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Abstract

In the field of education, the proliferation of e-learning platforms has con-
siderably increased access to teaching material. However, this abundance of
resources poses a serious challenge to learners in the form of information
overload that hinders the learning process. To meet this challenge, effective
mechanisms need to be put in place to guide learners towards resources
that are tailored to their individual needs and preferences. Recommendation
systems appear to be essential tools in this context, aiming to personalise
the learning experience by offering targeted suggestions based on the user’s
preferences.

This article presents EDU-CF-GT, a new educational recommendation
model, as a solution to this challenge. Based on our generic CF-GT model,
EDU-CF-GT is adapted to the complexities of the educational domain,
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improving learning efficiency by simplifying access to resources. Through
evaluation on an educational dataset, EDU-CF-GT demonstrates signifi-
cant improvements in recommendation relevance and learner satisfaction
compared to existing models.

Keywords: Collaborative filtering, game theory, Shapley value, educational
recommender system.

1 Introduction

The past few years have seen a significant increase in the number of online
learning platforms. Although this has increased user access to various edu-
cational resources, it can lead to information overload. The primary issue
was that learners find it difficult to explore different resources, like videos,
educational courses, and documents, since they cannot find personalized
resources that cater to their needs. The diversity in learning styles exacerbates
this problem, which further makes it irritating and time-consuming to identify
important resources. Recommendation systems play an important role as
they customise educational resources based on user preferences, which can
optimise their learning experience.

Even with abundant information, learning platforms need efficient sys-
tems to direct learners to the resources that are most appropriate for their
individual needs. In this particular context, recommendation systems play
an essential role. Their operation is based on the provision of personalised
recommendations, tailored to the individual needs and interests of each
learner, with the aim of personalising the educational experience. They aim
to optimise the time spent searching for resources, thereby improving the
efficiency and quality of learning by addressing the challenge of information
overload.

The main objective of this research is to cope with the specific challenges
of the education field by proposing an appropriate solution. Although the
CF-GT model is recognised for its superior performance in terms of quality
recommendation, offering personalised suggestions based on user prefer-
ences, its direct adaptation to the education domain requires adjustments due
to the complexity of the characteristics specific to this sector. In order to solve
the problem of inefficient learner searches, this article presents an evolution
of the CF—GT model, called EDU-CF-GT.

This new approach, which is centred on the diversity of educational
characteristics, seeks to improve learning efficiency and increase accessibility
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to education for all by streamlining resource access. To put it briefly, EDU-
CF-GT creates a recommendation system that is adapted to the requirements
of students, thereby directly addressing the difficulties brought about by
the wealth of educational materials.This technique seeks to optimise the
use of educational platforms by offering more accurate and tailored recom-
mendations, thereby decreasing the amount of time spent seeking relevant
resources.

2 Related Work

In the specialist literature on education, various recommendation models have
been put forward with the aim of enriching the student learning process. One
such model is EduRecomSys [5], which combines collaborative filtering (CF)
with emotion detection techniques to suggest educational resources to users.
The model is based on the preferences and interests of other users, as well
as the user’s previously detected needs. EduRecomSys was evaluated in both
qualitative and quantitative terms, with promising results. However, the work
has one limitation: the test method is unreliable and the work has not been
validated.

Another notable educational recommendation model is presented
in [17], which proposes a multidimensional information model and genetic
algorithm-based RS for learning resources. The system includes two key
recommendation modules: a module that accounts for explicitly collected
attributes and a preference matrix to control the learner’s interests regarding
the explicit characteristics of learning resources in a multidimensional space,
and a module that focuses on the attributes gathered tacitly and uses a
genetic algorithm to mine these embedded attributes. The CF recommen-
dation technique is used to derive both modules. Each module suggests a
list of resources, and then a linear combination is used pertaining to CF by
considering explicit characteristics and CF by considering implicit attributes,
which are employed for the final recommendation. This system was eval-
uated, and the results showed that the proposed approach surpasses the
precision pertaining to conventional algorithms, as well as moderate cold start
and sparsity issues. However, the proposed recommendation procedure lacks
the integration of knowledge of the learners in order to offer a customized
recommendation as well as adequateness in terms of their educational level.

