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Résumé  

L'apprentissage en ligne a révolutionné l'éducation en offrant des possibilités d'apprentissage 
accessibles et flexibles. Les apprenants peuvent accéder à diverses ressources et bénéficier 
d'expériences personnalisées, grâce aux avancées technologiques de pointe. Il favorise 
l'apprentissage tout au long de la vie et le développement professionnel, tout en encourageant 
la collaboration et le travail en réseau entre les apprenants. L'apprentissage en ligne s'est avéré 
rentable et résilient en cas de perturbation COVID 19.  
Par conséquent, l'apprentissage en ligne est devenu une partie intégrante de l'éducation 
moderne, offrant des expériences d'apprentissage pratiques, inclusives et engageantes pour les 
apprenants du monde entier. Cependant, les taux d'abandon dans les MOOC restent un défi en 
raison de facteurs tels que le manque de motivation et d'engagement continus, la diminution 
des interactions sociales et les recommandations de contenu impersonnalisées. 
Pour résoudre ces problèmes, notre approche de recherche explore l'intersection des MOOC et 
des médias sociaux en utilisant des approches basées sur l'IA. Nous visons à enrichir 
l'expérience des apprenants au sein des MOOC en tirant parti des techniques d'IA, telles que les 
ontologies, la modélisation des sujets, le traitement du langage naturel (NLP) et les systèmes 
de recommandation. Par conséquent, l'intégration des médias sociaux dans les plateformes de 
MOOC stimulera l'engagement et la personnalisation. Pour mettre en œuvre notre approche, 
nous avons d'abord utilisé l'ontologie comme base d'IA pour le contenu de la base de 
connaissances, afin de développer une ontologie globale et complète qui représente les profils 
sociaux des apprenants. Cette ontologie intègre de nombreuses techniques d'ingénierie telles 
que la cartographie et la fusion d'ontologies pour englober un large éventail d'attributs, y 
compris des informations démographiques, des intérêts, des préférences, des styles 
d'apprentissage, des connexions sociales, etc. Notre objectif principal est de créer une vue 
holistique de chaque apprenant, permettant une expérience d'apprentissage plus adaptée et 
personnalisée. 
Sur la base de l'ontologie précédente, nous proposons un modèle de sujet de cours (CTM) 
utilisant des techniques de modélisation de sujet et de NLP pour identifier et détecter les cours 
d'intérêt des apprenants à partir de leurs interactions spontanées dans les médias sociaux, en 
particulier Twitter. Nous mettons en œuvre de nombreuses méthodes d'apprentissage 
automatique non supervisées telles que l'allocation de Dirichlet latent (LDA), l'analyse 
sémantique latente (LSA) et BERTopic après avoir appliqué un pipeline NLP sur les tweets 
partagés par les apprenants. L'évaluation des modèles révèle que le modèle BERTopic est plus 
performant sur l'ensemble de données mis au rebut et leurs résultats sont utilisés pour générer 
le modèle de sujet de cours.  Dans cette étape, nous obtenons des informations plus 
approfondies sur les préférences des apprenants afin de nous aligner plus étroitement sur leurs 
besoins et aspirations individuels. 
Les résultats des deux contributions (l'ontologie des profils sociaux (SPOnt) et le modèle des 
thèmes de cours (CTM)) pourraient être utilisés pour enrichir le processus de recommandation 
utilisé aujourd'hui dans l'environnement MOOC. 
Mots clés : ontologies, NLP, modélisation thématique, MOOC, médias sociaux, profil social. 
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ABSTRACT  

 
E-learning has revolutionized education by providing accessible and flexible learning 
opportunities. Learners can access diverse resources and benefit from personalized experiences, 
thanks to cutting edges advances in technologies. It promotes lifelong learning and professional 
development, while fostering collaboration and networking among learners. E-learning has 
proved to be cost-effective and resilient during COVID 19 disruption. Therefore, e-learning has 
become an integral part of modern education, offering convenient, inclusive, and engaging 
learning experiences for learners worldwide. 
E-learning, particularly Massive Open Online Courses (MOOCs), offers free access to 
educational content, expanding opportunities for self-directed learning and personal growth. 
However, dropout rates in MOOCs remain a challenge due to factors such as lack of continuous 
motivation and engagement, less social interactions, and impersonalized content 
recommendations. 
To address these issues, our research approach explores the intersection of MOOCs and social 
media using AI-driven approach. We aim to enrich the learners' experience within MOOCs by 
leveraging AI techniques, such as ontology, natural language processing (NLP), topic 
modeling, and recommender systems. Therefore, the integration of social media into MOOC 
platforms will boost engagement and personalization. 
To implement our approach, we first utilized ontology as an AI foundation for knowledge base 
content, to develop a global and comprehensive ontology that represents the learners' social 
profiles. This ontology incorporates many engineering techniques such as ontology mapping 
and merging to encompass a wide range of attributes, including demographic information, 
interests, preferences, learning styles, social connections and etc., gathered from both MOOC 
and social media platforms profiles. Our main purpose is to create a holistic view of each 
learner, enabling a more tailored and personalized learning experience. 
Based on the previous ontology, we propose a Course Topic Model (CTM) using topic 
modeling and NLP techniques to identify and detect learners’ course of interest from their 
spontaneous interaction in social media, in particular Twitter. We implement many 
unsupervised machine learning methods such as Latent Dirichlet Allocation (LDA), Latent 
Semantic Analysis (LSA) and BERTopic after applying NLP pipeline on the tweets shared by 
the learners. The evaluation of the models reveals that BERTopic model performed better on 
the scrapped dataset and their results are used to generate the course topic model.  In this step, 
we gain deeper insights into the learner preferences to align more closely with their individual 
needs and aspirations. 
The output of both contributions (Social profile ontology (SPOnt) and Course Topic Model 
(CTM)) could be used to enrich the recommendation process that is used nowadays in MOOC 
environment. 
Keywords: Ontologies, NLP, Topic Modeling, MOOCs, social media, Social Profile. 
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 صخلملا
 
 رداصم ىلإ لوصولا نیملعتملل نكمی .ةحاتمو ةنرم ملعت صرف ریفوت للاخ نم میلعتلا يف ةروث ينورتكللإا ملعتلا مدقت ربتعی
 ىدم ملعتلا ينورتكللإا ملعتلا ززعی .ایجولونكتلا يف ةثیدحلا تاروطتلا لضفب ،ةصصخم ملعت براجت نم ةدافتسلااو ةعونتم
  للاخ ھتنورمو ھتءافك ينورتكللإا ملعتلا تبثأ .نیملعتملا نیب لصاوتلاو نواعتلا ززعی امنیب ،ينھملا ریوطتلاو ةایحلا

COVID 19 ، نیملعتملل ةلماشو ةحیرم ملعت براجت مدقی ،ثیدحلا میلعتلا نم اًیساسأ اءًزج ينورتكللإا ملعتلا حبصأ ،كلذل 
 .ملاعلا ءاحنأ عیمج يف
 امم ،يمیلعتلا ىوتحملا ىلإ اًیناجم لاًوصو ، MOOCs)(قاحتللاا لئاھ يمیلعتلا قاسملا ةصاخبو ،ينورتكللإا ملعتلا مدقی
 لثم لماوعل ارًظن اًیدحت MOOCs تارود يف عاطقنلاا بسن لظت ،كلذ عمو .يصخشلا ومنلاو يتاذلا ملعتلل صرفلا عسوی
 .ةصصخملا تایصوتلا مادعناو ،يعامتجلاا لعافتلا ةلقو ،طارخنلااو رمتسملا زیفحتلا صقن
 لصاوتلا لئاسوو (MOOCs)  قاحتللاا لئاھ يمیلعتلا قاسملا نیب عطاقتلا انثحب جھن فشكتسی ،تلاكشملا هذھ ةجلاعمل
 يمیلعتلا قاسملا تارود لخاد نیملعتملا ةبرجت ءارثإ ىلإ فدھن .يعانطصلاا ءاكذلا ىلع دمتعی جھن مادختساب يعامتجلاا
 ةجذمنو ، (NLP)ةیعیبطلا ةغللا ةجلاعمو ،ایجولوطنلأا لثم ،يعانطصلاا ءاكذلا تاینقت مادختسا للاخ نم قاحتللاا لئاھ
 ةمخضلا ةحوتفملا تنرتنلاا تارود تاصنم يف يعامتجلاا لصاوتلا لئاسو جمد ززعیس ،كلذل .ةیصوتلا ةمظنأو ،عیضاوملا
 .صیصختلاو طارخنلاا
 ةیملاع ةلماش ایجولوطنأ ریوطتل ،ةفرعملا ةدعاق ىوتحمل يعانطصلاا ءاكذلل ساسأك ایجولوطنلأاً لاوأ انمدختسا ،انجھن ذیفنتل
 اھجمدو ایجولوطنلأا ءانب لثم ةیسدنھلا تاینقتلا نم دیدعلا ایجولوطنلأا هذھ مضت .ةیعامتجلاا نیملعتملا فیرعت تافلم لثمت
 ،ملعتلا بیلاسأو ،تلایضفتلاو ،تامامتھلااو ،ةیفارغومیدلا تامولعملا كلذ يف امب ،تامسلا نم ةعساو ةعومجم لمشتل
 لئاسو قاحتللاا لئاھ يمیلعتلا قاسملا ىلع نیملعتملا فیرعت تافلم نم اھعمج متی يتلا ،كلذ ىلإ امو ةیعامتجلاا تلااصتلااو
 .اصًیصختو اصًیصخت رثكأ ملعت ةبرجت حیتی امم ،ملعتم لكل ةلماش ةیؤر ءاشنإ وھ يسیئرلا انفدھ .يعامتجلاا لصاوتلا
 ةجلاعمو عوضوملا ةجذمن تاینقت مادختساب Topic Modeling  عوضوملا جذومن حرتقن ،ةقباسلا ایجولوطنلأا ىلع ءًانب
 صاخ لكشب ،يعامتجلاا لصاوتلا لئاسو يف يوفعلا مھلعافت نم نیملعتملل مامتھلاا تارود فاشتكاو دیدحتل ةیعیبطلا ةغللا
 BERTopic و (LSA) ينتلالا ىنعملا لیلحتو ،(LDA) لثم ةفرشملا ریغ ةللآا ملعت بیلاسأ نم دیدعلا ذیفنتب موقن .رتیوت
 BERTopic جذومن نأ جذامنلا مییقت رھظُت .نیملعتملا لبق نم ةكراشملا تادیرغتلا ىلع ةیعیبطلا ةغللا ةجلاعم قیبطت دعب
 لصحن ،ةوطخلا هذھ يف .عوضوم جذومن ءاشنلإ اھجئاتن مادختسا متیو ةجرختسملا تانایبلا ةعومجم ىلع لضفأ لكشب لمعی

 .ةیدرفلا مھتاعلطتو مھتاجایتحا عم رثكأ ةمءاومل نیملعتملا تلایضفت يف قمعأ ىؤر ىلع
 ةرودلا عوضوم جذومنو (SPOnt) ةیعامتجلاا ةیصخشلا فیرعت تافلم ایجولوطنأ تامھاسملا نم لك جئاتن مادختسا نكمی

(CTM)) ةمخضلا ةحوتفملا تنرتنلاا تارود ةئیب يف اًیلاح مدختست يتلا ةیصوتلا ةیلمع ءارثلإ. 
 
