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Abstract—Online learning environments have become an
established presence in higher education in the Kingdom of Saudi
Arabia, especially with the expected of Covid-19 pandemic. At
present, supporting e-learning with interactive virtual campuses
is a future aim in education. In order to solve the problems of the
interactivity and the adaptability of e-online learning systems in
Saudi universities, this paper proposes a module, based on digital
learning, and to be used in learning management systems to meet
the challenges a future goal in e-online learning. The e-learning
system should be intelligent and has the possibility to inspire the
specific characteristics (i.e., metadata) of a student used to access
to their social media profiles.
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I. INTRODUCTION

In this exceptional pandemic situation related to Covid-19,
educational activity was affected to different degrees during
containment (closures, activity limitations, reorganizations,
etc.). The progressive resumption of activity towards a
stabilized situation raises many questions and requires a
preparation facilitating its conditions of success.

Therefore, total e-learning has become an obligation for
higher education worldwide and particularly in the Kingdom
of Saudi Arabia. The Blackboard is the system used at the
University of Ha'il to achieve the e-learning aims.

Many types of learning platforms (e.g., Blackboard,
Formare, Moodle, Teleformar, WebCT, etc.) have been
considered as an opportunity for Saudi universities to provide
online courses, tests and evaluations, databases and for online
monitor students’ progress [1,2].

However, these courses are stored as files on the Learning
Management Systems (LMS) server as a single course. These
courses do not take into consideration the user's profile (i.e.,
student's profile) and prerequisites.

This work falls within the framework of improving the
performance of learning platforms and the Blackboard
platform, and more precisely at the level of the student profile
definition module.

Thus, our goal is to experiment with a numerical approach,
not currently implemented in the Blackboard platform.

This paper is structured around four sections. This paper is
structured around four panels.

The first section presents literature on LMS and the
effectiveness of these learning systems, particularly with the
expected Covid-19 pandemic.

The second part presents the proposed method for defining
a student profile based on the information contained in his
social network. The student profile is useful for any learning
system that aims to adapt and propose appropriate content that
corresponds to a student's specific needs.

The third part presents the Social Profiling of the Student
(SPS) system and the process of generating a student's (i.e.,
social profile).

Finally, the last part focuses on the implementation and
evaluation of the proposed method.

Il. LITERATURE

Smartphones, tablets, and computers are essential tools in
the educational process especially after the spread of Covid-19
all around the world. In the Middle East, and more specifically
the University of Ha'il in the Kingdom of Saudi Arabia, the
use of IT tools is increasing constantly among students at
universities.

Hence, platforms, websites and e-learning Systems are
essential and the best way to save the learning process during
Covid-19. According to A. N. Alkhaldi, and A. M.
Abualkishik, the previous studies mentioned that the
Blackboard is a recent technological tool that contributes to
sharing knowledge, making quizzes, taking attendance and
evaluating students [6].

The earlier study showed that Blackboard “was founded in
1997 by two education advisors, Matthew Pittinsky and
Michael Chasen, as a consulting firm to provide technical
standards for online learning applications” [17]. They added
that the Blackboard witnessed a huge rise until it reached $752
million in basic stock and become public in June 2004.

In [4] before 2500 years, memorization was the essential
method of teaching and the favourable way to preserve
knowledge and skills, but the communication was usually oral.

After that, technology has been used in teaching and
learning for many years. The results of using technology in
teaching represent that there is a positive influence on the
education process.

Universities and educational institutions try to improve
their own LMSs in order to provide their smart learning online
aspects for different groups of learners. The recent studies
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define LMSs as the web-based system that provides many
benefits for the educational processes [14].

LMS can be used as an effective tool for students
belonging to the same University and studying in different
campuses [9]. LMS is used to assemble students from a
different place and different time zone to join the same
lecture, to solve the same problem, to do the same quiz or to
sit for the same exam.

According to L. A. Bove and S. Conklin (2020), LMS can
simplify and speed the discussions, document sharing, and
assignment submission between teachers and their students
[13]. Moreover, it helps teachers to better evaluate their
students.

Consequently, LMS is helpful and useful for students who
witnessed difficulties to move from their home town or home
countries to join the lectures at universities. Additionally,
LMS is gainful for special needs students.

