divided between two separate quasi-experiments
(Figure 3). For the first experiment, there are about twenty-
seven (n = 27) third-year undergraduate students overall, such
as 13 females and 14 males. For the second experiment, there
are nineteen (n = 19) first-year engineering students, with 12
females and 7 males. Students are asked to respond to the
activities (actions) that the developed system proposed
through these experiments. These activities are related to
behavioral engagement indicators.

The proposed approach was adapted into an online
collaborative learning system. The latter provides the students
with a set of tools that make it easier to carry out the various
educational activities remotely, such as learning, assessment,
communication, and collaboration. Furthermore, the
developed system offers some tools for the teachers to create
the content of the courses and the evaluation exercises. In
addition, the system provides the students with more tools to
facilitate collaboration among the groups.

These experiments are conducted during the second
semester of the 2024-2025 academic year. In these
experiments, two teachers created two courses. The first one is
dedicated to the third-year students (license degree) where the
students are asked, through the process of experiment 1, to
engage in an online course: the "scientific writing" subject,
while the second is devoted to the first-year students
(engineer), where the students are required to take a course
regarding the "computer architecture" subject. Like any online
learning system, each student must enroll before using its
services.

Before grouping students based on their behavioral
engagement, an initial phase of interaction with the platform
is implemented. During this phase, students complete various
learning activities (viewing content, participating in
discussions, etc.), thus generating learning data. This
behavioral data is then collected and analyzed to assess each
student's level of engagement. This step is essential, as it
provides the information necessary to create homogeneous
groups based on behavioral engagement level.

In the second phase of the learning process (after the
grouping), each group is involved in a structured collaborative
activity aimed at accomplishing the tasks assigned by the
teacher on the studied subject, over a period of two weeks.

In each of the two experiments, students took a test designed
to assess their academic performance. This assessment was
conducted by distributing multiple choice questionnaires
(MCQs) to students. These questionnaires were administered
in person, with a set time limit for completion. For each
course, two questionnaires were used: the first was
administered after the second phase (pre-test), and the second
was administered at the end of the third phase, during which
an intervention was applied (post-test).
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Figure 3. Experimental process

The pre-test was designed to assess students’ initial
knowledge of the corresponding course, whereas the post-test
assessed the acquired learning outcomes at a higher level of
difficulty. Both tests were designed and evaluated by the
teacher responsible for the corresponding course. Academic
performance changes were assessed independently within
each experiment by comparing the pre-test and post-test scores
of the same population of students, rather than by comparing
scores across the two experiments.

Academic performance assessment consistency. For each
experiment, academic performance was assessed using two
course-specific multiple-choice questionnaires: a pre-test
administered before the teacher intervention and a post-test
administered after the intervention. The assessments were
developed according to the learning content and objectives of
the corresponding course and were administered in person
under a predefined time limit. Both questionnaires were
evaluated by the teacher responsible for the course using the
course-specific scoring procedure. The pre-test and post-test
were therefore intended to provide a within-course measure of
students’ change in academic performance. However, the
study did not include a formal psychometric procedure to
establish strict equivalence of item difficulty between the two
questionnaires, nor a formal inter-rater reliability analysis.
Consequently, we do not claim that the pre-test and post-test
forms were psychometrically equivalent; rather, the results are
interpreted as within-experiment changes based on the
assessment procedures applied consistently within each
course.

Regarding the teacher’s intervention in the first experiment,
it is applied after receiving automated feedback based on the
behavioral engagement of each group, which is generated by
the system at regular intervals (each week) in order to inform
the teacher about the group behavior and support the
implementation of appropriate pedagogical interventions. In
the second experiment, the teacher implemented a standard
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teaching intervention, corresponding to usual teaching
practice, without resorting to automated feedback based on
students' behavioral engagement.

4.2 Data collection and measurement

In this study, traces of students’ interactions were collected
via the developed system and stored in its database. After data
collection, four quantitative measures were performed to
indicate the level of student behavioral engagement for each
category before (pre-test behavioral engagement) and after the
intervention (post-test behavioral engagement). These
categories of behavioral engagement were: contribution,
availability, social interaction, and collaboration.

Given the quantitative nature of the data from the pre-tests
and post-tests, a parametric test was chosen.

A paired t-test was used to test the research hypotheses,
using XLSTAT software. To complement the statistical
significance results, Cohen’s d. effect sizes were calculated for
the paired pre-test/post-test comparisons. These effect sizes
provide additional information about the magnitude of the
observed changes beyond statistical significance. In addition,
95% confidence intervals (CIs) were calculated for the mean
pre-test/post-test differences to assess the precision of the
observed changes. The corresponding 95% Cls are reported in
Tables 3—6 and provide complementary information to the
paired z-test results.