 لصاوتلا لئاسو ،  قاحتللاا لئاھ يمیلعتلا قاسملا عیضاوملا ةجذمن ،ةیعیبطلا ةغللا ةجلاعم ،تایجولوطنلأا :ةیسیئرلا تاملكلا
 .يعامتجلاا يصخشلا فلملا ،يعامتجلاا
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RESUME DETAILLE 
1. Introduction: 

L'apprentissage en ligne est un sujet de discussion depuis les années 1990, mais son évolution 
a attiré une attention considérable, en particulier pendant la pandémie de COVID 19, où le 
passage à l'apprentissage en ligne est maintenant nécessaire (Martin et al. 2022). 
L'apprentissage en ligne est défini comme ''l'acquisition de connaissances par le biais de 
technologies et de médias électroniques (Kim and Park 2021) (Milićević et al. 2021)'' dans le 
but de fournir des ressources d'apprentissage plus largement accessibles, libérées des 
contraintes d'espace, de temps et de distance, aux apprenants du monde entier (Al-Fraihat, Joy, 
and Sinclair 2020) (Cidral et al. 2018). Cela a fait de l'apprentissage en ligne l'un des secteurs 
les plus appréciés de l'économie mondiale et l'une des approches éducatives les plus utilisées 
au 21e siècle (Sarwari et al. 2022). 
En tant qu'outil d'apprentissage en ligne très efficace, adaptable et à la pointe de la technologie, 
les MOOC ont attiré l'attention. Leurs avantages remarquables en termes d'ouverture, d'accès 
illimité au matériel, de partage des programmes et de faible coût ont contribué à leur croissance 
rapide. Ils ont excellé dans les disciplines liées aux sciences humaines, à la gestion d'entreprise, 
à la santé et aux sciences, augmentant les inscriptions dans le monde entier et l'engagement des 
apprenants via des portails web dédiés, quel que soit leur lieu de résidence. Ils se sont révélés 
être un outil d'enseignement et d'apprentissage efficace et une alternative aux techniques 
conventionnelles d'apprentissage en face à face. Les faibles taux d'achèvement des cours et les 
taux élevés d'abandon ont toutefois un impact significatif sur la persévérance des participants 
aux MOOC. 
De nombreux facteurs influencent les décisions des apprenants à tous les stades de l'acceptation 
des MOOC, notamment le sentiment d'isolement et le manque d'interaction, le manque de 
motivation permanente, les caractéristiques de l'apprenant, les caractéristiques des MOOC et 
l'expérience de l'apprenant (Badali et al. 2022) (Gupta and Maurya 2022). 
D'autre part, les médias sociaux sont de plus en plus utilisés en raison de leur large diffusion 
(Facebook, Twitter, YouTube, Instagram, TikTok, etc.). ). La connectivité, l'interactivité et le 
contenu généré par les utilisateurs sont les caractéristiques qui les définissent. En outre, les 
médias sociaux ont un impact significatif sur le partage d'informations par le biais d'une 
communication interactive qui reflète les pensées, les sentiments et les actions des utilisateurs. 
Par conséquent, l'utilisation des médias sociaux et leurs effets sur la socialisation constituent 
une source fiable pour recueillir et analyser les préférences et les intérêts des utilisateurs. 
Dans ce contexte, l'apprentissage en ligne soutenu par les médias sociaux peut renforcer 
l'engagement et la coopération en réunissant des personnes ayant des objectifs et des intérêts 
similaires, en encourageant la participation active, en augmentant la variété et l'accessibilité de 
l'apprentissage, et en unifiant et partageant le contenu (Mak, Poon, and Chiu 2022). Par 
conséquent, l'inclusion d'informations sur les médias sociaux et l'intégration de leurs 
caractéristiques dans les processus d'enseignement et d'apprentissage des MOOC peuvent avoir 
un impact positif sur les apprenants. Selon (Salloum et al. 2021), les médias sociaux ont 
modernisé l'apprentissage en ligne en introduisant de nouvelles fonctionnalités telles que la 
réaction, le commentaire, la motivation ou la création de groupes. Ils ont un impact bénéfique 
majeur sur l'utilité perçue et la facilité d'utilisation perçue des environnements d'apprentissage 
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en ligne (Troussas, Krouska, and Sgouropoulou 2021). Offrir aux apprenants un apprentissage 
en ligne social qui répond à leurs intérêts et à leurs préférences peut ainsi renforcer leur rôle 
dans la sociabilité, le sentiment d'appartenance à une communauté et la satisfaction à l'égard du 
cours, et donc encourager l'engagement (Yılmaz and Yılmaz 2022). 
Les MOOC ont gagné en popularité depuis 2008 dans le domaine de l'enseignement en ligne. 
Les universités et les établissements d'enseignement supérieur proposent des cours en ligne 
flexibles et de qualité qui peuvent être suivis par des apprenants ayant des besoins et des 
préférences d'apprentissage variés. Sans restriction concernant la taille des classes, les 
compétences nécessaires ou les conditions d'inscription, les MOOC permettent aux apprenants 
de s'engager dans des communautés en ligne ouvertes et publiques. Ils sont souvent gratuits, 
sauf lorsqu'un certificat d'achèvement est délivré (Jin 2021; Goopio and Cheung 2021). 
Pendant la pandémie de COVID 19, les MOOC ont fait l'objet d'une attention accrue et sont 
désormais considérés comme une méthode d'apprentissage très efficace et adaptable. 
Récemment, plus de 2,8 000 cours ont été ajoutés et 16,3 000 MOOC ont été annoncés ou lancés 
par environ 950 universités dans le monde, ce qui démontre la forte demande de MOOC (Er-
Rafyg et al., n.d.). Selon les données rendues publiques par Class Central, les inscriptions aux 
MOOC ont augmenté d'un tiers, atteignant 180 millions d'apprenants dans le monde (à 
l'exclusion de la Chine). Les principaux fournisseurs de MOOC, Coursera, edX, Udacity et 
FutureLearn, ont lancé plus de 360 micro-crédits et 19 diplômes en ligne en 2020. Nombre 
d'entre eux ont proposé des certificats complémentaires. 
Cependant, plusieurs problèmes rencontrés par les MOOC ont été mis en évidence, notamment 
les taux élevés d'abandon et les faibles taux de rétention qui se produisent dans les premières 
étapes de l'apprentissage (Chen et al. 2019). L'abandon dans les MOOC se produit lorsque les 
apprenants ne parviennent pas à terminer le cours (Dass, Gary, and Cunningham 2021). Selon 
(Badali et al. 2022), environ 90 % des apprenants inscrits abandonnent avant la fin du cours, et 
le taux de rétention pour les MOOC se situe entre 3 et 15 %.  
Plusieurs facteurs, dont le manque de motivation et d'engagement continus, la diminution de 
l'interaction, les caractéristiques de l'apprenant, les caractéristiques du MOOC et l'expérience 
de l'apprenant, ont un impact sur les décisions prises par les apprenants à tous les stades de 
l'acceptation du MOOC (Badali et al. 2022) (Gupta and Maurya 2022) (Panagiotakopoulos et 
al. 2021) (Ji, Park, and Shin 2022). 
Nous nous concentrons sur les caractéristiques et la situation sociale de l'apprenant, car la 
décision d'abandonner dépend davantage du niveau d'intégration sociale et intellectuelle, 
comme l'expliquent (Lee and Choi 2011). Selon l'auteur, la probabilité qu'un apprenant 
abandonne ses études augmente s'il a du mal à s'intégrer dans la communauté sociale ou à 
adhérer aux normes académiques de l'établissement d'enseignement supérieur. Dans le même 
ordre d'idées, d'autres auteurs ont souligné l'importance des caractéristiques sociales telles que 
la présence sociale et l'engagement pour influencer les intentions des apprenants de terminer 
leurs cours (Rosé et al. 2014); (Yang, Wen, and Rose 2014); (Zheng et al. 2015) ;(Wang et al. 
2019); (Zhang et al. 2016). D'autres (Gütl et al. 2014); (Khalil and Ebner 2014); (Shapiro et al. 
2017) ont attribué le taux d'abandon élevé dans les MOOC à certaines caractéristiques 
personnelles ou au manque de motivation (Xiong et al. 2015); (Khalil and Ebner 2014). 
L'engagement et la satisfaction de l'apprenant sont des facteurs essentiels pour refléter 
l'efficacité des MOOC et sont tous deux considérés comme des moteurs cruciaux de la réussite 
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de l'apprentissage (Han, Geng, and Wang 2021) (Alqurashi 2016). Selon (Crane and Comley 
2021), l'apprentissage social a démontré qu'il permettait d'accroître la satisfaction des 
apprenants en réduisant le sentiment d'isolement et le manque d'interactions interpersonnelles. 
Dans (Liu et al. 2022), les auteurs révèlent que l'engagement et la satisfaction des apprenants 
sont améliorés lorsque les apprenants ont à la fois une motivation intrinsèque (intérêt) et une 
motivation extrinsèque (valeur perçue des connaissances). 
L'apprentissage social en ligne fait référence au développement de plateformes d'apprentissage 
en ligne dotées de fonctions de médias sociaux ou de sites de médias sociaux utilisés à des fins 
éducatives (Troussas, Krouska, and Sgouropoulou 2021). L'utilisation des médias sociaux dans 
l'apprentissage en ligne permet à l'apprentissage de se dérouler sans être limité par des lieux 
physiques et de diverses manières créatives, y compris l'interaction sociale, les collaborations 
en ligne, l'interface multimédia personnalisée et conviviale qui offre un niveau élevé de 
participation, ainsi que la coopération et le contact entre les utilisateurs (Krouska, Troussas, and 
Virvou 2019) (Hajli et al. 2013). En outre, les médias sociaux peuvent grandement améliorer 
l'engagement des apprenants dans le processus d'apprentissage en favorisant l'interaction entre 
les apprenants et les enseignants, le retour d'information sur les supports de cours sous forme 
de likes et de commentaires, la motivation des apprenants sous forme de notifications, la 
formation de groupes d'apprenants cohésifs pour les tâches collaboratives, entre autres choses 
(Alalwan et al. 2019). Des études ont montré que les médias sociaux offrent des opportunités 
avantageuses pour l'enseignement et l'apprentissage à la lumière des approches constructivistes 
promues. Cela signifie que l'apprentissage se produit lorsque les apprenants contribuent 
activement au processus de construction des connaissances plutôt que de se contenter d'absorber 
des informations (Gray 1997). Ainsi, les médias sociaux ont été mis en évidence comme ayant 
la capacité de stimuler la mise en réseau et l'engagement entre les enseignants et les apprenants 
(Greenhow and Askari 2017) et sont considérés comme un puissant moteur de changement pour 
les pratiques d'apprentissage, en termes d'ouverture, d'interactivité et de sociabilité (Manca and 
Ranieri 2016).  
Après avoir examiné les facteurs d'abandon dans les MOOC à l'aide de la littérature et souligné 
le potentiel de l'utilisation des informations des médias sociaux et de leurs caractéristiques pour 
promouvoir l'engagement et la satisfaction de l'apprenant, nous visons à résoudre le problème 
de l'abandon en faisant coopérer les informations des deux environnements (MOOC et médias 
sociaux). L'objectif de notre thèse est d'exploiter les informations et l'implication personnelle 
de l'apprenant dans les médias sociaux dans le but d'enrichir et de personnaliser son profil dans 
les MOOC. Comme nous le savons, les apprenants des MOOC ont des comportements 
d'apprentissage, des habitudes d'apprentissage et des temps d'apprentissage très différents, ce 
qui conduit à des profils d'apprenants et des besoins d'apprentissage différents. 