The cultural aspects of LMS design are of huge
importance because it can fit the user’s satisfaction which can
provide success stories in education for both students and
teachers. In addition, learning materials on LMS can respect
gender differences. Next, LMS can afford guidelines for
students and build a learner-centred educational climate [9].

Today, mobile applications make the use of LMS easier
and painless. Students can access their LMS accounts despite
the places they are in such as trains, buses, homes, etc.

Mobile Apps are considered as a recent infrastructure that
contributes to the spread of LMS. A. W. Bates (2015) in [8]
argued that the social media is a significant technology which
supports the teaching method since it facilitates the dialogues
and strengths the students’ contribution during the lectures.

The Blackboard advances since its foundation until now.
The benefits of the Blackboard Learning System are the
increased availability, the quick feedback, the improved
communication, the tracking, and the skills building [12].

The Digital Report (2020) in Saudi Arabia (https : / /
datareportal.com/reports/digital-2020-saudi-arabia) mentioned
that the number of social media users rise by (8.7%) between
April 2019 and January 2020 (about 2 million users). The
report shows that the most used social media platforms are
YouTube (76%), WhatsApp (71%), Instagram (65%),
Facebook (62%), and Twitter (58%).

However, the statistics show that the preferable social
network for students in the University of Ha'il is WhatsApp
[7]. Therefore, we build our study on the consideration of the
WhatsApp as the first source of data for the User Profile.

Despite the huge number of the users of social media
platforms, students cannot access to the Blackboard through
their social networking information. Nevertheless, the use of
the data from the social network let students butter manage
their Blackboard accounts.

The previous studies tried to count different drawbacks of
the Blackboard. They stated that the Blackboard is hard to
learn, its options may be restricted to particular operating
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systems, its system inefficiencies, and the cost of the
Blackboard is really high [17].

In the past, one of the key limitations of an LMS is the
dilemma of how to use new technology in the learning process

[5].

There are two challenges in online learning the first is to
provide the students with new technological knowledge, the
second is to attract their attention to follow the main lecture.
The serious obstacle that faces the teacher is that students are
not motivated to become expert users of LMS [16].

As a result, in the current study, we try to make the LMS
easier for the students at the University of Ha'il through the
integration of students’ data from social networks.

In defiance of the advances it witnessed, the LMS
Blackboard still faces a serious drawback that the previous
studies did not deal with it: the user profile, this aspect is the
one we will work in in the study in hands.

A. e-Online Learning Challenges

The LMS Blackboard is a standard system; it witnessed
some development, but they are not in-depth. Despite the
validation of advancement on the Blackboard, the LMS is still
incapable to manage the student’s metadata from other
platforms; it cannot capture student parameters from
WhatsApp, Twitter, Facebook, etc.

The present study works on the development of the
integration of the student’s email used in social networks to
access to the Blackboard, instead of using their University Id
number (e.g., s20200123). Hence, the student can relate his
Blackboard account with their social media profiles.

It is hard for a student to use his preferences; they can
forget their Id Number or type it in a wrong way because they
use it only to access to the Blackboard or during the exam
days. Hence, it is difficult for students to use preferences to
access to the Blackboard LMS system, so we are working in
the current study to facilitate their access into the LMS by
using things with is easy to remember their social media
parameters since they use it daily and this step aims to
improve the effectiveness of the educational process.

The LMS Blackboard cannot configure student’s settings
which are fixed by the University technical Unit. Even when
the student’s name is written in the wrong way, he/she cannot
correct it or make any changes. As a result, the University
technical unit is supreme power when dealing with the
Blackboard, whereas the educational process should be based
on the student.

B. Concept of user Profile

The notion of the user profile is widely addressed in user
modelling, which can be considered as the process of
knowledge extraction in order to identify the information and
characteristics of the user or a group of users [3].

The use of the user model in this work improves the
quality of human-machine interactions: the deduction of user
preferences and contexts from the activities observed in the
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social media is used to determine the type of dialogue that the
LMS system will have with the user.

Indeed, the user profile is used to adapt and propose
appropriate content that corresponds to the user's specific
needs [18].

Our work deals with the definition of the student profile
which aims to allow the LMS system to adapt to the user. The
following section explains this aspect, in the context of
information customization systems.

Our study is used to determine, in a first place, the
personal data of students that are relatively stable over time,
such as their identity (e.g., e-mail, phone number),
demographic data (e.g., age, gender, address) and that do not
require automatic updates.

