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ABSTRACT

Cooperative learning is a pedagogical approach in which students collaborate in small groups
to attain a shared academic objective. In the classroom, cooperative learning aims to enhance
learning outcomes by promoting the exchange of information, social, and personal resources
among students. Group formation is a critical and complex step that significantly impacts the
effectiveness of cooperative learning. In this article, we propose a novel approach for construct-
ing cooperative learning groups that employs machine learning to predict student performance
and incorporates the most common grouping strategies to recommend optimal group formation.

KEYWORDS
cooperative learning, technologies enhanced learning, recommendation system,
machine learning

1  INTRODUCTION

Cooperative learning is a rapidly developing concept in the field of education.
In addition to the traditional modes of learning in-person or virtually, such as receiving
instruction from a teacher or individual study, students can also learn from one another.
Cooperative learning is characterized by the synergistic collaboration of individual
efforts within a group, involving discussions and collective construction of knowledge
[21]. This approach shifts the focus from individual or competitive learning to a more
collaborative one. Numerous studies have confirmed that cooperation in learning is a
critical determinant of success in education [17, 27, 21, 22, 24]. Cooperative learning
involves two or more students working together, collectively constructing their knowl-
edge through a continual exchange of their information resources, social resources,
and personal resources (see Figure 1). Information resources comprise the knowledge,
skills, and experiences that can be taught, transmitted, and shared among students.
Social resources refer to an individual’s accessibility, sensitivity, and position in a net-
work, thereby facilitating a more effective collaboration with their peers. Personal
resources encompass the time and energy that students devote to benefit others.
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The formation of an optimal collaborative learning group enables the maximiza-
tion of information resource sharing in a socially sensitized environment that pro-
motes sharing and cooperation, without exhausting personal resources in terms of
time and energy. Consequently, group formation plays a critical role in the success
of cooperative learning.

Establishing a cooperative learning group is a complex and significant step.
Selecting suitable individuals for a group contributes to creating environments that
foster interaction, exchange, and collaboration [8, 26]. Forming groups without con-
sidering the diverse characteristics of individuals (e.g., objectives, academic level,
motivation) often leads to issues such as disproportionate participation, demotiva-
tion, and resistance to group work in future activities [9].

In this paper, we introduce a novel approach for collaborative learning group
formation based on students’ performance prediction. This approach combines the
most prevalent grouping strategies (student-selected, homogeneous, heterogeneous)
with the potential of machine learning to recommend the most optimal group for-
mation. The primary research questions addressed in this article are as follows:

— RQ1: How can machine learning predictions enhance group selection?

— RQ2: How can collaborative learning group (CLG) recommendations be per-
formed based on students’ performance predictions?

— RQ3: In what ways can CLG recommendations contribute to improving the qual-
ity of education and decision-making?

The remainder of this paper is organized as follows: Section 2 presents the
background and related work on the most common grouping patterns. Section 3
describes the proposed approach, provides an overview of the dataset utilized for
this study, and illustrates the proposed system, as well as its ability to accurately pre-
dict students’ performance. The recommendation strategy for cooperative learning
groups is discussed in Section 4. Finally, Section 5 concludes the paper and offers
directions for future research.

Information Resources

(Knowledge, skills, and experience, etc.)

Cooperative
Learning

Personal Social Resources
Resources

(time, energy, etc.)

(accessibility, sensitivity, ability
to share, etc.)

Fig. 1. Interaction of information, social and personal resources in cooperative learning
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2  BACKGROUND AND RELATED WORK
2.1 Cooperative Learning Groups (CLG)

Cooperative learning refers to a small group of students working together to
achieve a common goal [16]. This approach is a widespread trend in educational
strategies, aiming to promote collective intelligence, interactivity, and social devel-
opment of learners. For a cooperative learning situation to be successful, it must
have a commonly accepted goal, upon which the group is rewarded for its efforts.
For instance, if a group of learners is assigned to complete a project, but only one
student does all the work while the others enjoy a free ride, it is not a cooperative
group [25]. Not all group formations of learners working together can be con-
sidered cooperative. In fact, some group formations may hinder student learn-
ing and create disagreement and discontent, rather than facilitating learning and
increasing group synergy [15]. Concerning group work, “group formation is one
of the key processes in collaborative learning because having adequate members
in the learning groups supports good collaborative interactions among members
and is fundamental to ensuring satisfactory learning performance” [6]. The most
common grouping patterns include learner-selected groups, teacher-selected
groups (either randomly or with a systematic distribution), and automatically
selected groups.