Another work was conducted in [15], where the authors built a frame-
work to help students select appropriate courses based on their previously
taken subjects and grades. The idea is to calculate the similarity between



60 Rezoug Nachida et al.

previously studied courses and current elective courses using course titles
and descriptions. The work was manually evaluated, which does not prove its
effectiveness.

Table 1 compares the work cited above [5, 15, 17] with our CF-GT
model [1].

Table 1 highlights the published studies that were conducted on educa-
tional recommendation systems and presented important limitations, such
as inadequate validation, dependence on simple similarity functions, and an
absence of personalization depending on the user preferences. The CF-GT
model performs significantly during the task recommendation step; however,
its design cannot be directly used for educational purposes, because it cannot
handle multidimensional user data, like resource data, level, and learning
preferences. For addressing these issues, the researchers have proposed the
use of Edu—CF-GT, which is an adapted version of CF-GT. This model
incorporates the complex and different characteristics of the educational
environment.

The below-mentioned sections present an overview of the CF—GT model
and describe how the Edu—CF-GT model improves personalized learning.

3 Overview of the CF-GT Algorithm

Many works [12, 20, 25] have adopted clustering as a similar user pre-
selection step in the CF process. The CF—GT model extends this idea by using
a novel clustering technique based on the Shapley value [6]. This clustering
technique groups users together based on both their similarity to each other
and their similarity to the cluster centre, resulting in more cohesive clusters
than those produced by conventional clustering algorithms.

The CF-GT model has two steps:

* Create user communities: This step consists of grouping users into com-
munities on the basis of their similarity, managed by the “SimilarUser”
module. To do this, the algorithm iteratively assigns each user to the
community with the highest Shapley value.

* Generate“Top-N" recommendations: The module responsible for this
step is called “CFProcess”. It uses a CF algorithm to generate Top-N
recommendations for each user. The CF algorithm is applied within each
community of users, allowing the algorithm to take advantage of the
fact that users in the same community are more likely to have similar
preferences.
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Figure 1 Overall diagram of the CF—-GT model.

Figure 1 is a summary diagram of the CF—GT model.

The input of the first module is a set of users U ={uq,ug, ..., u, }.Its
output is a set G of similar user groups G ={g1, 92, ..., gm }-

The output of the first module would be the input of the second. The
output of the latter is a set of recommendations for each user.

Indeed, CF—GT builds on the weaknesses of existing related work and has
some remarkable features: unlike work that takes clustering as a pre-selection
step, our approach takes into account the intrinsic notion of a cluster. The
CF-GT model is designed as a generic approach and has been implemented
as a prototype, which can be used in many application domains, including
education.

For additional insights, please refer to our initial research endeavour [1].
All details and comprehensive information can be found in our inaugural
work.

3.1 Validation of the CF—GT Model

In evaluating the CF—GT algorithm, we utilized the MovieLens100k dataset
[13] and benchmarked its performance against conventional CF and k-means-
based CF (k — means — C'F’). The rationale for selecting these algorithms
lies in their fundamental nature and their historical effectiveness with the
MovieLens dataset.

For accuracy assessment, we employed the mean absolute error (MAE)
to measure the disparity between predicted and actual ratings. The CF-GT
model was compared with other methods by varying neighbourhood sizes
(k) and evaluated for precision and recall for different values of Top-N.
Regardless of k£ or IV, our CF-GT model consistently performed better than
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the other models in terms of MAE, precision, and recall. This steady perfor-
mance highlights our model’s exceptional predictive power and suggestion
quality.

3.2 Synthesis

In the field of education, recommending resources for learning is a significant
difficulty. Even with the abundance of resources provided by educational
platforms, students may find it difficult to identify content that specifically
caters to their requirements and may become overwhelmed by the variety
available. Since recommender systems can match learners with the most
relevant materials based on their interests and learning needs, they present
a viable solution to this challenge.