The four behavioral engagement dimensions (availability,
contribution, social interaction, and collaboration) were
defined a priori as distinct indicators, with a separate
hypothesis for each dimension, and were therefore analyzed
separately. No multiple-comparison adjustment was applied,
and individual p-values were interpreted within the
corresponding behavioral engagement dimension. The paired
t-tests were used to assess pre-test/post-test changes within the
same student population.



Table 3.

t-test results for Sample 1

Standard

p- 95% Confidence Intervals

Indicators Situation N  Mean Deviation Difference ¢-Score Value Cohen’s d; (CIs) of Mean Difference
Availability B:gjre g; 8: ;2;(1’ 8:52?2? ~024111  -5763 <0.0001 L1 %8:824112: 8:‘%2%
Contribution lifggre g; géggi 8323; ~0.16407  —2.174  0.039 0.42 %8:‘1)(5’323 8:52? g%

meeion Al 27 0lo0d 0034 OIS 2234 0m 0 [0.0719,0.3089]
Collaboration B/fg;rre g; 0?2'(1’;7 0.()3%2;2 ~0.13963  —2.082  0.047 0.40 [(E})%g)?b%g]ﬂ

Table 4. t-test results for Sample 2 (first-year students)

Indicators Situation N  Mean ]S)gl;:;:; Difference #Score Vg l-ue Cohen’s d; S‘(Sc"ﬁ)(i)(}nl\t}(:;ﬁc]gilfrfl;::l\;zzs
Availability B:fft"erre }g 8:}33 géé‘s‘; -0.0105  —0.168  0.868 0.04 %8:8%3: gé;‘g
Contribution }?:fft"erf }g 8:(1)222 8:;%?; 0.06579 0707  0.488 0.16 %:8:8}123: 8:?;%

oo A 10 00 0207 0063 0335 079 007 F0.042,0200
Collaboration B/ftt:t‘:re }g 0%087593 09'22352()372 -0.00632  —0.079  0.938 0.02 [fg%g‘% 8%82]2]

Table 5. t-test results for Sample 1 (cf. third-year students)
Situation N Mean Is)tg;ggz(:l t-Score p-Value Cohen’s d; 95% Conl\t/}(elzﬁc](;ilflflggzis (Cls) of

BT 0 Y aw oo om ane i)

Table 6. ¢-test results for Sample 2 (cf. first-year students)
Situation N Mean ]S)tx;;iggﬂ t-Score p-Value Cohen’s d; 95% CO“;}::TB;‘;:::E:ZS (Cls) of

e 19 iagn rws S0 0007 070 (15840, 15.501

4.3 Results These hypotheses were tested across the different

This study is based on two distinct quasi-experiments, each
of which was conducted in a different context.

4.3.1 Students’ behavioral engagement results

One of the main objectives of this study was to evaluate the
effectiveness of automated feedback provided to the teacher to
support the implementation of appropriate educational
interventions with homogeneous groups of students formed
according to their level of behavioral engagement. To this end,
a paired t-test was applied to calculate the difference in the
value of each behavioral engagement indicator before and
after the teachers’ interventions.

The teacher in experiment 1 followed an intervention based
on automated feedback according to the behavioral
engagement of the groups of students. Whereas, the teacher in
experiment 2 followed a standard intervention corresponding
to usual teaching practice, without using automated feedback
based on the behavioral engagement of groups of students.

The results of the two experiments are presented separately,
although they are based on common hypotheses.

Accordingly, changes in behavioral engagement and
academic performance were assessed independently within
each experiment by comparing pre-test and post-test measures
for the same student population, rather than by directly
comparing the two experiments.
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behavioral engagement categories.

HO': Automated feedback provided to the teacher cannot
enhance the students’ engagement for the availability
indicator.

HO0?% Automated feedback provided to the teacher cannot
enhance the students’ engagement for the contribution
indicator.

HO03: Automated feedback provided to the teacher cannot
enhance the students’ engagement for the social interaction
indicator.

HO0* Automated feedback provided to the teacher cannot
enhance the students’ engagement for the collaboration
indicator.

The alternative hypotheses are:

H1!: Automated feedback provided to the teacher can
enhance the students’ engagement for the availability
indicator.

H1% Automated feedback provided to the teacher can
enhance the students’ engagement for the contribution
indicator.

H13: Automated feedback provided to the teacher can
enhance the students’ engagement for the social interaction
indicator.

H1* Automated feedback provided to the teacher can
enhance the students’ engagement for the collaboration
indicator.