2.2 Learner-selected CLG

Learner-selected collaborative learning groups (CLGs) are the most favored
group formation by students. In this approach, students choose their collaborators
with minimal or no guidance from the teacher. Typically, teachers announce the
required number of students per group and allow learners to form groups accord-
ingly. Groups formed by learners tend to exhibit better communication, camarade-
rie, and enthusiasm about working together. Consequently, learners belonging to
learner-selected CLGs often outperform and exhibit less task orientation compared
to students in groups formed by other methods [1, 14].

2.3 Teacher-selected CLG

Random CLG: Random collaborative learning groups (CLGs) are formed by
assigning students to groups randomly, with consideration given only to the final
group size [14]. Random CLGs are the most commonly used grouping strategy in
classrooms, as they require little to no preparation or research into students’ profiles
(ability, academic level, skills, background, etc.) to define their needs for random
grouping [20]. Random CLGs exhibit slightly less positive attitudes, lower dynamism,
and their performance and outcomes are somewhat inferior compared to those of
student-selected groups [20, 5].

Homogeneous CLG: Homogeneous CLGs are formed by teachers where each
group member exhibits similar ability, academic level, skills, background, or other
characteristics [19]. In most cases, teachers use data from their records of students’
academic performance, such as results, marks, grades, and attitudes, to form the
groups. Other types of data, such as motivation, interest, and dynamism, can also
be used by teachers in this context, although these data are not recorded but can be
observed and detected by teachers based on their experiences with students.
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Heterogeneous CLG: Heterogeneous CLGs are also formed by teachers; how-
ever, unlike homogeneous CLGs, they aim to create well-balanced teamwork com-
prising students who represent a range of abilities, skills, gender, background, or
motivation [28]. Similarly, the data used to place students in heterogeneous groups
come from their records of academic performance or profiles. Heterogeneous
CLG composition maximizes opportunities for peer support and beneficial mutual
exchange [7].

2.4 Automatic-selected CLG

The alternatives for forming CLGs discussed previously have several limitations
[18]. For instance, random CLGs may create unbalanced groups, student self-selected
groups require good social relations and are not recommended according to the
survey conducted by Feichtner [10]. Teacher-selected CLGs cannot handle a large
number of students and complex grouping criteria [18]. To address some limita-
tions of these methods, automatic-selected CLGs can be proposed as an alternative
solution [18]. Automatic-selected CLGs involve creating groups automatically with-
out any intervention by either the teacher or the student [18]. This method relies
on computational techniques, including machine learning, that facilitate automatic
selection of student groups based on diverse criteria: preferences, learning styles,
academic levels, etc.

As highlighted, this method allows for the creation of homogeneous or heteroge-
neous groups without any intervention from the learner. However, in our opinion,
this may form groups where students will not be confident in their abilities. In this
study, we present a mixed approach that leverages the potential of automatic group-
ing of students based on ML algorithms with the advantages of allowing students to
choose their collaborators.

2.5 Related literature

Numerous research studies have been conducted to investigate the impact of
cooperative learning groups on enhancing academic performance among learn-
ers. According to [22], the use of a homogeneous grouping strategy based on
learning styles enables teachers to select at the beginning of the semester the
appropriate teaching methodology/strategy and assessment method for in-person
classes that suit each student group, rather than treating the classroom as one
unit. This approach helps students better achieve the intended learning outcomes
of the course [22]. For [28], homogeneous groups are suitable for high-ability
students, while heterogeneous groups are appropriate for low-ability students.
Van Der Laan Smith and Spindle [28] utilized students’ academic performances
and perceptions to group students in in-person classes into homogeneous or het-
erogeneous groups based on their abilities. According to [22], student-selected
groups have more trust in each other’s abilities and perceive group work as a
valuable experience. The findings of [27] show that using heterogeneous groups
based on student profiles make students comfortable in their groups and increase
content mastery. Lastly, according to our literature review, students prefer work-
ing in small groups of 5 to 7 and engaging in smaller assignments, including
peer-teaching [17,12,21,3,13].
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Fig. 2. Recommend cooperative learning groups based on machine learning predictions