In a generic recommendation setting, our CF—-GT model has demon-
strated its efficacy by offering accurate and tailored recommendations that
satisfy users’ requirements. Building on this achievement, we decided to
investigate its particular application to the field of education. Our objective is
not limited to testing the CF—-GT model in this context, but rather to provide
an adapted solution, called Edu-CF-GT.

Our contribution resides in enriching the CF—GT model to satisfy the
specific requirements of recommending educational content through the
development of the Edu-CF-GT algorithm. This adaptation represents a
significant advance in the field of educational recommendation systems,
exploiting the advantages of our CF—-GT model and adapting it to better meet
the requirements of the educational context.

In the following, we will describe the details of the Edu-CF-Gt model.

4 Implementation of the Extended Method Edu-CF-GT

The efficiency and success of the CF-GT [1] model in a generic setting
motivates us to exploit its potential to address the challenges of educational
recommender systems.

The CF-GT model considers a single feature to measure the simi-
larity between users and predict recommendations. However, the educa-
tional domain requires multiple features (learner profile, learning preference,
resources consulted, etc.). An adaptation at the level of the similarity function
is essential to exploit it in an educational context. The adapted model is
named Edu-CF-GT.
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Figure 2 Overall diagram of the Edu-CF-GT model.

The Edu-CF-GT model comprises two modules: “InfoCollect” and “CF-
GTProcess”. The “InfoCollect” module collects student data. The “CF-
GTProcess” module is responsible for making recommendations based on
the CF-GT model and input data. Figure 2 illustrates the architecture of the
model.

4.1 “InfoCollect” Module Details

The first module is used to collect information about the learners. Each user
of the learning system is described by information that characterises their
profile. Users can consult the learning resources and give each resource a
rating to assess its quality.

The recommendation system uses this information to generate person-
alised recommendations for each learner in the learning environment.

Once logged into the learning environment, learners prefer to get appro-
priate recommendations for their learning needs without having to spend
hours consulting the thousands of resources loaded into the system.

The learning environment retrieves this information each time a learner
performs a new action (consults a new resource or assigns a grade to a
resource) and updates their profile.

4.2 “CF-GTProcess” Module Details

The second module is used for recommendations, from the selection of sim-
ilar users to the generation of learning resources. The first module prepares
the data required for the second module to carry out its task, which is based
on the CF—GT model [1]. This module goes through the following steps:

* Retrieve the output data from the “InfoCollect” module.
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e Calculate the distance between the current user u, and the other users
following SV'.
* Application of the FC process on the (G; group obtained:

Calculates the similarity between pairs of users (ug, u;) such that
u; € Gz

Prediction of the missing evaluations of the current user.
Generation of Top-N recommendations.

5 Adaptation of the CF—GT Model for Education

The adaptation of the CF-GT model for education consists primarily of
adapting the similarity function used.

For the CF—-GT model, we relied solely on the votes assigned by users
to items. To select similar users, the Edu-CF-GT model uses several cri-
teria, namely: the learner’s profile, information about the consultation of a
pedagogical resource, and the evaluation of pedagogical resources.

In what follows, we will detail the similarity function used as well as the
dataset used.

5.1 Formal Basis of the Edu-CF-GT Model

The purpose of this section is to define the basic concepts that allow the cal-
culation of missing ratings for the recommendation of educational resources.
These concepts, presented in Table 2, are related to the user profile, the
consultation and evaluation information (visit and evaluation of educational
resources).

5.2 Similarity Function Adaptation

In the literature, most CF recommendation models use the Pearson correlation
coefficient to measure user similarity. This coefficient measures the linear
correlation between two variables. In recommendation systems, this coeffi-
cient is used to measure the dependency between two vectors of resource
ratings belonging to two users. These works focus primarily on the rating of
resources to calculate user similarity. This was the case for our generic model,
we only used the ratings of items to calculate user similarity.

The Edu-CF-GT model is based on three criteria to measure user similar-
ity: user profile, information on the consultation and evaluation of educational
resources. User similarity includes:
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Table 2 Formal basis of the model

Element Description

U All users of the virtual learning environment.

RC'[u] All resources consulted by u.

REu] All resources evaluated by .

D All the educational fields present in the system.

