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Abstract

Social media and social networking have spread widely in ev-
eryday life, so it is important to use them in collaborative learn-
ing. Forming appropriate learning groups is, therefore, an im-
portant objective. This paper presents a novel approach based
on a Genetic Algorithm (GA) for dynamic learners grouping in a
Social Network Learning system (SNL). It offers some improved
attributes applied for grouping learners and new genetic opera-
tors applied in the GA. The efficiency of the proposed approach
was evaluated by comparing the groups formed using the pro-
posed GA with randomly formed groups, resulting in the conclu-
sion that the proposed GA is more effective and that the groups
formed are more efficient.

Keywords: Collaborative Learning, Genetic Algorithm,
Group Formation, Social Learning Network, Modified Order
Crossover, Modified One-Point Cut Crossover.
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1 Introduction

With the development of social networks, their use in human learning
has become increasingly wide. Learners primarily use them to search
for documents, communicate and collaborate with other learners, and
share available information [1].

©2026 by Computer Science Journal of Moldova
doi:10.56415/csjm.v34.02

28


https://doi.org/10.56415/csjm.v34.02

A new dynamic approach for grouping learners using GA ...

Computer-Supported Collaborative Learning (CSCL) is an inter-
disciplinary field associating computer technology and educational sci-
ences [2]. The aim is to promote collaborative learning through the in-
citement to cooperation and communication between learners by adopt-
ing electronic means, such as computers or smartphones connected to
networks.

In the CSCL systems, group formation is an essential and chal-
lenging task, particularly the choice of learners to be grouped. Thus,
the relationships between learners have an impact on the interactions
among them [3], while learners’ interactions lead to active learning,
and to the acquisition of skills such as teamwork aptitudes and cre-
ative thinking, which are helpful competencies for employment [4].

The attributes used for grouping learners can be of very different
natures, such as demographic variables (gender, age), grades, learning
styles, learning activity, and personality [5]. Another crucial factor to
consider is the interpersonal connections between learners. Therefore,
analysing social networks in the CSCL systems enables the evaluation
of these associations [6].

Group composition is another aspect to consider for their forma-
tion. There are three possible compositions: homogeneous, hetero-
geneous, or mixed groups [7]. Homogeneous groups are composed of
learners with the same profile characteristics, whereas heterogeneous
groups associate learners with different profiles. Mixed groups bring
together learners whose profiles are similar in specific characteristics
and different from others. Group composition has an impact on learn-
ing outcomes. At the same time, it may be augmented when heteroge-
neous members are in a group, but more effective when members have
the same backgrounds [8].

Because of the above, this paper introduces a new genetic algorithm
for forming improved groups of learners in an SNL environment, im-
proving collaboration efficiency. Both SNL and genetic algorithms were
used in higher education. The proposed approach offers new character-
istics and operators used for grouping learners. These characteristics
refer to the four main dimensions of learning in an SNL environment:
Communication, Access, Activities, and Sociability. Concerning ge-
netic operators, the algorithm uses two new operators: a Modified Or-
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der Crossover (MOC) as a mutation operator and a modified one-cut
point crossover operator.

The paper is structured in 4 sections. After the Introduction, Sec-
tion 2 contains several relevant works. Section 3 provides a comprehen-
sive explanation of the approach, including which attributes are used
to model the learners and what fitness functions allow for selecting the
best solutions provided by the genetic algorithm. Section 4 describes
the new genetic algorithm and its different stages for grouping learners
in SNL environments. Sections 5 and 6 propose a detailed description
of the experimentation of the proposed method, followed by an analysis
of the results. Lastly, the Conclusion recapitulates the study’s findings
and proposes future work to expand upon this research.

2 Related works

Evolutionary algorithms are widely used for group formation problems,
while Genetic Algorithms (GA) are the dominant solution in this set
of techniques [7]. Since Professor John Holland proposed to resolve
complex optimisation problems using methods and models from natural
evolution in the late 60s, and his introduction of GA in 1975 [9], GA has
been extensively used to find optimal solutions for problems as different
as the travelling salesman problem, combinatorial optimisation, etc.
[10].