Educational Data Mining (EDM), an emergent discipline aiming to develop
methodologies for analyzing data from educational settings, is garnering signif-
icant attention in our increasingly data-centric world. As a confluence of educa-
tion, statistics, and informatics, EDM fosters the emergence of sub-domains such
as computer-based education, learning analysis, data mining (DM), and machine
learning (ML) [29]. The integration of machine learning with EDM, which has
seen substantial growth due to the expanding universe of data warehouse sizes,
is becoming a necessity and a compelling area of research. This approach has
been adopted in diverse fields such as finance, e-commerce, healthcare, tourism,
and marketing, including e-learning platforms [30]. Consequently, numerous
machine learning algorithms have been leveraged to unearth hidden patterns
within educational contexts, underlining the cross-disciplinary impact and rele-
vance of this innovative field [31] [32] [33]. The use of machine learning for group
formation has always been of interest to the research community. Numerous
studies have been conducted within this domain, utilizing a variety of machine
learning algorithms and focusing on specific parameters. [20] created collabora-
tive learning groups of 4 students in virtual learning environments based on col-
laboration competence levels. To create the collaboration competence levels, two
machine learning algorithms for clustering were applied, namely K-Means and
Expectation Maximization (EM). K-Means was used in [23] to create heterogeneous
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groups in in-person classes based on demographic, functional (academic), and
personality characteristics. The same algorithm was adopted by [2] to create het-
erogeneous groups in in-person classes based on learners’ preferences. A genetic
algorithm was used by [18] to form groups in social network learning environ-
ments using academic, cognitive, and social learner characteristics. The datasets
used in these works were mostly collected using surveys.

3  PROPOSED APPROACH

In this section, we present an approach based on machine learning algorithms
for forming cooperative learning groups. Our approach consists of four main stages:

— Data preparation,

— Model building,

— Student grouping,

— Group recommendation.

Figure 2 provides an overview of the architecture of our proposed approach.

3.1 Data preparation

«®
.. . . D L \'\V \‘\
School Manageme.t Data A Data Data .
e  System Collection ¥y Filtring Transposition Bste/Cleaing DataSet
L ® ¥
. o.- . -

Fig. 3. Data preparation processing

Data preparation is a crucial step in the field that requires significant effort, but
it is essential to contextualize the data to transform it into knowledge and eliminate
biases and noise that may impact the quality of data [11]. The data preparation pro-
cess (see Figure 3) comprises four main operations.

— Data collection: This operation involves collecting data on all students enrolled
at HBMK High School between 2018 and 2022. The data are exported in a rela-
tional format. The personal data fields of students are either eliminated or ano-
nymized and coded to comply with national and international standards for
personal data protection.

— Data filtering: Data filtering involves selecting Physics stream students’ scores,
including the Regional score exam that reflects the secondary subjects passed at
the end of the first year of Bac, the continuous assessment score, and the scores
of eleven subjects of the first semester of the second year of Bac.

— Data transposition: In the data collection step, the student information was col-
lected in an inappropriate format for applying machine learning techniques. To
address this issue, we used the Talend Open Studio software to transpose the data
and aggregate it with the student’s code.

— Dataset: The dataset comprises actual student data and includes 840 Physics
stream students from the 2018-2019, 2019-2020, 2020-2021, and 2021-2022
school years. These are the final available Physics stream data. Table 1 describes
the structure of the dataset.
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Fig. 4. An overview of student’s classification in subjects according to their predictive performance

3.2 Building model

We used various machine learning regression algorithms to train the data-
sets, including Multiple Linear Regression (MLR), Support Vector Machines (SVM),
Decision Tree (DT), Random Forest (RF), Lasso CV (LCV), and Ridge CV (RCV). The
goal was to evaluate which algorithm produced a reasonably accurate prediction
rate of student performance for effective group recommendation. To achieve this
goal, we calculated and interpreted several metrics, including RMSE, EVS, and R?. As
shown in the Table 2, Multiple Linear Regression has the lowest RMSE and highest
EVS, R?, and accuracy compared to other models. Therefore, we can conclude that
the Multiple Linear Regression-based model is more efficient than other models in
predicting the grades of students.