Vis(u,r) Used to find out which resources have been consulted by user w. This
function is equal to 1 if user u, has consulted resource r and 0
otherwise.

Eval(u,r) Represents the rating assigned by user u to resource 7.

SFEval[u,v] | Sevallu,r] = RE[u] N RE[v]: represents the set of resources
co-assessed by users v and v.

P The user profile.

Plu] Plu] = (p,val)|p € P : val is the value of the characteristic ¢ of the
user u). It represents the set of characteristic/value pairs which define
the user profile w.

* SimProf(u,v) the similarity between the user profiles of « and v.

» SimRessCon(u,v) the similarity between v and v in terms of
resources consulted.

» SimFEwval(u,v) the similarity between u and v in terms of educational
resources evaluated.

From the three similarities, we calculate the similarity between users » and
v, denoted by Sim(u,v). Sim(u,v) is given by:

SimProf(u,v) + SimRessCon(u,v) + SimEval(u,v)

Sim(u,v) = 3
(1
For each similarity calculated, we used:
* Jaccard [21] to measure SimProf(u,v), as follows:
: | Plu] N Plo]]
SimProf(u,v) = =———r 2)
| Plu] U Plo]]

* Jaccard [21] to measure the similarity in terms of resources consulted by
two users v and v. Equation (3) formalizes SimRessCon(u,v). This
measure is relative to the number of resources co-consulted by the two
users and the total number of resources visited by the two users.

|RCu] N RC[v]|

SimRessCon(u,v) = [RC[u] U RC[0]] (3)
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When the two users v and v have not yet consulted any resources,
this formula is not applied, as the union is null. In this case,
SimRessCon(u,v) is equal to zero.

* Pearson correlation [19] coefficient to calculate the similarity in terms
of evaluation SimEval(u,v).

In the execution of the Edu-CF-GT model, the similarity function f of
the CF—-GT model is as follows:

fui, uj) = SimEval (u;, uy) 4)

6 Validation of the Edu-CF-GT Model

To validate the Edu-CF-GT model, we carried out an offline analysis using
an EduTest dataset that we created. This simulation helped us to test our
proposal and evaluate its effectiveness.

6.1 Dataset Generation

Due to the lack of publicly available datasets in the field of education [8]
and the absence of computerized learning systems in our universities, many
researchers in the field of education create their own datasets to meet their
specific needs. To address the lack of data, we drew inspiration from previous
work [4] to generate a synthetic dataset called “EduTest”.

In this study, the researchers ensured the significance of their designed
synthetic dataset by carefully designing the dataset so that it highlighted
the important characteristics of the standard educational environment, like
resource types, different learner profiles, and interaction patterns. The above
characteristics were derived based on the results presented in the published
studies and the general trends related to user behaviour studies and edu-
cational systems. After that, the researchers established a synthetic dataset
closer to the actual conditions.

This dataset provides information primarily on (1) the learner’s profiles
such as age, preferences, etc., (2) the information on the consultation of
a resource or not and (3) the values of evaluation that users assign to
educational resources.

Table 3 summarises the learner characteristics.

EduTest consists of 800 learners and 500 educational resources. The
educational resources were accessed 120, 000 times. The database contains
2800 ratings.
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Table 3 Learner profile composition
Information Value
Name
Level: licence or master
Specialization: ISIL, SIQ, IL, SIR, SSI or TAL
Preferred language (Java, C++, C#, Python)
Programming experience (1-5)
Learning style (book, video)
Evaluation information Scaleof 1to 5
Consultation information | 1 indicates that the learner has already consulted the
resource, while 0 indicates otherwise

Profile information

6.2 Evaluation Protocol

We detail here the evaluation process used to assess the recommendations
of our Edu-CF-GT model compared to two basic algorithms: conventional
(CF) [23] and K-means-based CF (K -means-CF) [9]. The choice of these
algorithms is based on their established relevance in the field of recommen-
dation systems. The CF is a widely used reference [10], while K-means-CF
shares conceptual similarities with our approach, utilizing clustering as a
fundamental component. By integrating these approaches into our evaluation,
we obtain a comprehensive overview of the performance of our Edu-CF-GT
model compared to established and sophisticated recommendation methods.