Secondly, we consider that preferences and interests tend
to change over time and that designate the characteristics of
the user such as preferred types of presentation, etc.

In this context, our contribution is to propose a
recommendation system that is fundamentally based on a
digital learning-based technique (i.e., semi-supervised
learning) and that determines the degree of similarity between
students, in order to recommend the items corresponding to a
student's interest.

The choice of the machine learning technique based on
semi-supervised learning is justified by the fact that it allows
involving a system with only a small number of labelled items
students and a large number of not labelled ones.

The method that we present in this paper aims to process
student profiles from the e-learning platform. To do so, we
have proposed a digital learning approach [20].

I1l. PROPOSED METHODOLOGY

Our proposal aims to predict and determine the preferences
of the student from the information shared in his different
social media. This extracted knowledge allows us to build the
student profile that becomes central in any LMS system.

We propose a new method for using the user profile (i.e.,
student profile) in a referral system to provide a student with
resources (i.e., content and items) relevant to his or her
interests or specific needs in social media.

Our method is based on a machine learning technique.
More precisely, it is based on the semi-supervised learning
technique which is composed of two phases: the first one is
the learning phase which allows the system to learn how to
provide a student with personalized resources [15,21]. We use
the J48 algorithm for this phase. The choice of using the J48
algorithm is justified by the fact that it has given the best F-
measure scores in comparison with the classification
algorithms.

The second phase is the use phase, which allows users to
use the learning platforms. Fig. 1 shows the details of the
proposed method and the two phases (i.e., the learning phase
and the use phase).
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Fig. 1. Principle of the Proposed Method.

A. The Learning Phase

In this phase, we provide a training corpus and metadata
features reflecting the student's interests. This information is
defined following several studies [7].

The training corpus is composed of the attributes assigned
to student information and their profiles. Attributes are
assigned to student information and come from different
categories: demographic data (e.g., age, gender, address),
interests, hobbies, affiliation, preferences [19].

All attributes are initially pre-processed to prepare their
segmentations in gender (i.e., male or female), age,
description or structured as vectors (e.g., interests). However,
some attributes have only one value (e.g., age, gender) while
others may have several possible values (e.g., favourite music
groups, favourite sports, etc.).

After the pre-processing step, each student entity (i.e.,
attribute) will be notified according to certain metadata
characteristics. This step leads to the construction of a set of V
vectors corresponding to the wvalues of the specific
characteristics (i.e., metadata) of a student. These vectors are
called score vectors. Each vector is associated with classes and
indicates the class of the student node.

The score vector has the following structure, V1 (Al, A2,
A3... An), where Ai is the score of the metadata criteria from i
to n (i.e., the number of criteria).

In the learning phase, the score vectors are combined to
associate a score to each characteristic and to generate
classification rules.
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B. The use Phase

This step is based on the construction of a student profile
from the information contained in his or her social network,
which we call "social profiling".

The term "social profile" refers to a profile constructed
using the student's social network.

A social profile contains metadata reflecting the student's
interests extracted from the information shared by the
individuals in his or her social network.

Our objective in this phase is to build from this shared
information on the student's social network, a score vector
based on affinities (e.g., geographical, affiliation, interests,
etc.).

Thus, we start this second phase with a step of collecting
the student's shared information in his social network. An
important point here is data collection problems, which is
widely studied in social network analysis. In order to solve
this problem, several APIs (Application Programming
Interface) tools [11] that allow to query and process very large
volumes of data related to public social networks (e.g.,
Twitter, Facebook, Instagram) have been applied (this is the
step of collecting a student attribute).

After the pre-processing step of the collected data, and
with the score vectors and the result defined by the learning
phase using the J48 learning algorithm, which has proven its
efficiency in our proposal, the "social profiling” of the student
will be defined in this way.

To justify the choice of our learning algorithm, we tested
five best classification algorithms according to the F-measure
evaluation metric [10]. We deduced that the J48 algorithm
gives the best F-measure. Table | summarizes the test results
of the five algorithms.
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Using the study conducted by A. N. Alkhaldi, M. Ali, S.
M. Mahmoud, Z. A. Alrefai, and Y. Bahou (2020), we were
able to draw up a list of "features™ criteria defining the links
between students according to their common points or
affinities (i.e., geographical, affiliation, interests) [7].