Table 1. Dataset structure

Attribute Description Type
idstd The identification number of the student nominal
Sex The sex of the student nominal
Age The age of the student quantitative
RegScore The score obtained in the Regional Exam. quantitative
MathematicsScorel The first semester’s Mathematics mark uantitative
PhyChemScore 1 The first semester’s Chemistry & Physics mark quantitative
LEF _Score 1 The first semester’s Life and Earth Sciences mark quantitative
PhilosophyScore 1 The first semester’s Philosophy mark quantitative
EnglishScore 1 The first semester’s English language mark uantitative
TranslationScore 1 The first semester’s Translation mark quantitative
PE_Score 1 The first semester’s Physical education mark quantitative
IE_Score 1 The first semester’s Islamic Education mark quantitative
FrenchScore 1 The first semester’s French language mark uantitative
ArabicScore 1 The first semester’s Arabic language mark quantitative

(Continued)

International Journal of Online and Biomedical Engineering (iJOF)

iJOE| Vol. 19 No. 12 (2023)


https://online-journals.org/index.php/i-joe

iJOE [ Vol. 19 No. 12 (2023)

Table 1. Dataset structure (Continued)

Cooperative Learning Groups: A New Approach Based on Students’ Performance Prediction

Attribute Description Type
DisciplineScore 1 The first semester’s Discipline mark quantitative
CA1 The first semester’s Continuous Assessment score quantitative
MathematicsScore 2 The Second semester’s Mathematics mark (uantitative
PhyChemScore 2 The Second semester’s Chemistry & Physics mark quantitative
LEF _Score 2 The Second semester’s Life and Earth Sciences mark quantitative
PhilosophyScore 2 The Second semester’s Philosophy mark quantitative
EnglishScore 2 The Second semester’s English language mark uantitative
TranslationScore 2 The Second semester’s Translation mark quantitative
PE_Score 2 The Second semester’s Physical education mark (uantitative
IE_Score 2 The Second semester’s Islamic Education mark quantitative
FrenchScore 2 The Second semester’s French language mark uantitative
ArabicScore 2 The Second semester’s Arabic language mark quantitative
DisciplineScore 2 The Second semester’s Discipline mark quantitative
CA2 The Second semester’s Continuous Assessment score quantitative
MathematicsScore N The national exam’s Mathematics mark uantitative
PhyChemScore N The national exam’s Chemistry & Physics mark quantitative
LEF_Score N The national exam’s Life and Earth Sciences mark (uantitative
PhilosophyScore N The national exam’s Philosophy mark quantitative
EnglishScore N The national exam’s English language mark uantitative
NE The national exam’s score quantitative
GB Baccalaureate grade uantitative
Merits Baccalaureate Merits nominal

Table 2 represents summary results for the six algorithms used in this research

work.

Table 2. Comparative ML algorithm performance

Regressors RMSE EVS R? Accuracy (+/-)
Multiple Linear Regression 1.066 0.935 0.935 0.90 (0.09)
Support Vector Regression 3.084 0.454 0.452 0.50 (0.24)
Decision Tree 1.771 0.819 0.819 0.80(0.33)
Random Forest 1.231 0.913 0.913 0.88(0.10)
LassoCV 1.065 0.935 0.935 0.90 (0.10)
RidgeCV 1.067 0.935 0.934 0.90 (0.09)
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3.3 Grouping students

After building the model, the next step is to group students based on their grades.
According to the school’s pedagogical community, we decided to group students into
five (05) different groups, A to F. Table 3 shows the proposed groups and the interval
of student grades.

Figure 4 represents an overview of student classification in subjects according to
their predicted academic performance. As seen in this figure, 34% of students in Math
are arranged in group A, 18% in group B, 7% in group C, 14% in group D, 8% in group
E, and 20% in group D. Table 4 presents a part of the student clustering in Math.