(1). Results for experiment 1 (third-year undergraduate
students)

Table 3 displays the findings for each indicator for the
average Sample 1 (experiment 1). The mean of the students
before and after the intervention based on automated feedback
differs significantly, according to the paired #-test table. For
example, for the availability indicator, there is a significant
difference between the students' mean before intervention
(mean = 0.1070; standard deviation (SD) = 0.26792) and the
mean after intervention (mean = 0.3481; SD = 0.26167).

This test reveals a significant difference for the four
indicators: availability, contribution, social interaction, and
collaboration. Since the calculated p-value is below the
significance level of alpha = 0.05, we must reject the null
hypotheses HO', H0%, HO?, and HO* and accept the alternative
hypotheses.

In addition to statistical significance, the effect-size analysis
showed differences of varying magnitude across the four
behavioral engagement dimensions. Cohen’s d. values were
1.11 for availability, 0.42 for contribution, 0.43 for social
interaction, and 0.40 for collaboration. These results provide
additional information about the magnitude of the observed
pre-test/post-test changes.

(2). Results for experiment 2 (first-year students)

Table 4 displays the findings for each indicator for the
average Sample 2 (experiment 2). The mean of the students
before and after grouping differs significantly, according to the
paired ¢-test table. For example, for the availability indicator,
there is no significant difference between the students' mean
before grouping (mean = 0.137; SD = 0.2241) and the mean
after grouping (mean = 0.147; SD = 0.2653).

Regarding the availability, contribution, social interaction,
and collaboration indicators, since the calculated p-value was
greater than the significance threshold of alpha = 0.05 (p >
0.05), we cannot reject the null hypotheses HO', HO?, HO?, and
HO*. Therefore, these indicators did not show any significant
improvement (no improvement was observed).

The effect-size analysis further showed that the changes in
behavioral engagement were small in experiment 2. Cohen’s
d. values were 0.04 for availability, 0.16 for contribution, 0.07
for social interaction, and 0.02 for the collaboration
dimension. These small effect sizes are consistent with the
absence of statistically significant improvements and provide
additional information about the magnitude of the observed
changes.

4.3.2 Academic performance results

Regarding academic performance, pre-test and post-test
scores were used to determine whether there was a statistically
significant difference. We use the following research
hypothesis to evaluate the results of the test of our system:

Null hypothesis HO: Automated feedback based on a
homogeneous grouping of students cannot improve the
academic performance of students.

Alternative hypothesis H1: Automated feedback based on a
homogeneous grouping of students can improve the academic
performance of students.

(1). Results for experiment 1

The academic performance level differences among
students are computed within the same group to test our
hypothesis for Sample 1 (cf. third-year undergraduate
students). We got the following results after using the paired
t-test. At 95% confidence (a = 0.05), a significant effect was
detected (#-score = —3.893, p-value = 0.001). Furthermore, the
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pre-test mean (mean = 7.519, SD = 6.5332) and the post-test
mean (mean = 8.96, SD = 8.031) were shown to differ
significantly.

As a result, the difference was statistically significant. The
null hypothesis HO is rejected in favor of the alternative
hypothesis H1, as the computed p-value is lower than the
significance level of a = 0.05. The effect-size analysis
indicated a Cohen’s d. of 0.75, providing additional
information about the magnitude of the observed pre-test/post-
test change in academic performance. These results indicate a
statistically significant change in academic performance after
the intervention.

(2). Results for experiment 2

Similarly, we computed the academic performance level
differences among students in the same group to test our
hypothesis for Sample 2 (cf. first-year engineers). We got the
following results after using the paired #-test. At 95%
confidence (a = 0.05), a significant effect was detected (¢-score
= —3.041, p-value = 0.007). Furthermore, the pre-test mean
(mean = 13.079, SD =2.3110) and the post-test mean (mean =
14.711, SD = 1.8052) were shown to differ significantly.

As a result, the difference was statistically significant. The
null hypothesis HO is rejected in favor of the alternative
hypothesis H1, as the computed p-value is lower than the
significance level of a = 0.05. The effect-size analysis
indicated a Cohen’s d. of 0.70, providing additional
information about the magnitude of the observed pre-test/post-
test change in academic performance. These results are
consistent with the improvement observed in academic
performance and provide complementary evidence regarding
the magnitude of this change.

4.4 Discussion

Our study aimed to examine the impact of automatically
generated feedback sent to the teacher on group behavioral
engagement in online collaborative environments, as well as
on students' academic performance. This section presents the
results in relation to the research questions formulated.

RQ1. Does automated feedback based on a homogeneous
grouping according to behavioral engagement improve that
engagement?

When investigating our first research question, we found in
the first experiment that students showed an improvement in
behavioral engagement across different categories in an online
learning context, suggesting that the intervention based on
automated feedback had a positive impact on their behavior.
This improvement may be due to the fact that this feedback
was generated for homogeneous groups and provided
regularly, which fostered better behavioral regulation in a
digital environment often characterized by a risk of
disengagement. Furthermore, this may allow teachers to better
adapt their interventions throughout the learning activities.