We evaluated our model based on predicted ratings, measuring the mean
absolute error (MAE) [3] (which is the most commonly used measure to
evaluate recommendation model predictions, being effective and easy to
interpret), and the relevance of the provided recommendations by calculating
precision [11] (to determine the probability that a recommended item is
relevant) and recall [11] (to determine the probability that a relevant item is
recommended); these measures assess the frequency with which a recommen-
dation system makes correct or incorrect decisions regarding the relevance of
an item.

First, the recommendation dataset was split into training and test sets.
Recommendation models are learned on the training set and evaluated on
the test set. For example, we can use 80% of the data for training, while the
remaining 20% is used for evaluation. The most commonly used evaluation
protocols is five-fold cross-validation [24]. We adopted this protocol for
evaluating our model, where four folds are used for training and the fifth
is used for testing.

As a final step, the rating predictions provided by the system are evaluated
in terms of accuracy and relevance. Finally, we sort the predicted ratings of



A New Collaborative Filtering Approach Based on Game Theory 69

the candidate items and recommend the Top-N items to the target user (the
best NV items).

6.3 Experiments and Results

In this section, the results of the evaluation of our Edu-CF-GT approach are
presented by carrying out various experiments. For each experiment carried
out, we consider three values of the similarity threshold o = 0.79,0.86 and
0.87 which gives two, three and four groups of similar users respectively.

We recall that, as detailed in [1], the threshold o is used to support the
preselection of similar users, ensuring that: (1) Close users, who tend to have
almost equal SVs, are assigned to the same group. (2)The starting point of
each group is reasonably distant.

After various executions, we obtained thresholds that allowed us to pro-
duce two, three, and four groups of similar users, which constitutes a relevant
and appropriate preselection step for our approach.

Below, we present the model experiments based on predicted ratings and
the relevance of the provided recommendations.

1. Predicted ratings For the accuracy evaluation metrics, we measure
the value of the MAE between the predicted and actual evaluations
and compare it with the previously cited approaches. As in previous
studies [1, 14, 16], we consider different numbers of neighbours & for
this evaluation k£ = 5; 10; 15; 20; 25; 30; 35; 40; 45 and 50.

Figures 3, 4 and 5 show the prediction accuracy for different neighbor-
hood sizes k on the EduTest dataset.

It can be seen that for the neighbourhood sizes considered, Edu-CF-GT
achieves a remarkable improvement in prediction accuracy compared
with the FC and k-means-CF algorithms. All methods give the most
accurate predictions when the number of neighbours is around 40.

0,88
0,86
0,84
0,82

MAE

078 ——Edu-CF-GT

0,76 —CF

0,74

072
07

0,68

k-means-CF

0 10 20 30 40 50 60 70 80 90 100
K-neighbors

Figure 3 MAE for o = 0.79.



70  Rezoug Nachida et al.

0,88
0,86
0,84
0,82

08

2078

go
0,76
0,74
0,72

07
0,68

——Edu-GT-CF
—CF

k-means-CF

-

0 10 20 30 40 50 60 70 80 90 100
K-neighbors

Figure4 MAE for o = 0.86.
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Figure S5 MAE for o = 0.87.

Without exception, Edu-CF-GT outperforms the test algorithms regard-
less of the number of neighbours.
The superiority of the proposed method can be explained by the fact that
CF-GT exploits the SV solution concept to form a group of similar users
as a preselection for the FC algorithm.