In recent years, many works have focused on forming collabo-
rative groups using genetic algorithms for learning purposes. Most
papers have focused on groups having intra-heterogeneity and inter-
homogeneity [11],[12].

There are various attributes used to form groups, such as learning
styles [11], personality traits [13], and in [12], Miranda et al. introduced
the mazimization of empathy as a way to increase the affinity between
group members.

Sukstrienwong [11] proposed a particular chromosome representa-
tion called circular chromosomes, where each chromosome represents
students with different learning styles divided into groups. The group
assignment can be slid along the chromosome to change its allocation.
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For GA operators, [13] uses a roulette wheel for selection, a one-
point crossover operator, and a swap mutation, while [12] adopts the
Mapped Crossover (PMX) operator and the Swap mutation with Shuf-
fle Indexes mutation. And finally, [14] also uses PMX crossover with
Tournament selection.

In this context, we present a genetic algorithm, offering innovative
operators for group formation in the collaborative learning environ-
ment. The proposed solution for grouping learners considers all as-
pects of collaborative work: communication, access, and activities of
the learner, as well as their sociability. This solution is integrated into
a social network-based learning system called: CLISON (Collaborative
Learning In SOcial Networks).

3 Problem formulation

The problem can be formulated in the following manner: let us consider
a class S consisting of N learners. The goal is to assign these learners
into L groups, each comprising M learners.

Let S = {s1,89,...,sn} be the class of N learners. Each learner
is represented with K attributes, while S; = {c1(7),c2(3),...,cx(7)},
where (i) is the attribute k& for the learner i. Learners are assigned
to a set of L groups G = {g1,92,...,9L}

To form the previous groups, the following criteria must be satisfied:

1. assigning each learner to only one group,

2. reducing the dissimilarity between the learners, to create hetero-
geneity between group members,

3. enhancing the similarity between the formed groups, so that they
must be as homogeneous as possible.

This involves optimizing more than one objective function, which
constitutes a problem of multi-objective optimization.

In heterogeneous grouping, learners from the same group must be
different regarding some characteristics. This heterogeneity can im-
prove learning outcomes, as the diversity leads to more dynamic and
active groups [15].
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While homogeneous groups give each member the same chance to
participate in the group, heterogeneous groups allow roles distribution
between members and increase creativity [15],[16].

3.1 Learner modelling

As presented above, each learner 7 is represented by a vector composed
of the attributes used to form the groups:

Si ={c1(i),c2(i),...,cx (i)}

assuming c;(¢) is the value for the attribute j of the learner i.

In our approach, we used four main dimensions, from which we
grouped attributes. These dimensions are: communication, access, ac-
tivities, and sociability.

The attributes include:

e Communication: refers to messages or posts exchanged in an
SNL environment, representing the learner’s degree of involve-
ment in the learning system.

e Access: refers to the number of accesses to the SNL environment,
because it is important to know when learners were online and
which resources they were accessing.

e Activities: measures the learner’s performance and learning
while doing learning activities on the platform.

e Sociability: refers to data related to describing how the learner
is inclined to interact with others.

Communication is an essential element that must be analysed, while
it is the primary purpose of SNL. According to Yassine [17], to assess
learners’ engagement, we need to understand their patterns of interac-
tions with each other and with the content of the platform. Multiple
variables can be used to measure communication, but the most impor-
tant is Total amount of messages written and sent in the platform [18].

From an access perspective, two sets of variables are important to
consider: (a) learners’ access to the platform, which allows them to
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know when learners were online and what content they were accessing,
and (b) information about the learner’s study time and how engaged
the learner is in his studies [18]. For this purpose, the variable maxi-
mum number of accesses is a good measure of the learner’s involvement
on the platform.