 

 

2. Contributions de la thèse:  

Notre travail met en évidence le potentiel des ontologies et du NLP pour améliorer l'expérience 
d'apprentissage en ligne et pour répondre aux besoins et aux préférences des profils individuels 
des apprenants. Plus précisément, nous avons mis en œuvre des ontologies pour créer le profil 
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social de l'apprenant et un algorithme de modélisation des sujets pour détecter les cours d'intérêt 
des apprenants à partir de leur contenu généré sur les médias sociaux (tweets). 
Pour être plus précis, notre approche a fait l'objet de plusieurs étapes de validation, comme suit: 
Premièrement, nous avons étudié les défis qui entourent les MOOC et les facteurs à l'origine 
de l'abandon, nous avons découvert qu‘au moins d'interaction et de sociabilité, le manque 
d'engagement continu et de motivation et les caractéristiques des apprenants sont quelques-unes 
des raisons qui ont contribué à l'arrêt du processus d'apprentissage.  
Deuxièmement, afin de refléter l'utilité des médias sociaux dans l'apprentissage en ligne, nous 
avons utilisé un cadre d'analyse appelé analyse SWOT, pour examiner les facteurs internes et 
externes, ainsi que le potentiel actuel et futur des MOOC et des médias sociaux. Les résultats 
de cette analyse ont montré que les deux environnements pouvaient avoir des fonctions 
complémentaires (Zankadi et al. 2018). 
Troisièmement, nous nous sommes concentrés sur les caractéristiques et les interactions des 
apprenants dans les MOOC et les médias sociaux. Nous avons d'abord interrogé les éléments 
qui constituent un profil d'apprenant, pour mieux comprendre et mettre en évidence les 
caractéristiques et les besoins de l'apprenant dans les MOOC et les médias sociaux (Zankadi et 
al.2018). Ensuite, nous avons utilisé l'ontologie pour créer le profil social de l'apprenant 
(Zankadi et al. 2022).  
Les ontologies fournissent une description formelle des définitions des classes conceptuelles et 
de leurs relations qui va au-delà des listes, des thésaurus et des taxonomies. Par formel, nous 
entendons que les définitions sont fondées sur un cadre logique (Harrow et al. 2019). Les 
ontologies sont utilisées comme méthode d'encodage de la sémantique d'un domaine de 
connaissance humaine sous une forme lisible par une machine. 
L'ontologie a été décrite pour la première fois par Gruber comme une "spécification explicite 
d'une conceptualisation" en 1993, (Staab et Studer 2009). Dans ce contexte et selon (Al-Yahya, 
George et Alfaries 2015): 

§ Une conceptualisation est une représentation abstraite d'une certaine partie du monde 
qui prend la forme d'une définition des caractéristiques des termes clés. 

§ Une spécification explicite signifie que le modèle doit donner un sens au vocabulaire 
tout en le rendant exploitable par les machines et les humains. 

Le processus de génération de l'ontologie globale qui représente notre profil social s'est déroulé 
en trois grandes étapes: 
Étape 1: Processus de création d'ontologies locales en utilisant la méthode 
METHONTOLOGY 
La METHONTOLOGIE, l'une des méthodologies les plus connues et les plus complètes pour 
le développement d'ontologies, sert de base à l'approche méthodologique utilisée pour 
construire, mettre en œuvre et représenter l'ontologie dans notre travail. La 
METHONTOLOGIE est une approche bien structurée qui consiste en un certain nombre 
d'activités, de techniques pour réaliser chaque activité et de produits livrables à créer après la 
réalisation des activités à l'aide des techniques (Fernández-López, Gómez-Pérez, and Juristo 
1997).  Parmi les tâches réalisées au cours de cette phase de construction des ontologies locales: 

1. Spécification de l'ontologie: 
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§ Objectif: élaborer un document de spécification des exigences relatives à l'ontologie 
(ORSD). Il décrit l'objectif principal, la fonction, le niveau de granularité et la portée de 
l'ontologie. 

§ Domaine: MOOCs et médias sociaux. 
§ Objectif : Construire un profil formel d'apprenant social intégrant des informations sur 

les MOOC et les médias sociaux. 
§ Portée: Concepts incluant les intérêts de l'apprenant, ses préférences, son comportement, 

ses styles d'apprentissage, etc. 
§ Exigences : Dérivé des défis d'apprentissage de la vie réelle. 

 
2. Acquisition de connaissances : 
§ Objectif : recueillir les connaissances du domaine pour la création d'une ontologie. 
§ Approche de l'analyse documentaire pour la modélisation d'ontologies dans les MOOC 

et l'étude des profils d'utilisateurs dans les médias sociaux. 
§ Connaissances tirées de livres, d'articles, de normes et d'ontologies existantes. 
§ Définition des concepts, des relations et des propriétés pour les classes primaires de 

l'ontologie. 
 

3. Conceptualisation : 
§ Objectif: organiser les connaissances du domaine dans un modèle conceptuel. 
§ Les tâches comprennent la création d'un glossaire de termes, de taxonomies de concepts, 

de relations binaires ad hoc, d'un dictionnaire de concepts, etc. 
§ Utilisation de relations taxonomiques telles que Subclass Of, Disjoint-Decomposition, 

Exhaustive-Decomposition et Partition. 
§ Les diagrammes de relations binaires ad hoc et les dictionnaires de concepts détaillés 

aident à structurer les connaissances. 
 

4. Intégration: 
§ Identification des termes d'autres ontologies à inclure. 
§ Identification de nos attributs personnalisés à inclure dans l'ontologie de profil social. 
§ Utilisation de normes telles que FOAF, IMS LIP, la taxonomie de Felder pour 

l'ontologie MOOC. 
§ SIOC et l'ontologie Emoji pour les profils d'utilisateurs des médias sociaux. 
5. Mise en œuvre: 
§ Utilisation de Protégé v5 pour la formalisation de l'ontologie. 
§ Mise en œuvre d'ontologies distinctes pour les profils d'apprenants dans les MOOC et 

les médias sociaux. 
6. Évaluation: 
§ Évaluation basée sur des critères : Clarté, cohérence, concision, exactitude. 
§ La contribution d'experts et l'examen fondé sur des critères ont permis d'améliorer 

l'ontologie. 
§ Prise en compte des commentaires sur la clarté, la cohérence, la concision et l'exactitude 

de l'ontologie. 
Étape 2: Processus de mise en correspondance des ontologies à l'aide de COMA 3.0 
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Étant donné deux ontologies A et B, la mise en correspondance d'une ontologie avec une autre 
signifie que pour chaque concept (nœud) dans l'ontologie A, nous essayons de trouver un 
concept (nœud) correspondant, qui a la même sémantique ou une sémantique similaire, dans 
l'ontologie B et vice versa" (Ehrig and Sure 2004). 
L'outil d'algorithme d'appariement COMA 3.0 met en œuvre une approche itérative basée sur 
une variété d'algorithmes d'appariement (matchers) pour la mise en correspondance 
d'ontologies (Li et al. 2016). Nous avons utilisé trois algorithmes d'appariement individuels : 
"AllContextW", "NodesPathW" et "NodesNamesW". Des mesures d'évaluation telles que 
Recall, Precision et F-measure ont été utilisées pour évaluer la qualité de l'apparieur. Sur la base 
de l'évaluation, l'outil de mise en correspondance "NodesPathW" a été choisi pour la mise en 
correspondance d'ontologies en raison de sa précision supérieure. 
Étape 3: Fusion d'ontologies à l'aide de COMA 3.0 
La fusion d'ontologies est un processus qui consiste à combiner deux ou plusieurs ontologies 
en une seule. Par conséquent, l'ontologie résultante stocke les connaissances de toutes les 
ontologies fusionnées. La fusion utilise souvent un ensemble d'alignements pour créer des 
interconnexions profondes entre les ontologies et, à la fin, les fusionner en une seule.  
Nous avons également utilisé COMA 3.0 pour le processus de fusion. Nous testons les 
différentes combinaisons basées sur les résultats des correspondances afin d'obtenir le meilleur 
résultat de fusion. Sur la base de l'évaluation des outils d'appariement, nous avons fusionné les 
résultats de l'outil d'appariement "NodesPathW" et de l'outil d'appariement "NodesNameW".  
Le processus de fusion des ontologies combine les ontologies mises en correspondance pour 
créer l'ontologie globale (SPOnt), qui représente le profil social intégré de l'apprenant. Cette 
ontologie peut servir d'outil pour offrir des possibilités d'apprentissage personnalisées aux 
apprenants en identifiant leurs préférences et leurs intérêts et en les guidant vers les cours et les 
ressources appropriés. 
Quatrièmement, sur la base de l'ontologie des profils sociaux, nous nous sommes concentrés 
sur la classe "Intérêt" comme étant une partie importante d'un profil d'apprenant. Dans le 
contexte des MOOC, les intérêts jouent un rôle essentiel dans le processus d'apprentissage, ils 
constituent un processus de motivation puissant qui dynamise l'apprentissage et guide les 
trajectoires académiques et professionnelles (McIntyre, Gundlach, et Graziano 2021) 
(Harackiewicz, Smith, et Priniski 2016). Les apprenants sont motivés pour investir du temps et 
des efforts dans les cours qui les intéressent. Ainsi, l'enrichissement de l'intérêt des apprenants 
permettra une meilleure découverte des sujets de cours qui correspondent le mieux à leurs 
préférences, ce qui aura un impact sur leur satisfaction et donc sur leur interaction au sein des 
MOOC.   
Les MOOC recommandent déjà des cours qui répondent aux intérêts des apprenants en fonction 
de leur participation.  Cependant, ces mêmes apprenants sont plus interactifs dans les médias 
sociaux grâce au contenu qu'ils génèrent et qui contient des informations cachées sur leurs 
intérêts et préférences "réels". Étant donné que générer l'intérêt de l'utilisateur est une tâche 
difficile, l'utilisation de techniques de modélisation des sujets est utile pour découvrir les 
principales informations thématiques liées à l'utilisateur (Bai et al. 2021). 
Nous proposons un modèle de sujet de cours (CTM) basé sur le traitement du langage naturel 
(NLP) et des techniques de modélisation de sujet pour identifier et détecter le cours d'intérêt 
des apprenants sur la base de leur interaction spontanée dans les médias sociaux, en particulier 
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Twitter. Le CTM généré contient le sujet d'intérêt le plus probable pour chaque apprenant 
(Zankadi, Idrissi, et al. 2022). 
L'approche proposée comporte plusieurs étapes séquentielles pour la génération de sujets. Ces 
étapes comprennent la préparation des données, le prétraitement des données et l'extraction des 
caractéristiques. Trois méthodes de modélisation des sujets - LDA, LSA et BERTopic - sont 
entraînées et la performance du modèle est évaluée à l'aide du score de cohérence des sujets, du 
score de diversité des sujets et du jugement humain : 
Étape 1: Collecte et prétraitement des données 