2. Relevance of recommendations
To determine the effectiveness of the system, we calculated precision
(to determine the probability that a recommended item is relevant) and
recall (to determine the probability that a relevant item is recommended).
With regard to the relevance of the recommendations provided, precision
and recall were calculated on different numbers of Top-N. In our study,
we consider N = 5,10, 15, 20, 25, 30, 35, 40,45 and 50 which means
that we evaluate the method during the recommendation of Top-N items
by the proposed recommendation system. Tables 4, 5 and 6 show the
precision and recall values for the different Top-N with the EduTest
dataset.
From these tables, we can see that for different Top-N, the precision and
recall obtained by our Edu-CF-GT method are better than the evaluation
methods considered.
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Table 4 Precision and recall for o = 0.79

Edu-CF-GT FC K-means
Top Precision Recall Precision Recall Precision Recall
5 26% 26% 21% 21% 24% 23%
10 39% 40% 35% 35% 37% 36%
15 47% 47% 42% 43% 43% 44%
20 52% 53% 48% 50% 49% 52%
25 56% 56% 52% 54% 53% 54%
30 59% 60% 55% 57% 56% 58%
35 59% 60% 54% 55% 55% 56%
40 58% 59% 52% 52% 55% 53%
45 55% 56% 50% 50% 54% 52%
50 55% 55% 49% 49% 52% 51%

Table 5 Precision and recall for o = 0.86 EduTest

Edu-CF-GT FC K-means
Top Precision Recall Precision Recall Precision Recall
5 27% 28% 21% 21% 23% 22%
10 39% 39% 35% 35% 36% 36%
15 47% 47% 42% 43% 44% 44%
20 53% 54% 48% 50% 49% 51%
25 56% 57% 52% 54% 53% 55%
30 59% 61% 55% 57% 57% 59%
35 58% 60% 54% 55% 56% 56%
40 57% 59% 52% 52% 56% 53%
45 55% 57% 50% 50% 53% 52%
50 53% 55% 49% 49% 50% 50%

Table 6 Precision and recall for o = 0.87 EduTest

Edu-CF-GT FC K-means
Top Precision Recall Precision Recall Precision Recall
5 28% 28% 21% 21% 25% 23%
10 40% 41% 35% 35% 36% 36%
15 48% 49% 42% 43% 43% 45%
20 55% 54% 48% 50% 51% 51%
25 58% 58% 52% 54% 55% 55%
30 60% 63% 55% 57% 53% 59%
35 60% 64% 54% 55% 53% 57%
40 58% 60% 52% 52% 52% 53%
45 56% 58% 50% 50% 51% 52%

50 55% 57% 49% 49% 50% 52%
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7 Discussion

The proposed Edu-CF-GT approach is a promising solution for educational
resource recommendation, outperforming baseline models on all evaluation
metrics. The preselection steps of Edu-CF-GT offer a novel approach that
takes into account intrinsic relationships within the group, thereby improving
recommendation accuracy. Furthermore, evaluation of the approach using an
educational dataset demonstrates its superiority over baseline models across
all evaluation metrics. Detailed analysis of the approach reveals that integrat-
ing multiple learner characteristics enhances the selection of similar users,
leading to more precise rating predictions and relevant recommendations.

By computing the average percentage improvement, we measured the
performance of our Edu-CF-GT solution in terms of the MAE measure, as
well as in comparison to the reference methods CF and K-means-CF. The
outcomes demonstrate that EQu-CF-GT greatly enhances recall and preci-
sion. To be more exact, Edu-CF-GT performs 11.25% better than CF and
6.50% better than K-means-CF. Regarding recall, the corresponding gains
are 12.34% in comparison to CF and 9.34% in comparison to K-means-CF.
Moreover, Edu-CF-GT beats CF by 6.54% and K-means-CF by 2.88% in
terms of MAE. These results confirm the effectiveness of Edu-CF-GT in
recommending educational resources, underlining its ability to outperform
traditional CF methods and their variants.

7.1 Potential Applications

For ensuring that the learners enjoy a more personalized learning experience,
the Edu-CF-GT model could be incorporated into MOOCs and e-learning
platforms. This integration would be implemented in 2 steps: The “InfoCol-
lect” module and the “CF-GTProcess” module. The “InfoCollect” module
collects user data, including their interaction with different learning resources
(e.g., reading articles, viewing videos, or solving quizzes) and their correla-
tion with these resources. This data is used as a basis for the recommendation
procedure. On the other hand, the “CF-GTProcess” module implements
the Edu-CF-GT model for examining the collected user data and making
personalized recommendations depending on their preferences, profiles, and
learning direction. The platforms that include these modules can adapt to the
users’ needs, which, in turn, increases their engagement and improves their
learning outcomes.