In contrast, the second experiment, with a teacher who used
a usual pedagogical intervention method, did not show a
significant improvement in behavioral engagement. This
result may indicate that traditional teaching practices, when
transposed online without specific adaptation, are not always
sufficient to stimulate or maintain student engagement in an
online environment. Indeed, the absence of targeted feedback
mechanisms or personalized monitoring can limit the impact
of the intervention on engagement behaviors.

In this context, the results also highlight the value of the
proposed approach as a decision-making tool for teachers.



Indeed, the system provides an indication of the group's level
of engagement, which can help teachers better understand
group’s dynamics and adapt their interventions accordingly.
This ability to diagnose the group's state is a significant lever
for proposing more targeted and appropriate teaching
strategies.

Overall, these results suggest that structured interventions
guided by engagement indicators are more effective than
typical online teaching practices. They also highlight the
importance of providing teachers with decision-making tools
to better tailor their interventions to students' actual needs.

Concerning the second research question:

RQ2. To what extent does automated feedback provided to
the teacher on the behavioral engagement of a group of
students influence their academic performance?

Although Sample 1 benefited from the teacher’s
interventions supported by automated feedback regarding the
group's behavioral engagement, a significant improvement in
performance was also observed in Sample 2. Therefore, the
results do not demonstrate that the performance improvement
depends on the use of automated feedback. Thus, the direct
influence of automated feedback on academic performance
cannot be clearly established.

The results suggest that automated feedback has a positive
effect on students' behavioral engagement. However, no
significant difference was observed in academic performance
between the two experiments, with performance improving in
both conditions. These findings highlight the value of
integrating automated feedback mechanisms not only to
enhance student engagement but also as a decision-making
tool for teachers. By providing indicators of group engagement
levels, the system allows teachers to adapt their teaching
interventions based on the identified needs of students, which
is particularly relevant in online learning environments.

5. CONCLUSION AND FUTURE WORK

Online learning platforms are of significant interest today.
However, their use lacks effective engagement when carrying
out the required activities. Therefore, researchers are seeking
methods and techniques to improve students' engagement in
distance learning courses. This study proposes an approach
designed to support teachers’ pedagogical interventions
through automated feedback based on students’ behavioral
engagement in online collaborative learning. The approach
relies on the automated generation of feedback based on group
behavioral engagement, enabling teachers to identify groups
requiring attention and to adapt their pedagogical interventions
accordingly. Student groups are formed using the balanced k-
means algorithm, based on four dimensions of behavioral
engagement: availability, contribution, social interaction, and
collaboration.

To evaluate the effectiveness of this approach, two quasi-
experimental studies were conducted. The first quasi-
experiment constituted the main evaluation of the proposed
approach and involved 27 third-year computer science
students using a pre-test/post-test design. The second quasi-
experiment, involving 19 first-year engineering students in a
different instructional context, was conducted as a
complementary study to strengthen the robustness and
external validity of the findings.

The results showed an improvement in behavioral
engagement and academic performance among third-year
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students. Among first-year students, no significant
improvement in behavioral engagement was observed, but an
improvement in their academic performance was noticed.
These findings suggest that the proposed approach has the
potential to support teachers in monitoring and addressing
students’ behavioral engagement within the evaluated online
collaborative learning contexts. However, the improvement in
academic performance cannot be directly attributed to
automated feedback, as performance also improved in the
second experimental context.

The findings should therefore not be generalized beyond the
investigated contexts. This study opens several directions for
further research:

First, we plan to conduct a controlled experiment, including
an appropriate control group and random assignment of
students, to more rigorously confirm the causal effect of
automated feedback on student engagement and academic
performance.

Second, larger and more diverse samples across different
academic levels and multiple institutions, along with longer
intervention periods and longitudinal evaluations, should be
considered to assess the generalizability and persistence of the
observed effects.

Third, teacher-related outcomes, including the quality of
pedagogical decisions and perceived workload, should also be
examined.
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NOMENCLATURE
Action/Trace j for an engagement
AC; according to the category number ¢ (c=
1...4) of the student i
Al Artificial intelligence

BEL_Cat(Gn)

BEL_Cat(S))

max(BEL_Cat.)
MCQ

min(BEL_Cat.)

The behavioral engagement level of the
group G, regarding the behavioral
engagement category of their members
The behavioral engagement level of the
student S; regarding the category c of traces
The maximum of behavioral engagement
levels of all students regarding the category
of traces

Multiple choice questions

The minimum of behavioral engagement
levels of all students regarding the category
of traces

The current stage

The previous stage

The difference between the current level
and the previous level of the group