1. Collecte des données: 
§ Tweets collectés par web scraping à l'aide des clés API de Twitter et de Netlytic. 
§ Filtres appliqués pour la langue anglaise et les mots-clés "Computer science" et 

"Artificial intelligence". 
§ Ensemble de données: 120 000 tweets de 12 187 apprenants avec métadonnées.  
2. Prétraitement des données: 
§ Les doublons et les utilisateurs de chatbot ont été supprimés à l'aide de la reconnaissance 

des chaînes de caractères. 
§ Tweets nettoyés en supprimant les liens, les chiffres, les emojis et la ponctuation. 
§ Bibliothèque tweet-preprocessor utilisée pour les étapes de prétraitement (URL, 

Mentions, Emojis, Nombres, Hashtags, espaces blancs et ponctuation). 
 
Étape 2: Tâches NLP  

1. Tokenisation:  
Les phrases sont divisées en mots, en minuscules, les mots courts sont ignorés et les accents de 
lettres sont supprimés. 

2. Suppression des mots vides:  
Suppression des mots vides ne contenant pas de contenu ; la liste est complétée par les mots à 
haute fréquence. 

3. Mise en œuvre de N-grammes:  
Les bi-grammes et les tri-grammes sont implémentés à l'aide du modèle Gensim Phraser. 

4.  POS/Speech of Tag Selection:  
Marquage des parties du discours à l'aide de la bibliothèque Gensim ; conservation des noms, 
des adjectifs, des verbes et des adverbes. 

5.  Lemmatisation:  
Les terminaisons flexionnelles sont supprimées et la forme de base des mots est conservée. 

6.  Extraction des caractéristiques du texte:  
§ Bag of Words (BoW) et TF-IDF appliqués pour créer des corpus. 
§ Filtrage des mots à haute fréquence, création d'un dictionnaire et génération de corpus 

BOW et TFIDF. 
Étape 3: Paramètres et formation du modèle 

1. Formation LDA et LSI: 
§ Choix du nombre de sujets latents ; recherche du nombre optimal sur une grille. 
§ A priori de Dirichlet réglés sur "Auto". 
2. Formation BERTopic: 
§ Transformateur Countvectorizer utilisé pour le prétraitement. 
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§ BERTweet utilisé comme modèle de transformateur de phrases. 
 
Étape 4: Évaluation et présentation des sujets 
1. Évaluation des sujets: 
Le score de cohérence, le score RBO (Inverted Rank-Biased Overlap) et le jugement humain 
sont utilisés pour comparer les modèles. 
2.  Représentation des thèmes à l'aide d'un nuage de mots: 

§ Visualisation du nuage de mots pour représenter les sujets. 
§ Étiquetage manuel des sujets pour les modèles LDA et BERTopic. 

 
Conclusion: 
Cette thèse explore l'intersection des MOOC et des médias sociaux en utilisant des approches 
basées sur l'IA. Notre recherche applique les ontologies et le NLP pour améliorer l'expérience 
d'apprentissage en ligne afin de répondre aux besoins et aux préférences des profils individuels 
des apprenants. Plus précisément, nous avons mis en œuvre une ontologie de profil d'apprenant 
social afin de créer une vue plus complète de l'apprenant. 
Notre objectif est d'intégrer des informations provenant de différentes sources (MOOC et 
médias sociaux) et de les combiner pour obtenir une compréhension plus complète des intérêts, 
des capacités et des besoins de chaque apprenant.   
À cette fin, nous avons créé deux ontologies locales pour représenter le profil de l'apprenant 
dans le MOOC et le profil de l'utilisateur dans les médias sociaux. Sur la base de normes et 
d'ontologies bien connues telles que IMS LIP, FOAF, l'ontologie des organisations, l'ontologie 
SIOC, etc., nous avons proposé nos propres attributs pour créer un profil plus personnalisé. 
Ensuite, nous nous appuyons sur des techniques d'ingénierie ontologique telles que le mappage 
et la fusion d'ontologies pour mettre en œuvre notre ontologie de profil social. 
En utilisant l'ontologie précédente, nous nous sommes concentrés sur la composante "Intérêt", 
pour détecter les sujets d'intérêt potentiels des apprenants à partir de leur contenu sur les médias 
sociaux (tweets). Nous avons mis en œuvre un pipeline NLP et appliqué des algorithmes de 
modélisation thématique tels que LDA, LSA et BERTopic sur les tweets. Cela pourrait fournir 
des informations sur les ressources éducatives qui correspondent mieux au profil de l'apprenant. 
Notre thèse est un travail en cours qui a donné des résultats prometteurs, y compris notre 
engagement à partager l'ontologie avec la communauté, à assurer sa "réutilisabilité" et à fournir 
une documentation complète pour l'accessibilité.  
En conséquence, il est intéressant de poursuivre certaines perspectives comme suit: 

§ Garantir une éducation inclusive et des possibilités d'apprentissage tout au long de la 
vie en tenant compte d'une plus grande personnalisation du profil des apprenants ayant 
des besoins particuliers, tels que les personnes souffrant d'une déficience auditive ou 
visuelle et les personnes souffrant d'un trouble du déficit de l'attention/hyperactivité 
(TDAH) et d'un trouble du spectre autistique (TSA). 

§ Utilisation d'une plateforme MOOC réelle, telle que EDX ou Coursera, pour améliorer 
leur système de recommandation avec les résultats de notre approche, afin de quantifier 
son impact sur le taux d'abandon, l'engagement des apprenants et l'achèvement des 
cours. 
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§ Explorer les différences de comportement vis-à-vis des pratiques d'apprentissage, 
concernant les différentes générations telles que les baby-boomers, la génération X, les 
milléniaux, la génération Z et la génération Alpha. La découverte de ces différenciations 
particulières pourrait enrichir et étendre le profil personnalisé proposé par notre 
approche afin de mieux répondre à leurs attentes. 

§ En outre, la révolution actuelle alimentée par de grands modèles linguistiques tels que 
GPT-3.5 pourrait améliorer l'assistance à l'apprenant et favoriser une expérience 
d'apprentissage plus interactive et dynamique. Celle-ci pourrait être enrichie par 
l'intégration de ChatGPT dans les plateformes MOOC, afin d'engager des conversations 
personnalisées basées sur le profil social fourni par notre approche. Par conséquent, 
notre approche renforcera ses capacités de traitement du langage naturel, ce qui 
permettra d'apporter des réponses plus personnalisées et contextuelles aux apprenants 
des MOOC. 