Considering activities dimension, they are a way to measure the
learner’s interest, performance, and outcomes. The SNL system pro-
vides information about the activities done by learners, the period
in which the learner has delivered them, and whether they were de-
layed [19]. Thus, to measure the accomplishment of the activities pro-
vided to the learners, two indicators are used: grade and the Number
of complete activities.

For the sociability aspect, social interactions are important, and
learners’ engagement depends on psychological factors such as socia-
bility, extroversion, self-confidence, etc. Hence, sociability is a good
indicator of social engagement in a group. It is defined as the inclina-
tion to be sociable and associate with others [20]. We therefore propose
to measure this indicator for a learner by the number of learners with
whom he interacts, based on the assumption that the more connections
a learner has, the more sociable he is.

Therefore, five attributes are selected to represent the learners’ pro-
file. These attributes cover the main dimensions of learning through an
SNL. The goal is to create learning groups that offer diversity in knowl-
edge levels and skills among learners belonging to the same group.

While using the SNL, the learner’s interactions with the system
are captured through his connections and access to the system, the
activities achieved, the messages and posts sent, and his interaction
with his classmates on the system. Afterward, the captured data are
used to determine the grouping attributes.

Table[l| summarizes the aspects and attributes used to form groups
in our proposed approach.

3.2 Fitness function

To measure the quality of GA solutions, a fitness function is deter-
mined. A value is assigned to each chromosome to evaluate the best
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Table 1. Group Formation Attributes

Dimension Attribute Formula

Communication Total amount of messages count(m;)

skills sent by the learner ¢

Access amount platform access for learner i  mode(access;)

Activities rating  grade average(grade;)
Number of ended activities  count(complete;)

Sociability level degree of sociability count(connect;)

group formation.
Since the aim is to obtain similar groups having learners with dif-
ferent profiles, we calculate two fitness functions.

1. Intra-groups fitness function f;,:q: evaluates the similarity
between the learners’ profiles in a group.

2. Inter-groups fitness function f;,..,: evaluates the similarity
between the profiles of the groups.
3.2.1 Intra-groups fitness function

The intra-groups fitness function for L groups of learners (fintrq) iS
calculated as in Eq. (I)):

L
fz’ntra = Z Zntra? (1)
=1

where antm is the similarity between profiles of learners for the group

1 that has M learners. It is calculated as in Eq. :

‘ M-1 M
intra = Z Z DIST(Sa, Sb), (2)
a=1 b=a+1

which is the sum of the Euclidean distances between the profiles of
learners S, and Sy for the group 3.
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This distance is calculated between K characteristics for two learn-
ers, as in Eq. (3):

K
DIST(Sa,8b) = | > _(ci(a) — ci(b))?, (3)

=1

assuming ci(a) (respectively c (b)) is the attribute k for the learner a
(respectively b).
To obtain heterogeneous groups, fintr« should be maximized.

3.2.2 Inter-groups fitness function

Inter-groups fitness function fj,¢, is calculated as in Eq. , for L
groups:

L-1 L
finter = Z Z DIST(Ga7Gb)7 (4)

a=1 b=a+1

which is the sum of Euclidean distances between profiles for L groups.

The profile of the group a is G4 = {pa(1),pa(2),...,pa(K)}, where
each attribute of the group profile is the average value of member’s
attributes. Eq. shows how to calculate p, (7).

M .
2 <(0)
Pa(i) = ]_Ta (5)
assuming p, (i) is the value of the attribute i for the group a, and ¢;(i)

is the value of the attribute j for the learner 7.
To get similar groups, finter should be minimized.

4 Proposed genetic algorithm

Our system aims to form groups for collaborative learning where learn-
ers in a group are heterogeneous, while groups are homogeneous be-
tween them. To resolve this problem, a Genetic Algorithm (GA) with
some characteristics is defined in the sections below.
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Typically, a genetic algorithm adopts the steps described by the
following stages.

4.1 Chromosome encoding stage

In our GA, a chromosome represents a possible solution to the question
of assigning learners to groups. While this question is a combinatorial
problem, the best solution representation consists of a set of symbols
ordered in a list [21].