In summary, Edu-CF-GT is an effective solution to the problem of
resource overload encountered by learners in e-learning and computer-based
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learning systems and, also, the proposed model is an optimisation of the
generic CF—GT model by integrating several features with the user profile.

8 Conclusion and Future Work

The advent of online learning platforms has created a major challenge:
information overload for learners. The diversity of educational resources
and learning styles makes searching a tedious task. Recommender systems
are crucial for guiding learners to suitable resources, optimising learning
efficiency and reducing search frustration. Several recommender systems
have been proposed in an educational context, however, there are still chal-
lenges regarding the relevance of the recommendations provided. The aim
of this article was to propose an effective recommendation solution for the
educational domain.

We began by giving a brief overview of existing work in the literature.
The works discussed were synthesised and compared with the CF—-GT model
that we proposed in a generic framework [1].

After reviewing the state of the art, we briefly presented our generic
CF-GT model. This recommendation model is based on the pre-selection
of similar users according to a cooperative game model. The very satis-
factory experimental results of our model, and the problems of relevance
of recommendations experienced by educational systems, motivated us to
exploit our CF-GT model for the benefit of education in order to propose
a relevant solution. Although it is generic, proposing it in an educational
context required additional effort. Its adaptation for the educational domain
consists, in particular, in the adaptation of the similarity function used. The
CF-GT model is based solely on a single feature to calculate the similarity
between users, unlike the education domain, which is characterised by the
diversity of features.

We then presented details of the proposed Edu-CF-GT solution and
an experimental protocol. The Edu-CF-GT model is an adaptation of the
CF-GT [1] model to the education domain. CF-GT [1] is a hybrid model
that combines CF and a pre-selection step based on game theory. Edu-CF-
GT extends CF-GT by integrating multiple learner characteristics into the
similarity function.

We evaluated our model Edu-CF-GT on an educational dataset, Edu-
Test. The experimental results significantly confirmed the improvement
brought by our model compared to existing work. This improvement was
particularly evident in the prediction of evaluations and the relevance of
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recommendations, thus meeting the requirements of the educational domain.
The relevant recommendations suggested by our model help to optimise
learners’ search time, thus having a positive impact on their learning process.
These results constitute a significant and enriching contribution to a scientific
article.

By proposing both a solution adapted to the educational domain and
an improvement on the original CF—GT model through the integration of
multiple features, our approach offers a relevant response to the challenges
of recommending educational resources.

In the future, the researchers aim to design an educational platform called
EduLearn that implements the proposed Edu-CF-GT model. This platform
presents a real-world environment that would allow them to explore and
test their approach. This platform would include several learning resources,
like videos, books, and supporting materials offered by the instructors. The
learners would have to make personalised accounts that would allow them
to interact with the above resources (e.g., ratings, feedback). After logging
into the platform, the Edu-CF-GT module analyses the learner’s profile and
activities, and then recommends educational resources that would be specific
to their interests and needs. This platform helps in validating the proposed
model and offers an adaptive learning solution.

Although our approach shows promising results in recommending educa-
tional resources, there are interesting prospects for improving its robustness
and applicability in various educational contexts. To this end, it would be
wise to explore the use of a dataset more representative of the diversity
of educational resources, enabling a broader generalization of the results.
In addition, incorporating diversity into the recommendation process would
help to ensure balanced exposure of learners to a varied range of resources,
thus promoting their learning opportunities. Finally, to solve the cold-start
challenge, further efforts could be made to develop adaptive mechanisms
that provide accurate recommendations even for new users or items, taking
advantage of techniques such as content based filtering and active learning.

Recognising that all work deserves to be perfected, we plan to explore
further the application of deep learning to enhance the performance of edu-
cational recommendation systems. The proven success of deep learning in
areas such as natural language processing and computer vision leads us to
believe in its potential to significantly improve the accuracy and relevance
of educational recommendations. This approach, which is geared towards
continuous improvement, is a crucial prospect that could shape the future
development of our research.
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