Note that the implementation requires a pre-processing
step. This is the preparation of the data. Preparation is the
process of collecting, combining, structuring, and organizing
data so that it can be analysed in data visualization, analysis,
and machine learning applications.

After the data preparation "pre-processing” step, we use
nine "features” criteria to classify and define the metadata of
each student entity.

Finally, we obtain a file that contains all the score vectors
that make up the contribution of each student entity to
learning. Table 11 shows features details.

In the learning phase, we use the J48 algorithm to learn
how to classify the student entities. At the end of the learning
phase, a score is associated with each element. Some features
can have a grade of zero. The J48 algorithm generates a rule
by summing the scores associated with each student entity.
The system uses the generated rules to calculate the score for
each student entity.

Finally, the system combines the classification decisions to
obtain a social profile of the student. A social profile contains
the metadata reflecting the student's interests extracted from
the information shared in their social network and classified
by the result generated by the J48 algorithm.

B. Preliminary Results

We used 427 student entities from our corpus to
experiment our system (377 student nodes for the learning
phase and 50 student nodes for the evaluation phase). The
summaries obtained are compared to the expert results.

The main measures for Precision, Recall and F-Measure
are 0.943, 0.961 and 0.952, respectively (see Table I11).

TABLE I. CLASSIFICATION ALGORITHM TEST RESULTS
Algorithm Precision Recall F-Measure
J48 0.898 0.855 0.876
PART 0.907 0.830 0.867
SVM 0.615 0.609 0.588
BayesNet 0.570 0.566 0.565
NaiveBayes 0.542 0.545 0.538

TABLE Il FEATURES DETAILS
Features Details
Stu_Sex Indicates the type of sex (1 = male; 0 = female)
Stu_Diploma Indicates the type of diploma (Diploma; Bachelor; Master)

IV. SPS SYSTEM

The method we proposed for the automatic definition of
social profiling of the student was implemented through the
SPS system. In this section, we present the implementation
details and preliminary results.

A. Implementation Details

Our study corpus consists of 427 student nodes collected
from a survey questionnaire that was used to collect data from
students at Ha'il University in Saudi Arabia and is accessible
to the Blackboard system [7].

Indicates the speciality of the student (Medical and health
science; Humanist and social science; Applied science;
Natural science)

Stu_Speciality

Stu_Branch Indicates the geographic location of the student

Stu_Device Indicates using Blackboard system via (Smartphone; PC;
Together)

Stu_Soc_Med Indicates Fhe social rjedla most used by students (Twitter;
Facebook; Instagram; Other)

Stu_Pre_Film Calculates the tf*idf of the media preference (tf*idf Film)

Stu_Pre_Song Calculates the tf*idf of the media preference (tf*idf Song)

Calculates the tf*idf of the media preference (tf*idf

Stu_Pre_Doc Document)

Stu_Language Indicates the interface language
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TABLE IIl.  EVALUATION RESULTS
Precision Recall F-Measure
Weighted Avg. 0.943 0.961 0.952

V. CONCLUSION AND FUTURE WORK

In this document, we have proposed a method for defining
a social profile that reflects the student's interests. The
metadata of the social profile will be useful later on to
improve the efficiency of the Blackboard learning process.

Our method is implemented by the SPS system and is
based on the technique of machine learning. Indeed, our work
focuses on a particular type of student nodes (i.e., Ha'il
University students). We believe that the preliminary results
are very encouraging. Indeed, the F-measurement is equal to
0.952.

Note, we have used a small corpus for the evaluation and
as a perspective, we plan to extend our evaluation to a larger
corpus and also to study the effect of other criteria on the
definition of student social profiling.

We also plan to enrich our proposal so that it is able to
follow the evaluation of the student's social profile with a
variety of interests and needs over time. We, therefore,
propose to keep the profile up to date through profile updating
techniques, which, starting from an already relevant and up-to-
date profile, will adjust at each update the interests considered
relevant based on the former interests of the previous period
[16]. It is thus a question of integrating a temporal factor (a
temporal measure in the step of extraction and weighting of
student interests).

We could also consider evaluating the social profiles
constructed within the framework of our proposal in several
LMS, a recommendation system for example the Blackboard.
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