For a class containing N learners who must be assigned to L groups,
the chromosome in our GA is an array of size N, where each element
of the array has the group index value where the learner is assigned.
Fig[l] shows an example of assigning 10 learners to 3 groups.

Student 1 2 3 4 5 6 7 8 9 10
idx
Group |1 3 1 1 2 3 3 1 2 2
idx

Figure 1. Example of assigning 10 learners to 3 groups

Indeed, a group must have (N/L) learners, if N is a multiple of L.
If not, (N modulo L) groups must have (N/L)+1 learners, whereas
other groups must have (N/L) learners.

4.2 Population initialization stage

Two principal methods to initialize a population are randomly or using
a heuristic [22].

A population initialized randomly drives mainly to optimality, and,
on the other hand, the heuristic approach may, in some cases, make it
difficult to find global optimal solutions because of the lack of diversi-
fication in the initial population [23], hence the choice of the random
initialization method in our GA.

4.3 Crossover stage

The one-point crossover operator is easy to implement [24], chosen
for our GA despite offering less diversity in solutions. To apply the
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operator, firstly, a crossover point is selected randomly; then, beyond
the selected point, the genetic information of the two chromosomes is
interchanged to obtain new offspring [25].

However, swapping genetic information may create invalid offspring;
so, a modified version of the one-cut point crossover operator is pro-
posed. In this version, after exchanging information, each offspring
is analysed, and every possible value for the group index is counted.
When a group index count exceeds M (number of learners per group),
the last exceeding index is replaced by a missing one (cf. algorithm [1)).

Algorithm 1.

Input: individuals s1, s2

Output: offspring o1, 02

Choose crossover point, randomly

Select the left substrings beyond the crossover point of
chromosomes s1 and s2

Swap elements of left substring of s1 with s2

Count group index value in 1, .., M appearing in si
For each element x in 1, .., M
If count(x)>L

swap x in s1 with the element in the same position in s2
End

We illustrate the previous algorithm with the following example:

Let there be two individuals (s1 and s2) used to create new off-
spring.

First, a crossover point is selected randomly. In the following ex-
ample, the selected point is beyond the second element of s1 and s2.

s1 = (12]2313) and s2 = (23[3121)
After crossover point selection, we swap left side substrings:
s1 = (23]2313) and s2 = (12[3121)

For s1, index 1 appears 1 time, index 2, 2 times, and 3, 3 times.
The last index, 3, is changed to 1.

For s2, index 1 appears 3 times, index 2, 2 times, and 3, 1 time.
The last index 1 is changed to 3.
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The generated offspring are:
ol = (232311) and 02 = (123123)

ol and 02 are valid.

4.4 Mutation stage

Swap mutation is a broadly used mutation operator. However, our
chromosome representation transforms the problem of assigning learn-
ers to groups into a permutation problem. So, the swap operator cannot
be applied in this case because it creates invalid offspring. We therefore
choose to use the Modified Order Crossover (MOC) mutation operator.
Instead of selecting only random positions in a parent chromosome,
the elements on the left of the individual, regarding the crossover point,
are kept in the same position, while all the positions to the right of the
crossover point are chosen. The offspring is therefore valid [26].
Algorithm [2| shows the pseudo-code for this operator.

Algorithm 2.
Input: individuals s1, s2
Output: offspring o1, 02
Choose a crossover point, randomly
Keep elements of the left substring of sl in their same
positions in s2
Keep elements of the left substring of s2 in their same
positions in sl
Fill up s1 with the right substring elements of s2 to form
ol
Fill up s2 with the right substring elements of s1 to form
02

We illustrate the previous algorithm with the following example:
s1 = (122313) and s2 = (23/3121)

After crossover point selection:

sl = (%2 * 3% %) and s2 = (2% | * 1 * %)

The resulted offspring are:
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ol = (321321) and 02 = (223113)

The generated offspring (ol and 02) are valid.