Table 3. Group label according to the grade’s interval
A [15-20]
[12-15]
[11-12]
(09— 11]
[07-09]
<07

MO o | e

Figure 5 represents an overview of student clustering based on their predicted
performance in National Exam of Math, PC, LEF, Philosophy, and English. For exam-
ple, Std1 is classified as D in Math and PC, E in LEF, F in Philosophy, and D in English.
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Fig. 5. An overview of students grouping by subjects

42 International Journal of Online and Biomedical Engineering (iJOE) iJOE| Vol. 19 No. 12 (2023)


https://online-journals.org/index.php/i-joe

iJOE [ Vol. 19 No. 12 (2023)

Cooperative Learning Groups: A New Approach Based on Students’ Performance Prediction

Table 4. Students grouping in maths

.\ B C )] E F
Std19 Std2 Std6 Std1 Std5 Std4
Std21 Std3 Std11 Std9 Std20 Std7
Std26 Std22 Std24 Std10 Std50 Stds
Std27 Std28 Std31 Std17 Std57 Std12
Std29 Std33 Std35 Std18 Std80 Std13
Std40 Std38 Std47 Std23 Std94 Std14
Std44 Std42 Std55 Std25 Std110 Std15
Std72 Std61 Std99 Std48 Std139 Std36
Std77 Std63 Std103 Std51 Std156 Std37
Stdg4 Std64 Std120 Std52 Std171 Std39
Std87 Std65 Std162 Std56 Std172 Std41
Std96 Std71 Std168 Std66 Std173 Std43
Std97 Std75 Std179 Std78 Std183 Std54
Std98 Std88 Std82 Std201 Std58
Std101 Std93 Std95 Std202 Std68
Std104 Std102 Std105 Std235 Std69
Std106 Std111 Std118 Std74
Std107 Std115 Std119 Std76

4  RECOMMENDATION STRATEGY

In this section, we present a hybrid strategy for generating cooperative learning
groups based on learners’ predicted performance. In this strategy, we combine stu-
dent-selected and homogeneous or heterogeneous grouping, depending on various
criteria such as the educational objective, goal of creating groups, size, etc. We aim to
reap the benefits of letting students choose their collaborators, which enables easier
communication, increased comfort in their groups, and heightened enthusiasm for
working together. Simultaneously, we aim to leverage the advantages of homogene-
ity or heterogeneity based on a systematic allocation, such as the predicted perfor-
mance of students in our case.

4.1 Homogeneity student-selected CLG
The first proposed grouping strategy aims to have students choose the members

of their group, not from all class students, but from a homogeneous grouping based
on students’ academic levels generated from student performance predictions.
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For example, creating groups from the E grouping members, as shown in Figure 6.
This strategy reduces the competition generated in groups composed of students
of different levels. Additionally, instead of treating the classroom as one unit, this
strategy helps teachers adapt content according to the group’s level, present appro-
priate pedagogical treatments suitable for these groups (e.g., addressing learning
gaps, dealing with advanced concepts, etc.), and consider differences in abilities and
interests among their students.

Grouping E

Group E, Group E; Group E; Group E,

Fig. 6. Homogeneous student-selected CLG

4.2 Heterogeneous student-selected CLG

The second proposed strategy aims to create heterogeneous groups with diverse
performance levels. It involves letting students select their group members from
the heterogeneous groupings generated based on their performance predictions. For
example, creating student-selected groups with one student from the A grouping,
two students from E, and two from F (see Figure 7). Students in the A grouping (very
efficient grouping) are assigned a tutor role in their group membership. In this case,
the teacher assigns a common pedagogical problem to be solved for a determined
period. The tutor of each group shares their knowledge and experiences concerning
this problem and provides corrective feedback, additional advice, or instruction as
needed. This approach promotes the progression of each student within the group,
the quality of relationships between learners, their motivation, and the quality of
academic learning [4]. For tutors (students in the A grouping in the example), this
approach allows them to consolidate their learning by teaching and sharing with
their peers, thus building socio-motivational relationships and improving their com-
munication and leadership skills.
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Grouping Grouping Grouping
F

Selection of group members %

Group AEF, Group AEF,  Group AEF,

Fig. 7. Heterogeneous student-selected CLG

5  CONCLUSIONS AND FUTURE WORK

In this article, we proposed an approach for recommending cooperative learn-
ing groups based on machine learning algorithms. Our study aimed to integrate the
most common grouping strategies (student-selected, homogeneous, heterogeneous)
with the potential of machine learning, in order to recommend the most optimal
group formations based on various criteria, such as educational objectives, group
creation goals, and group size. In future work, we plan to investigate the effects of
our group recommendations on student achievement and attitudes towards spe-
cific subjects, including mathematics, physics, sciences, philosophy, and English, in a
selected high school in Morocco.
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