§ Enfin, le potentiel de l'incorporation de la réalité virtuelle (RV) combinée à notre 
approche pourrait être étudié pour améliorer l'engagement de l'apprenant et la rétention 
des connaissance. 
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E-learning is a topic of discussion since 1990s but its evolution has attracted considerable 
attention especially during the COVID 19 pandemic, where switching to online learning is now 
required. E-learning is defined as ‘‘The acquisition of knowledge through electronic 
technologies and media (S.-H. Kim and Park 2021) (Milićević et al. 2021)’’ in an effort to 
provide learning resources that are more widely accessible, free from the constraints of space, 
time, and distance, to learners all over the world. This has made e-learning one of the most well-
liked sectors of the global economy and one of the most widely used educational approaches in 
the 21st century. 
Being a highly efficient, adaptable, and cutting-edge e-learning tool, MOOCs have attracted 
attention. Their remarkable benefits of openness, limitless access to materials, curriculum 
sharing, and low cost have contributed to their rapid growth. They excelled in disciplines related 
to the humanities, business management, health, and sciences, which increase enrollments 
worldwide and learners' engagement via dedicated web portals, irrespective of location. They 
have shown to be an effective teaching and learning tool and an alternative to conventional 
face-to-face learning techniques. Low course completion rates and high dropout rates, however, 
have a significant impact on MOOC participants' perseverance. 
Many factors influence the learners’ decisions in all stages of MOOCs acceptance, including 
feeling of isolation and less interaction, lack of continuous motivation, learner characteristics, 
MOOCs features and learner experience. 
On the other hand, there is a rising reliance on social media due to its broad use (e.g., Facebook, 
Twitter, YouTube, Instagram, TikTok, etc.). Its connectivity, interactivity, and user-generated 
content are its defining features. Furthermore, social media has a significant impact on 
information sharing through interactive communication that reflects users' thoughts, 
sentiments, and actions. As a result, the use of social media and its effects on socializing provide 
a reliable source for gathering and analyzing users' preferences and interests. 
In this context, social media-supported e-learning can enhance engagement and cooperation by 
bringing people together who have similar goals and interests, promoting active participation, 
increasing the variety and accessibility of learning, and unifying and sharing content. Therefore, 
including social media information and incorporating its features into the teaching and learning 
processes in MOOCs can have a positive impact on the learners. According to (Salloum, Al-
Emran, et al. 2021), social media aspects have modernized e-learning by introducing new 
functionalities like reacting, commenting, motivating, or group creation, they have a major 
beneficial impact on perceived usefulness and perceived ease of use of e-learning environments. 
Giving learners social e-learning that supports their interests and preferences can thereby boost 
their role in sociability, feeling of community, and course satisfaction and thereby encourage 
engagement. 
The main objective of our thesis is to contribute to the field of e-learning by gaining a deeper 
understanding of learners needs and their learning requirements. We aim to provide learners 
with a more personalized and individualized learning experience within MOOC by enriching 
his profile using his information from social media profile.  Each learner is different from other 
in term of interests, preferences, learning styles, etc. So, building and implementing a social 
profile that captures the knowledge about the learners will lead to a personalized learning 
content that meets each learner requirements and therefore impact their engagement and 
interaction inside MOOCs. Our approach is based on leveraging social media for social and 
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personalized MOOCs through learner profiling and course interest detection using ontologies 
and NLP methods such as topic modeling algorithms. 
Thesis contribution:  
The main aim of our thesis is to better enhance and personalize the learner experience within 
MOOC by enriching his profile using his information from social media profile. Our research 
approach explores the intersection of MOOCs and social media using AI-driven tools.   
Our work highlights the potential of ontologies and NLP to improve the e-learning experience 
and to meet the needs and preferences of individual learners’ profiles. Specifically, we have 
implemented ontologies to create the social learner profile and a topic modeling algorithm to 
detect learners' course of interest from their generated content on social media (tweets). 
To be more specific, our approach encountered several validation steps as the following:  
First, we investigated the challenges that surround MOOCs and the factors behind the drop-out, 
we found out that: less interaction and sociability, lack of continuous engagement and 
motivation and learners’ characteristics are some of the reasons that contributed to stopping the 
learning process.  
Second, in order to reflect the usefulness of social media in e-learning, we used an analysis 
framework called SWOT analysis, to examine the internal and external factors, as well as 
current and future potential of both MOOCs and social media. The output of this analysis 
showed that both environments could have complementary functions (Zankadi et al. 2018). 
Third, we focused on learners ‘characteristics and learners ‘interaction inside MOOC and social 
media. We interrogated first the elements that constitutes a user profile, to better understand 
and highlight both the characteristics and the requirement of the learner inside MOOCs and 
social media (Zankadi et al.2018). Then, we used ontology  to create the learner social profile 
(Zankadi, Hilal, et al. 2022). The process of generating the global ontology that represents our 
social profile went through 3 major steps:  

§ Creating two local ontologies: Local ontology 1 that represents the profile of the learner 
within MOOC including learning style, preferences and other personal information and 
Local ontology 2 that represents the user profile in social media and which include 
interests, preferences, posts, etc.; 

§ Ontology mapping: we mapped the two local ontologies; 
§ Ontology merging: to merge the mapped ontology  

 
Forth, based on the social profile ontology, we focused more on the ‘Interest’ class as being an 
important part of a user profile. We identified and detected the course of interest of learners 
from their generated content in social media (Twitter), by applying topic modeling and NLP 
techniques on the textual feature. We implemented many unsupervised machine learning 
methods such as Latent Dirichlet Allocation (LDA), Latent Semantic Analysis (LSA) and 
BERTopic after applying NLP pipeline on the tweets shared by the learners. The evaluation of 
the models reveals that BERTopic model performed better on the scrapped dataset and their 
results are used to generate the course topic model. The extracted topics represents the potential 
course of interest of the learners (Zankadi, Idrissi, et al. 2022).  
The thesis structure: 
The thesis is organized into five chapters. It is structured as follows.  
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Chapter 1 highlights the social e-learning and learner profiling background. It points out the 
different definitions, concepts and techniques used during the implementation of the ontology-
based social profile. 
Chapter 2 presents an overview of the literature review related to the use of social media for e-
learning, the different works that highlighted the learner profiling as well as works that focused 
on using topic modeling within e-learning platforms.  
Chapter 3 outlines our proposed contribution related to the implementation of the ontology-
based social profile. It presents the methodology adopted for the implementation of the 
ontology, as well as the different techniques used to create the social profile ontology. 
Chapter 4 introduces our course topic model to identify and extract the topical interest from the 
text content shared by learners on social media to enrich their course preferences in MOOCs. 
We apply NLP pipeline and topic modeling techniques to the textual feature using three well-
known topic models: Latent Dirichlet Allocation, Latent Semantic Analysis, and BERTopic. 
Chapter 5 presents an overview of the application of recommender systems in e-learning. We 
point out as well the different works that highlight the use of recommender systems in e-
learning using literature review.  
Finally, the thesis is concluded by summarizing the major outcomes of this thesis, the list of 
our publications and perspectives that can be explored and points to the directions in which this 
research can be continued.
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Introduction: 
In this chapter, we delve into the evolution of e-learning, exploring the shift from its early stages 
to modern prominence. Tracing the trajectory from early Computer-Based Training (CBT) 
experiments to the contemporary dominance of Massive Open Online Courses (MOOCs), we 
examined not only technological advancements but also the changing paradigms of teaching 
and learning. Central to this evolution is Bandura's social learning theory, which posits that 
learning occurs in a social context through observation and modeling. This theory provides a 
foundation for understanding how learners internalize and interpret observed behaviors. 
The discussion expanded to the realm of social e-learning environments, emphasizing the 
significance of knowledge sharing in social and cultural contexts. Social media, particularly in 
the context of e-learning, emerged as a positive influencer, fostering engagement, interaction, 
and improved self-efficacy among learners. Learners actively participate through various forms 
of digital interaction, contributing to a rich learning experience. 
The latter part of the chapter focused on user profile modeling, elucidating the concept of user 
profiles and their role in understanding learners' cognitive skills, preferences, and behavior. 
User profiling involves diverse techniques, including the overlay model, stereotype model, 
vector representation, and fuzzy logic modeling. Furthermore, the chapter introduced ontology-
based user profiling, highlighting the use of ontologies to represent user interests and enhance 
personalized learning experiences. 

1. Evolution of the concept E-learning:  
 

1.1. E-learning evolution: 

The definition of e-learning has evolved throughout time. Table 1 presents the different 
definitions attributed to the term ‘e-learning’ between 2000 and 2021 as presented in 
(Choudhury and Pattnaik 2020). 
 

Table 1 Different definitions attributed to the term 'e-learning' between 2000 and 2021 

Year Definition Authors 
2000 The acquisition and use of knowledge distributed and 

facilitated primarily by electronic means 
(Wentling et al. 
2000) 

2001 The use of internet technology to supply a wide range of 
learning solutions and provide the correct information to the 
right person at the right time, as well as to expand the 
person's knowledge base and change how they perceive the 
actual world 

(De Cubber 2001) 
(Govindasamy 
2001) 

2002 learning using internet-based electronic device  (Rosenberg and 
Foshay 2002); 
(Barker 2002) 
  

2003 Any educational or training endeavor that relies on 
information and communication technologies to enhance 
learning activities whenever a learner gathers knowledge 

(Sambrook 2003) 
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electronically without an instructor being physically present 
there. 

2005 A distributed, web-based learning environment that makes 
use of educational technologies to encourage learning and 
knowledge acquisition through significant activity and 
interaction 
 

(Gilbert and 
Dabbagh 2005) 

2006 The adoption of any new technologies or programs to 
support learning or learner assistance 

(Laurillard 2005) 

2010 Electronic technologies, such as the Internet, Web 2.0, 
intranets, and extranets, that distribute or facilitate 
educational content or learning experiences 
 

(Njenga and Fourie 
2010); (Bondarouk 
and Ruël 2010); 
(Klobas and McGill 
2010) 

2012 E-learning is defined as follows: 
(1) Technology-driven: utilizing technology to deliver 

learning and training programs;  
(2) Delivery-system-oriented: utilizing electronic 

means to deliver learning, training, or education 
programs; 

(3) Communication-oriented: Learning made possible 
by the use of digital tools and materials that 
encourage interaction, such as online 
communication between students and their teachers 
or peers; 

(4) Educational-paradigm-oriented: Information and 
communication technologies used to help students 
improve their learning. 

(Sangrà, 
Vlachopoulos, and 
Cabrera 2012) 

2013 The application of ICT to make information and knowledge 
resources available to learners while removing time and 
location constraints. 
The use of the Internet and new multimedia technologies to 
improve the quality of learning by granting access to 
resources and services as well as facilitating remote 
exchange and cooperation is known as e-learning, 
according to the European Commission. 

(Dominici and 
Palumbo 2013); 
(Allen and Seaman 
2013); (Upadhyaya 
and Mallik 2013) 

2014 E-learning is a type of distant education that uses an 
electronic channel (medium), such as the Internet, to 
entirely virtualize the learning experience. 

(Lara et al. 2014) 

2015 The acquisition of knowledge and skills via the use of 
information and communication technologies (ICTs), with 
a focus on fostering interactions between learners and tools, 
material, and learning activities. 

(Tîrziu and Vrabie 
2015) 
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2016 Using modern tools to access educational resources while 

learning outside of a regular classroom. 
 
E-learning pedagogies are categorized into four generation: 
behaviorist/cognitivist, social constructivist, connectivist, 
and holistic. Each pedagogical strategy's applicability 
depends on the technological tools it employs.  

(Arun Gaikwad 
2016); (Dron and 
Anderson 2016); 
(Kattoua and Al-
Lozi 2016) 

2017 A revolutionary innovation in educational technology that 
is currently altering how learning is approached. 
 

(Garrison 2016) 

2019 A cutting-edge web-based system built on technological 
innovations and various types of educational materials, with 
the main objective of giving learners a personalized, 
learner-centered, open, engaging, and interactive learning 
environment that supports and enhances the learning 
processes. 

(Rodrigues et al. 
2019); 
(Almaiah and Al 
Mulhem 2019) 

2020 § The process of using technology to learn. 
§ It is regarded as a set of instructions that are sent through 

all electronic media, including the internet, intranets, 
and extranets. learners can control their own lifelong 
learning by removing the constraints of time and 
geography. 

(Al-Fraihat, Joy, and 
Sinclair 2020); 
(Al Mulhem 2020) 

2021 § e-learning defined as an information system that can 
integrate a variety of educational materials via email, 
discussion; assignments; quizzes; and live chat sessions. 
 