The mutation probability regulates the introduction of new genes in
the population. If the probability is too low, some functional genes may
not be reached, while a high probability leads to a great dissemblance
between parents and descendant offspring.

4.5 Selection stage

The selection operator chooses which chromosomes will reproduce. A
famous selection operator is tournament selection.

Tournament selection starts by extracting a competition subset by
randomly selecting solutions; then, from the subset, the best solutions
are chosen according to their fitness value as new parents [21]. Algo-
rithm [3| shows a description of the technique.

The tournament technique offers a reasonable convergence rate in
most problems, especially when the tournament size is binary [27].

Algorithm 3.
Input: the tournament size k
Output: selected individuals
Repeat
Select k individuals
Choose the individual from the k selected individuals with
2 criteria: lowest inter-fitness value and highest intra-
fitness value
Until Expected number of best individuals selected

For example, with the following population, where, for each chro-
mosome C'i, two fitness values (intra,inter) are assigned:

Ci | ¢2 | €3 | ¢4 | G5 | C6 | €7 | C8
2.3) [ 3,7 [6,2)[ (7.4 [(21)]38)](25) ] 10)
With k£ = 3, three chromosomes are selected randomly: C3,C5,C8.
For each selected chromosome, the absolute value of the difference
between intra-fitness and inter-fitness is calculated as di f foi; = | fintra—
finter|- Then, we select the chromosome with the highest value of

dif foi-
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The differences between the three selected chromosomes are as fol-
lows:

diffos | dif fes | dif fos
4 | 1 | 1
Therefore, the selected chromosome is C3.

4.6 Elitism stage

Elitism consists of copying some of the best solutions into the next
generation while these solutions remain unchanged, which allows main-
taining the best solutions for the reproduction of a new generation [28].
The aim is to keep the best individuals in the final result. However,
while propagating the same individuals to new generations, the possi-
bility of finding new individuals better fitted to solve the problem is
reduced. Therefore, it is associated with some additional operators [29).

Elites are generally small groups of individuals whose size is de-
termined as a percentage of the population. Typically, the best 10%
individuals of the population in a generation will form the elite group.

4.7 Evaluate termination stage

In our proposed GA, the number of iterations is the termination con-
dition adopted. The GA must be tested with multiple values for this
number to select an optimal one. This is important because when the
number of iterations is reduced, it may not be sufficient to reach the
optimal solution. But, when it is significant, the probability of achiev-
ing the optimal solution will be high, but the calculation time will be
too long.

4.8 CLISON: the new social network learning system
adopted for the proposed GA

The GA has been integrated into a learning system offering a social
network and providing courses, as well as collaborative activities.

The major features proposed by the system are to provide lessons
as posts, to allow students to comment and like posts, to offer instant
messaging, collaborative learning tools, and an assessment sub-system,
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used by the students to answer MCQ individually and solve exercises
(individually or collaboratively).

The social network-based learning system CLISON consists of four
important modules (cf. figure [2):

e The social network, which is the main module of the system.
It offers the features of a social media, such as publications, com-
ments, messages, etc. It allows students to communicate with
each other and with the teacher, and it allows the teacher with
the capability to provide the students with lessons and activities.

e The group formation module is used to form groups of stu-
dents whose aim is to carry out collaborative activities. In this
module, there are two supported grouping methods: using the
proposed GA and randomly.

e The collaborative activities module allows students to com-
plete the activities, suggested by the teacher, in groups (groups
formed by the previous module).

e The learning tools, which are tools proposed to help students
solve the exercises and carry out the activities proposed on the
system.

Group formation
module

Social Network posts indicator

{

Database

Collaborative activities
module

exercices activities

Learning tools

Figure 2. CLISON system architecture

5 Experimentation

The proposed system was assessed in an experimentation led at the
University of Guelma (Algeria). The experiment focused on the use of
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the social learning network by the third-year computer science degree
students for the Semi-Structured Data course, whose main purpose is
to learn the XML language.
The purpose is to address the following research question: Does
the proposed grouping method improve students’ learning?
The experiment process is detailed in the following section.