 

(Suzianti and 
Paramadini 2021); 
(Amarneh et al. 
2021); (Rawashdeh 
et al. 2021) 

 
Defining e-learning proves challenging due to ongoing technological advancements. It is 
described as a technological learning process encompassing instructions transmitted through 
electronic media. E-learning allows learners to self-regulate lifelong learning, overcoming time 
and geographical constraints, while some characterize it as an information system integrating 
various educational materials. Based on criteria such as networking, device delivery, and a 
broad learning perspective, e-learning offers real-time updates, information storage, 
distribution, and a departure from conventional educational paradigms.In the next section, we 
will explore the existing types of e-learning environments. 
 

1.2. E-learning environments : 

The Learning Management System (LMS), Course Management System (CMS), Learning 
Content Management System (LCMS) are a few of these software programs. Each of them 
offers a particular kind of assistance and features to the educational organization or institutions 
that deployed them. 
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1.2.1. LMS: 

Learning Management System (LMS) is a web-based system that aids in planning, disrupting, 
and analyzing any learning process with a focus on managing learners, keeping track of their 
performance, and tracking their progress with the activities. It is an environment software 
program created for controlling learner interactions and supplying them with educational 
materials  (Alshammari, Bilal Ali, and M.S. 2018) (Jung and Huh 2019; S. Kim and Huh 2019).  
There are many LMS examples, but the most well-known one is Modular Object-oriented 
Dynamic Learning Environment (Moodle), an open-source program created in 2002. It was 
created in accordance with the GNU license, which stands for General Public License (GBL), 
which permits any modification to the source code as long as the license of the original source 
is preserved (Ekwonwune and Edebatu 2019). 

1.2.2. CMS: 

A CMS (Contents Management System) is any program that makes it easier to create and 
publish digital information. Platforms for generating blogs, forums, online stores, static sites, 
and everything in between fall under this category. In addition to these well-known CMSs, there 
are also Joomla, Drupal, Shopify, and Squarespace, all of which have a substantially smaller 
market share (Cabot 2018; S. Kim et Huh 2019), (Cabot 2018; S. Kim and Huh 2019). 
 

1.2.3. LCMS: 

The Learning Contents Management System, or LCMS for short, is a learning object 
management system that offers the ability to manage learning materials installed in LMS. A 
learning target may be mounted, modified, or removed as part of management. Also, it has a 
function that allows you to search for preferred learning materials (Jung and Huh 2019). 

1.3. MOOCs environments:  
 

1.3.1. MOOCs: 

Massive Open Online Courses (MOOCs), often known as "Connectivist" learning models, were 
developed by George Siemens and Stephen Downes (Downes 2005). Massive Open Online 
Courses (MOOCs) are cutting-edge online learning resources that are accessible to a wide 
audience without regard to time or geography (Wong et al. 2019). They are web-based courses 
designed and delivered by approved higher education institutions and organizations in which 
anyone with a smart device and internet connection can participate, regardless of age, gender, 
geographic location, or education background (Deng, Benckendorff, and Gannaway 2019). 
Openness, participation, and distribution are the three main qualities of a MOOC (Baturay 
2015) (Al-Imarah and Shields 2019) (D. Tao et al. 2022): 

§ Open: Anyone with Internet access is welcome to sign up for a MOOC at no cost. 
§ Participatory: In a MOOC, learning is improved by participation in both the 

development and sharing of individual contributions as well as interactions with those 
of others. Yet, participation is optional and has no impact on the educational system. 

§ Distributed: Because MOOCs follow the connectivist approach, all knowledge should 
be shared among the network of participants. 
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1.3.1.1.cMOOCs:  
 
The first MOOCs denoted as "cMOOCs" (Connectivism MOOCs) first debuted in 2008 and 
were based on the "connectivist distributed peer learning paradigm," which refers to the 
connection of learners through electronic networks and their ability to participate in 
collaborative learning.   
According to (García-Peñalvo, Fidalgo-Blanco, and Sein-Echaluce 2018), the structural model 
of a cMOOC is depicted in Figure 1, where each participant (P) creates resources (R) that are 
distributed to the other participants. This structure is typical of the Web 2.0 environment and it 
is perfectly suited to the new networked learning model, and offers a disruptive opportunity for 
the traditional university learning paradigm. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

1.3.1.2. 
1.3.1.3. 
1.3.1.4. 
1.3.1.5. 
1.3.1.6. 
1.3.1.7.xMOOCs: 

 
xMOOCs (content-based MOOCs) was introduced in 2011. They are characterised by being 
massive and self-directed (Flores et al. 2020). Private learning management systems, as 
highlighted by (García-Peñalvo, Fidalgo-Blanco, and Sein-Echaluce 2018), play a crucial role 
in delivering xMOOCs, emphasizing structured content and assessments in online education. 
As in figure 2, the xMOOC, teachers produce and structure resources and activities in the 
platform, where learners access the materials.(García-Peñalvo, Fidalgo-Blanco, and Sein-
Echaluce 2018). 
 
 
 
 
 

 
Figure 1 cMOOC structure model 
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1.3.1.8.Differences between cMOOC and xMOOC: 
 

Table 2 presents the main differences between cMOOC and xMOOC, according to (Smith and 
Eng 2013), (Saadatdoost et al. 2015) and (Mohamed and Hammond 2018): 
 

Table 2 The key differences between cMOOC and xMOOC 

Features cMOOC xMOOC 
 
 
 
 
 
 
 

Course Content 

§ The course is not defined by 
its content. 

 
§ Being exploratory in style. 
 
§ As a starting point, certain 

course materials are made 
available online. 

 
§ A forum for interaction and 

knowledge formation among 
students through their joint 
contributions. 

 

§ The content is focused and 
packaged. 

 
§ Controlled. 
 
§ Comparable to the 

conventional in-class 
method. 

 
§ Online access to all course 

materials. 
 
§ Video presentations and 

reading text are 
predominant. 

 
 

Interaction 

§ Predominantly peer to peer  
 
§ Monitored by instructors  
 

§ Instructor feedback 
 
§ Peer feedback 
 

 
Figure 2 xMOOC structure model  
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§ Inspired to take part in forums 
decentralization and social 
media 

§ Most discussion forums 
are located on the course 
website. 

 
Assessment 

Methods 

§ Formative  
§ Summative  
§ Instructor-graded  
§ Peer-reviewed assessments 

§ Formative  
§ Summative  
§ Automated  
§ Peer-reviewed 

assessments 
 
 
 
 

Instructor/Learner 
Roles 

§ Non-traditional: “distributed, 
chaotic, emergent”  

 
§ Learners are required to 

develop, expand their scope of 
knowledge, and share their 
own sense-making through 
producing artifacts. 

 
§ Self-directed learners 

§ Conventional: imparting 
knowledge to learners 

 
§ Learners’ acquisition of 

knowledge and mastery 

Pedagogy Connectivist Cognitive-Behaviorist 
 
Table 2 presents a comparison of the key characteristics of both cMOOC and xMOOC. They 
differ primarily in how much knowledge is duplicated or created, which is correlated with 
openness. 
In cMOOC, learners are encouraged to create the content for their own learning through 
cooperative networking. Due to this, cMOOCs are developed without a centralized core 
content. Therefore, the opportunities available through cMOOCs are generally wide-open. In 
short, cMOOCs emphasize the values of autonomy and variety.  
However, with xMOOCs, openness is either less common or defined differently. They are 
centralized networks with a single major platform, and designers often determine the course 
content. Discussion boards are where interactions occur the majority of the time. 
Furthermore, a key factor in choosing these platforms is the difference in community longevity 
between cMOOC communities and xMOOC communities. As a result, xMOOCs encourage 
learners to use social networking sites to overcome the course's short duration's restriction and 
continue building relationships after it is ended. 
After introducing the evolution of e-learning definitions and presenting e-learning 
environments and MOOCs environments, we focus in the next section, on social e-learning, a 
new form of learning integrating social media aspects. 

2. Social e-learning: 

Bandura explained learning as the process through which a person gains new knowledge by 
observing others and imitating their behavior. The process is called social learning, as 
observation and modeling occur in social contexts once learners mimic others' actions, whether 
they do so intentionally or unknowingly. (Rumjaun and Narod 2020) (Ahn, Hu, and Vega 
2020). According to (Pahl-Wostl and Hare 2004), “Social learning is predicated on iterative 
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feedback between the learner and their environment, as well as the learner altering their 
environment and these changes influencing them.”.  
Bandura’s theory of social learning offers a helpful foundation for thinking about how learners 
learn through modeling and observation (Bandura and Walters 1977). According to Bandura, 
learning occurs in a social context through observation, but it also involves cognitive processes; 
in other words, learners internalize and interpret what they observe in order to replicate the 
behavior themselves (Horsburgh and Ippolito 2018). 
The social learning theory connects learning to its social context and perspectives. knowledge 
must be shared among learners in social and cultural contexts, such as social learning 
environments, for social learning to take place. Knowledge is defined as content plus the 
socially constructed value in these environments, which are created by learners utilizing a 
variety of social technologies, such as social networking, tagging, blogging, etc. Hence, social 
learning implies an ongoing multi-actor negotiation process between learners and the setting in 
which they are involved, ultimately leading to knowledge co-creation (Deaton 2015). 
Recently, the use of social media in the context of e-learning has impacted positively the 
learning outcomes. Learners are actively engaged and interact through diverse form like, 
posting a comment, reading an article, liking a post, or retweeting a message. Social learning 
theory-recommended interactions are promoted in the social media environment, and as digital 
interactions are often free of many social anxieties, users frequently show a higher level of self-
efficacy with regard to the experience. This increased self-efficacy could lead to greater 
engagement, which in turn may result in improved learner learning. Via a variety of user-
generated material, social networking enables users to communicate and work together fully 
(e.g., videos, images, audio, text posts). Users can therefore emulate actions in movies or 
images created by or shared by other users in their network (Peng et al., 2019). Users who are 
learning can learn underlying cultural norms from text posts that articulate other users' problem-
solving strategies (Deaton, 2015) (Castellanos-Reyes, Maeda, and Richardson 2021). 
In social e-learning environments, learners engage in collaborative activities, share insights, 
and contribute to the creation of a collective knowledge space.  In order to capture these social 
interactions, user profile modeling comes into play to shaping personalized learning 
experiences based on individuals' contributions and preferences within the social context of e-
learning platforms.  

3. User profile modeling: 

3.1.User profiling modeling: 

A user profile describes a sample of the knowledge related to the user and to its context. It 
highlights an insight about both direct and indirect user’s information in a structured way. 
According to (Ouaftouh, Zellou, and Idri 2015), (Calegari and Pasi 2013), (Ghosh 2016) and 
(Golemati et al. 2007), user profile offers an organized construct containing information about 
a user's cognitive skills, intellectual abilities, intentions, learning styles, preferences, behavior, 
context, and personal data. In other words, a user profile outlines the role that the user has 
assumed as well as the rules, limitations, and permissions that the context establishes for each 
user. 
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User Profiling is the process of Extracting, Incorporating and Detecting the keyword-based data 
to create a structured profile and then visualizing the knowledge derived from these results 
(Elallioui and El Beqqali 2012), (Godoy and Amandi 2005),(Kanoje, Mukhopadhyay, and 
Girase 2016), (Kanoje, Girase, and Mukhopadhyay 2015) and (Alaoui, Idrissi, and Ajhoun 
2015).  
A user model can take on as many different forms as there are reasons for which they are 
created. User models may aim to describe, the following (Webb, Pazzani, and Billsus 2001): 

§ The cognitive processes that underlie the user's activities; 
§ The deference’s between the user's skills and expert skills; 
§ The user's behavioral patterns or preferences; or 
§ The user's attributes. 

There are three primary methods for defining a user profile as highlighted in (Luna et al. 
2015) and (Eyharabide and Amandi 2012):  

§ Collect relevant information about the user preferences;  
§ Choose a formal language to describe this knowledge; 
§ Determine a strategy to update the user profile. 

 
User profiling involves two crucial aspects: effectively getting to know users so that it can 
respond to their individual needs, and using that information to recommend items that could be 
of interest to them (Kanoje, Girase, and Mukhopadhyay 2015),(Skillen et al. 2014). Gathering 
data regarding users and their interests is the primary purpose of user profiling. 

3.2. User profiling modeling techniques: 

A user model is created and updated through the process of "user modeling," that involves 
deriving user characteristics from user data, which can either be information that the user 
actively provides or data that is derived via unintentional observations and events. 
There are several ways to build a user model: The overlay model which highlights the user’s 
knowledge level. The stereotype model which divides users into groups based on their common 
attributes (Rich 1979), (Chrysafiadi and Virvou 2013), (Zapata-Rivera and Arslan 2021). 
Vector representation to represent the profile taking into consideration the diverse interests and 
their evolution through time (Bouneffouf 2013). Machine learning techniques for automated 
induction and observation of user activities and behavior (Webb, Pazzani, and Billsus 
2001),(Eke et al. 2019), (Bedi et al. 2022). Fuzzy logic and Bayesian network for addressing 
user diagnosis uncertainty and Ontologies for reused user models (Bouneffouf 2013). 

3.2.1. Overlay model:  
 
Overlay model is the most important and most popular explicit user modeling approach in 
adaptive hypermedia. It represents the user’s knowledge level. An overlay model is a structural 
knowledge model. It serves as a subset of the domain model to describe a person's level of 
expertise. The knowledge status of a certain user is represented as a subset of expert-level 
knowledge. By using this technique, it is possible to determine how well a user can apply a 
concept or what their likelihood of knowing the answer to a certain problem is. Domain model 
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and overlay knowledge model are the two required minimum components of an overlay model 
(Nguyen and Do 2009), (Ahmadaliev et al. 2019). 

 
3.2.2. Stereotype model:  

 
Stereotype model is one of the earliest techniques for user modeling. The model was first 
presented by Rich (1979) in the system called GRUNDY (Rich 1979) . Stereotypes were 
frequently used in early adaptive systems (between 1989 and 1994). A stereotype is a collection 
of regularly occurring attributes of users. The basic goal of stereotyping is to divide all potential 
users of an adaptive system into different categories based on the characteristics they frequently 
have in common. Such groups are called stereotypes (Chrysafiadi and Virvou 2013). If any of 
a new user's characteristics (such as preferences, prior knowledge, or types of errors) are similar 
to those in a stereotype, the new user will be placed in that stereotype. Several default 
assumptions are inferred from the little amount of initial information. The underlying 
assumptions are changed as more data regarding specific assumptions becomes available. To 
begin the learner model, one can employ these stereotypes. They can therefore act as a method 
for resolving the cold-start issue (i.e., not having enough information about the learner to 
implement adaptive features) (Zapata-Rivera and Arslan 2021). 

 
3.2.3. Vector representation:  

 
Vector spaces are frequently utilized for information organizing and retrieval. They are simpler 
to maintain as there are no pre-assigned groupings or stereotypes to take into account (Mangina 
and Kilbride 2008). The vector representation is based on the traditional vector space model of 
Salton et al and it was the first model of the user's profile to be used (Salton, Wong, and Yang 
1975). The user's profile is represented as an m-dimensional vector, where each dimension is a 
separate term and m is the total number of terms in the user's profile. Typically, a TF/IDF 
diagram serves as the foundation for term weighting. The weight assigned to each term indicates 
how significant it is to the user's profile (Bouneffouf 2013). 

 
3.2.4. Fuzzy logic modeling techniques or Bayesian networks:  

 
Fuzzy Logic (FL) establishes a framework for modeling and reasoning in uncertain situations 
by capturing the inherent ambiguity of real information (Popp and Lödel 1995), (Frias-Martinez 
et al. 2005) . A key concept in FL theory is the notion of the fuzzy set. A fuzzy set expresses 
the degree to which an element belongs to a set. The degree of truth in fuzzy logic can take 
continuous values between [0,1 as opposed to classical binary or multi-valued logic, which 
draws its values from a discrete finite set. This characteristic enables the capture of the 
uncertainty present in real data (Chrysafiadi and Virvou 2015), (Hoblitzell, Babbar-Sebens, and 
Mukhopadhyay 2016). In other words, fuzzy logic allows for the analysis of verbally 
ambiguous input data. It permits inference and natural description of knowledge in the form of 
ambiguous notions, operators, and rules. (Kavcic 2004). Bayesian networks have a strong 
theoretical foundation, they are reliable, and they are helpful for all kinds of issues. They are 
particularly effective inference tools (diagnostic and predictive) but they require a 
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comprehensive model (variables and relations, all knowledge must be coded in the model), 
together with the estimations of all parameters (a priori and posteriori probabilities) (Vuong et 
al. 2020) ,(Rim, Amin, and Adel 2013), (Horvitz et al. 2013), (Zukerman and Albrecht 2001), 
(Marcot and Penman 2019).  
User profiling employs various techniques, with ontology being among the most used. In the 
next section, we will highlight ontologies as a technique of user profile modeling. 

4. Ontology-based user profile:  
4.1. Ontology definition: 

Ontologies provide a formal description of definitions of conceptual classes and their relations 
that goes beyond lists, thesauri, and taxonomies. By formal, we mean that definitions are 
founded on a logical framework (Harrow et al. 2019). Ontologies are used as a method for 
encoding the semantics of an area of human knowledge in a machine-readable form. They are 
essential for identifying meaningful relationships that enable users to browse or search 
relationships and find patterns through analysis. 
Ontology is a subfield of philosophy that examines the nature and structure of "reality". It 
describes how things are connected naturally and how their components are connected secretly 
(Gao et al. 2017).  In his book Metaphysics, Aristotle discussed the idea of ontology. He 
described it as the study of "being qua being," or the characteristics that belong to objects 
because of their very essence (Staab and Studer 2009). Later, it’s borrowed to be used in 
Computer Science fields as being an effective and powerful concept semantic model. 
Ontology was first described by Gruber as a «explicit specification of a conceptualization»  in 
1993, (Staab and Studer 2009). In this context and according to (Al-Yahya, George, and 
Alfaries 2015): 

§ A conceptualization is an abstract representation of a certain part of the world that takes 
the form of a definition of key terms' characteristics. 

§  An explicit specification means the model must provide meaning for the vocabulary 
while also making it machine and human processable. 

This notion was expanded upon by Borst in 1997, who described an ontology as a "formal 
specification of a shared conception" (Staab and Studer 2009). This means that an ontology 
needs a formal language to explain its specification and that its definitions and meaning should 
be shared among groups. 
An ontology offers a semantic foundation for describing digital content in a way that is 
machine-understandable. It is widely used in information systems, by adding meta-data to 
documents, enhancing information retrieval and reasoning, and facilitating data sharing 
between applications (Maedche and Staab 2001), (L. Zhou 2007). 
Ontologies are formal models that, in addition to providing an accurate description, the logic of 
the meaning of the term, the data structures, and other aspects to model the real world, depict 
how a human perceives an area of interest (Luna et al. 2015). Moreover, according to (Corcho, 
Poveda‐Villalón, and Gómez‐Pérez 2015), ontology is also a representation of the types of 
entities, their relationships, and their constraints. . It consists of a collection of hierarchically 
arranged Classes, Relations, Instances, Functions, and Axioms.(Calero, Ruiz, and Piattini 
2006).  
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Ontologies, which enable the representation of knowledge in a structured and expressive 
manner, have lately been employed as a highly expressive schema to represent user profiles 
(Luna et al. 2015). Ontological profiles gather user interests and offer recommendations based 
on these in order to maintain a tailored searches.  
Modeling the user profile based on ontology has already been advocated in many applications 
including web search and personal information management (Golemati et al. 2007). The user 
profile can be created explicitly by asking the user for the relevant information about 
themselves, or implicitly by observing the user's behavior (Duong et al. 2009). 

4.2.Ontology types: 

Ontology categorization is related to the subject of the conceptualization (Gómez-Pérez, 
Fernández-López, and Corcho 2006). This classification organizes ontologies into four types as 
shown in Figure 3:  
 
 

 
 
 
 
 
 
 
 
 
 
 
 
This four types are described in (Al-Yahya, George, and Alfaries 2015), (Slimani 2015) and 
(Tarus, Niu, and Mustafa 2018a) , as follow: 
 

§ Upper/Top level ontologies: They represent fundamental concepts (such what time and 
space are) that are not specific to a given domain. They define basic concepts such as 
objects, relations, events, processes, and so on. 

§ Domain ontologies: are reusable within a certain domain (such as medicine, biology, 
tourism, movies, sports, history, or law); they represent knowledge and offer 
terminology for concepts and activities inside a particular domain. They are not 
dependent on any one particular activity or application, which is their fundamental 
feature. 

§ Task ontologies: describes the terminology associated with a general task or activity, 
such as buying, selling, or solving problems. Any domain can use the task. 

§ Domain-Task ontologies represent the vocabulary for a certain task. They cannot be 
used in different domains. 

 
Figure 3 Classification of Ontology 
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§ Application ontologies: are application-dependent and define terminology pertinent to 
a particular application. These are specialized domain ontologies that depict a specific 
model of a domain from the perspective of a single user or developer. 

 
4.3.Ontology components and languages: 

4.3.1. Ontology Components: 
Ontologies mostly consist of the following significant components as highlighted in (Khadir, 
Aliane, and Guessoum 2021),(Grimm et al. 2011) and summarized in Table 3: 
 

Table 3 Ontology Components 

Ontology Components Description 
Classes Types of objects that determine a group of concepts. They 

describe the elements of the ontology.  
 