5.1 Participants

Thirty-two third-year students participated in the experiment. They
had access to the learning system, the lessons, and the proposed tools.
However, for the collaborative exams, the class was divided into two
groups of 16 students (cf. Section [5.2).

To test the efficiency of the students’ grouping using the proposed
GA, the students belonging to the experimental group (N = 16) were
assigned to four heterogeneous groups (L = 4) of four members (M =
4), considering the 5 students’ characteristics (K = 5) described in
section 3.1l While for the control group, the 16 students were randomly
divided into 4 groups of 4 members.

In the next section, to validate the proposed approach, we present
the results of our experiment of creating heterogeneous groups of stu-
dents using our GA. Then, we compare these results with those ob-
tained by the random grouping of students, and, finally, we analyse
and discuss the data collected.

5.2 Methodology

The experimental process lasted for one academic semester, conforming
to the following steps:

1. Familiarization phase: during which the students received ex-
planations about the platform, its objectives, and the tools it
offers. They also answered a pre-test to determine their basic
level.

2. Learning phase: in which lessons and exercises are regularly
posted on the platform. In this phase, students have the oppor-
tunity to contact the teacher or other students for clarification
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regarding the concepts being taught. In addition, they can solve
the exercises using the available tools.

3. Examination phase: In this step, the students were associated,
in groups of 4 members, to respond collaboratively to graded
exercises.

4. Assessment phase: before the closure of the course, an indi-
vidual MCQ test was submitted to students, in order to establish
their final level regarding the concepts learned.

Regarding the grouping of learners held in the third phase, we
choose to associate the students in heterogeneous groups of 4 mem-
bers, because a group composed of a pair of students is too small and,
therefore, lacks diversity. For larger groups, it is hard to ensure equality
between members in activities and learning. Whereas, an odd number
of group members can lead to one of the students remaining apart
during collaborative activities.

Additionally, heterogeneous grouping is adopted for two reasons:

e Members with different academic and cognitive characteristics
enable members with misconceptions to benefit from others more
familiar with the topic.

e Members with different social skills enable students with good
ones to encourage others who are less sociable, facilitating com-
munication within the group.

Finally, regarding the proposed GA, we conducted a series of ex-
periments on the same computer, varying each time only one of the
five parameters: generations, population size, selection rate, crossover
rate, and mutation rate.

While GA is a stochastic method, every run can give different re-
sults. Therefore, the experiments are performed several times, mainly
around 10 to 30 times. In our case, the number of 20 runs was cho-
sen because it is the most feasible, considering the number of genetic
algorithm parameters to evaluate. Each test scenario was executed
20 times and was compared to the other scenarios according to two
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criteria: the average value of the highest intra-groups fitness and the
computing time.
Table [2| shows the best parameters resulting from the experiments.

Table 2. Proposed genetic Algorithm’s best parameters

Settings Values
Number of Generations 70
Size of Population 20
Crossover rate 50%
Mutation rate 20%
Selection rate 30%

Comparative analysis of the proposed GA

To demonstrate the effectiveness of our new GA, we followed the exper-
imentation methodology as presented above (cf. Section . Thus,
in the third phase of the experimentation process, where students are
associated to solve exercises, the grouping was carried out with two
methods: grouping using GA and random grouping. Therefore, to
validate the efficiency of the proposed GA at student grouping, we
performed the process described below:

(I) The third degree class involved in the experiment was decom-
posed into two subclasses:

- an experimental group in which the grouping of students
is done using the proposed GA, and

- a control group where the groups are randomly formed.

(IT) All groups participated in performing collaborative activities of
the third phase of the methodology.

(III) Finally, to validate the effectiveness of the grouping performed by
our GA, we conducted a comparison study between the results
obtained by the students of the experimental group and those of
the control group.
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The comparative analysis is presented and discussed in Section [6]

6 Results and discussion

As stated in the previous section, the experiment involved an experi-
mental group and a control group, each composed of 16 students.

6.1 Pre-test results

In this first step, in the experiment process, the students were asked to
fill out a questionnaire regarding the course. In the experimental group,
one student, out of 16, didn’t answer the questionnaire. Whereas, for
the control group, 3 students did not respond to the questionnaire.
Therefore, the participation rate for the experimental group is 94%,
and 81% — for the control group.

The pre-test consisted of a multiple-choice questionnaire of 20 ques-
tions, each one introducing five possible answers, of which one or more
may be correct. The maximum score for the questionnaire is 100 points.
So, 28 students fulfilled the test, getting grades between 0 and 100.

To compare the obtained pre-test grades of the two groups of stu-
dents, a T-test (also called Student’s T-test) is used. It is a widely used
statistical hypothesis test whose aim is to compare the means of two
groups to determine if two groups of data are significantly different or
not.

Table |3| presents a summary of the T-test for the two groups that
took part in the experiment.

There was no statistically significant difference in grades, t(26)
= 194, p = 0.063 (p > 0.05), despite experimental group (M =
69.40, SD = 5.04) attaining higher grades than control group (M =
61.08, SD = 15.74).

6.2 Post-test results

To complete the experiment and to close the course, the students were
asked to take a post-test.
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Table 3. T-Test: Pre-test results (experimental group students vs.
control group students)

Parameters Values

Null hypothesis Both groups are equal regarding the
students’ grades in the pre-test

Alternative hypothesis One group is superior than the other

Mean (experimental group) 69.40

Mean (control group) 61.08

Standard deviation (experi- 5.04
mental group)
Standard deviation (control 15.74

group)

Degree of Freedom 26

t 1.94126
p 0.063139

As for the pre-test, the post-test is a multiple-choice questionnaire
composed of 20 questions. For this test, 25 students fulfilled the ques-
tionnaire, 13 from the experimental group and 12 from the control
group. We noticed that the dropout rate is 19% for the experimental
group, and 25% for the control group.

We compared the results obtained for the two groups involved in

the experiment, using the T-test. A summary of the study is shown in
Table

The students in the experimental group (M = 79.31, SD =
4.31) compared to those in the control group (M = 73.75, SD
7.17) demonstrated significantly better grades, ¢(23) = 2.37032, p =
0.0265 (p < 0.05).

We note, from these results, that there was a raise in grades between
the pre-test and the post-test, for both groups, even if this improvement
is more characterized in the experimental group than in the control
group. These results suggest that the groups formed using our proposed
method bring great benefits to their members.
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Table 4. T-Test: Post-test results (experimental group students vs.
control group students)

Parameters Values

Null hypothesis Both groups are equal regarding the
students’ grades in the pre-test

Alternative hypothesis One group is superior than the other

Mean (experimental group) 79.31

Mean (control group) 73.75

Standard deviation (experi- 4.31
mental group)
Standard deviation (control 7.17

group)

Degree of Freedom 23

t 2.37032
p 0.0265

7 Conclusion and future work

The main goal of this paper is to form optimal collaborative groups us-
ing a Genetic Algorithm. Groups are formed from different attributes
describing the learner profile according to four dimensions: Communi-
cation, Access, Activities, and Sociability. The use of these attributes
makes it possible to have more efficient groups regarding collaborative
learning activities in an SNL environment. To form these groups, we
have defined two objectives to be respected: (a) each group must be
made up of heterogeneous learner profiles, and (b) the groups must
be homogeneous. The proposed GA uses two fitness functions (intra-
and inter-group fitness functions) to respect grouping objectives. In
contrast, a modified one-point crossover is used to create new valid
individuals, and an elitism strategy is applied to preserve the best so-
lutions.

The experimentation results show that the GA formed groups have
better grades than randomly formed ones, which leads us to assume
that they are more efficient in improving the learning of students.
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As future work, we will try to study the improvements produced

with our approach by comparing it to other group formation algo-
rithms, and for a larger number of students.
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