Instances (individuals) Objects that define the ontology enrichment. They are 
instantiations of classes. For example, Hajar_Zankadi is an 
instance of the class Learner. 

Attributes Properties attached to concepts or classes, used to assign 
datatypes and values to objects (e.g., Strings, Numbers). 

 
Relations 

(relationships) 

Connections that specify how closely two objects are related. 
Taxonomic and non-taxonomic relations are the two categories 
into which they are typically classified. 

Taxonomic relations "is-a" or "sub-class-Of" relationships representing the hierarchy 
of entities (e.g., Learner has-part: Learning-Style). 

Non-taxonomic 
relations 

Links expressing other types of connections, contributing to 
semantic enrichment without changing structural elements. 

 
Axioms 

Formal definitions of ontological knowledge expressed using 
First-Order Logic or Descriptive Logic. Categorized into 
Instantiation, Assertion, and Subsumption axioms, specifying 
instance-class relationships and property values. 

 
4.3.2. Ontology languages:  

Ontology languages of many kinds have been created and used, particularly in the context of 
the Semantic Web. Ontology representation languages like Web Ontology Language (OWL), 
Resource Description Framework (RDF), DARPA Agent Markup Language (DAML), and 
Ontology Inference Layer (OIL) are used to encode information about particular topics as 
presented in Figure 4:  
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The formal languages most frequently employed for creating ontologies are OWL and RDF: 
§ RDF (F. Zhang et al. 2019):Stands for Resource Description Framework, was created 

by the W3C to define Web resources and permits the definition of the semantics of data 
based on XML in a homogeneous, interoperable manner. It offers a graph-based data 
model or framework for organizing data as claims about resources. 

§ OWL (McGuinness and Van Harmelen 2004): Stands for Web Ontology Language, 
was developed in 2001 by a W3C working committee. OWL fosters collaboration and 
sharing among applications, offers a wide range of operators for creating concept 
descriptions, and was created to be compatible with current web standards. 
 

4.4.Ontology techniques: 
4.4.1. Ontology mapping: 

Ontology mapping is an essential technique for providing interoperability and heterogeneity 
between systems and services using ontologies (Kaladevi Ramar and Geetha Gurunathan, n.d.).  
Ontology mapping (or matching) is essential to afford semantic access across aggregated data 
used in knowledge-based products and services consumed by life science companies, academic 
institutions, and universities (Harrow et al. 2019).  
Given two ontologies A and B, mapping one ontology with another means that for each concept 
(node) in ontology A, we try to find a corresponding concept (node), which has the same or 
similar semantics, in ontology B and vice versa.”(Ehrig and Sure 2004)  
Ontology mapping is classified into the following three categories, as described in (Choi, Song, 
and Han 2006): 

- Mapping between an integrated global ontology and local ontologies: describes how 
a global integrated ontology and local ontologies are related to promote ontology 
integration. 

- Mapping between local ontologies: promotes interoperability for highly dynamic and 
distributed environments as a mediator between distributed data in such environments. 
 

- Mapping on ontology merging and alignment: is utilized as part of the ontology reuse 
process. It allows for the creation of a single cohesive merged ontology via an ontology 
merging procedure. Additionally, it establishes connections between local ontologies 
while they are still distinct during the ontology alignment procedure. Mappings do not 

Figure 4Layered architecture of ontology languages (Panchanathan, Lawan, and Rakib 2015) 
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exist between a single coherent merged ontology and local ontologies, but rather 
between local ontologies to be merged or aligned. 

4.4.2. Ontology merging:   

"Coming together" or "becoming one" is what is meant by the word "merging". In merging, 
two original ontologies, O1 and O2, are combined during merging to produce a single merged 
ontology. The original ontologies include related or overlapping (sub) domains but they are 
unique and not revisions of the same ontology (Chatterjee et al. 2017).  

The new ontology will take the place of the original ones and incorporate the knowledge from 
all combined ones (Robin and Uma 2010). Merging frequently makes use of a set of alignments 
in order to establish strong linkages between ontologies and ultimately combine them into one. 

5. Problem statement: 
MOOCs have grown in popularity since 2008 in the field of online education. Universities and 
colleges provide flexible, top-notch online courses that can be taken by learners with a variety 
of needs and learning preferences. With no restrictions on class size, necessary skills, or severe 
registration requirements, MOOCs enable learners to engage in open, public online 
communities. They are often free of charge, with the exception of when a completion certificate 
is given (C. Jin 2021; Goopio and Cheung 2021). 
During the COVID 19 pandemic, MOOCs received increased attention and are now regarded 
as a very efficient and adaptable learning method. Recently, over 2.8K courses were added, and 
16.3K MOOCs were announced or launched by approximately 950 universities worldwide, 
demonstrating the high demand for MOOCs (Er-Rafyg et al., n.d.). According to (News, n.d.), 
over 180 Million learners have enrolled MOOCs’ courses as highlighted in figure 5. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5 Learners’ enrollment in MOOCS during COVID 19 pandemic (News s. d.) 
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According to data made public by Class Central, MOOC enrollment increased by one-third, 
reaching 180 million learners globally (excluding China). The main MOOC providers, 
Coursera, edX, Udacity, and FutureLearn, launched over 360 micro-credentials and 19 online 
degrees in 2020. Many of them offered complimentary certificates. 
However, several issues faced by MOOCs have come to the fore, notably the high dropout and 
low retention rates that occurs in the early stages of learning (J. Chen et al. 2019) . Dropout in 
MOOCs occurs when learners fail to finish the course (Dass, Gary, and Cunningham 2021). 
According to (Badali et al. 2022), around 90% of enrolled learners drop out before the course 
is over, and the retention rate for MOOCs is between 3 and 15%.  
Several factors, including lack of continuous  motivation and engagement, less interaction, 
learner characteristics, MOOC features, and learner experience, have an impact on the decisions 
made by learners at all stages of MOOC acceptance (Badali et al. 2022) (K. P. Gupta and 
Maurya 2022) (Panagiotakopoulos et al. 2021) (Ji, Park, and Shin 2022). 
Table 4, summarizes the key factors affecting learners’ decision to drop-out in MOOCs. The 
factors vary from learners-related factors such as learners’ characteristics and motivation and 
MOOC-related factors such as unsuitable courses design. 

Table 4 Factors that influence learner dropout in MOOCs 

Reasons Factors References 

Social interaction - Lack of social interaction and 
cooperative activity between the 
learners and group work 

 
- learner assistance: (interaction with 

course content, peers, instructor)  
- Engagement  
- Forum participation 
- Interactive activities  
- Social influence 
- Sense of community 

(El Said 2017); 
(Rosé et al. 2014); (D. 
Yang, Wen, and Rose 
2014); (Zheng et al. 
2015) 
(Feng, Tang, and Liu 
2019) 
(Itani, Brisson, and 
Garlatti 2018) 
(Wang et al. 2019); (Q. 
Zhang et al. 2016) 

Learner profile - Heterogeneity of the learners’ 
profile 

- Personal characteristics 

(J. Chen et al. 2019) 
(Gütl et al. 2014); 
(Khalil and Ebner 
2014); (Shapiro et al. 
2017) 

Motivation - Lack of motivation on the part of 
the learners 

- The desire to earn a certification 
- Level of engagement 
- Social situation and 

characteristics  

 (Eriksson, Adawi, and 
Stöhr 2017); (Gomez-
Zermeno and de La 
Garza 2016);  
(Y. Zhou, Zhao, and 
Zhang 2020) 
(Zheng et al. 2015) 
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Course design - Course structure  
- Course content  
- Course duration  
- Course quality  
- System and service quality  
- Duration of video lectures 

(Gomez-Zermeno and 
de La Garza 2016) 
(Feng, Tang, and Liu 
2019) 
(Itani, Brisson, and 
Garlatti 2018) 
(Shapiro et al. 2017) 
(Shawky and Badawi 
2019), 

Technology - Use of web technology 
- Innovative features  
- Task-technology fit  
- Mobility Internet access 

(El Said 2017); 
(Gomez-Zermeno and 
de La Garza 2016); 

Language - English proficiency  
- Complex sentences 
- Sophisticated terms 
- Unclear accent of instructor 

(El Said 2017); 
(Eriksson, Adawi, and 
Stöhr 2017); (Gomez-
Zermeno and de La 
Garza 2016) 

Time - Time devoted to MOOCs  
- User active time  
- Ability to manage time  
- Time zone differences 

(Eriksson, Adawi, and 
Stöhr 2017);   (El Said 
2017)  ,(Gomez-
Zermeno and de La 
Garza 2016) 
(Feng, Tang, and Liu 
2019) 
(J. Chen et al. 2019) 
(Shapiro et al. 2017) 

 
According to Table 1 and to other works, (Bezerra et al. 2017), (Eriksson, Adawi, and Stöhr 
2017), (Aldowah et al. 2019), and  (Goopio and Cheung 2021),  the main reasons that influenced 
the decision to dropout are articulated into four main factors as shown in Figure 6: 
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We are interested in the learner's characteristics and profile, social situation, and the impact of 
social elements on dropout decisions in MOOCs. we explore the crucial role of learner 
engagement, satisfaction, and the influence of social media in the e-learning context. Table 5 
presents a comprehensive overview of the factors related to learners ‘characteristics and social 
integration impacting the dropout rate in MOOCs: 

Table 5 Comprehensive overview of factors impacting dropout rate and related to learner ‘s 
characteristics and social integration 

 Factors References 
 
 
 
 

Learner ‘s characteristics 

§ Learner profile (e.g., 
Interest, preferences, 
learning styles, etc.) 

(Gütl et al. 2014); (Khalil and 
Ebner 2014); (Shapiro et al. 
2017) 

§ Learner ‘s motivation 
§ Learner ‘s satisfaction 

(Xiong et al. 2015); (Khalil 
and Ebner 2014) 
(J. Han, Geng, and Wang 
2021) (Alqurashi 2016) 
 

 
 
 
 
 
 
 
 

Social Integration 

§ Struggles of learner to fit 
into the social 
community 

§ Struggles of learner to 
adhere to the academic 
norms  

 

 
 
 

(Lee and Choi 2011) 

§ Social presence 
§ Engagement 
 

(Rosé et al. 2014); (D. Yang, 
Wen, and Rose 2014); 
(Zheng et al. 2015) ;(Wang et 
al. 2019); (Q. Zhang et al. 
2016) 

§ Social media's 
interactivity 

(Lin and Kishore 2021) 

§ Meeting social 
requirements 

(Kross et al. 2021) 

 
Figure 6 Main Factors contributing to drop-out in MOOCs 
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Learner engagement and satisfaction drive MOOC success(J. Han, Geng, and Wang 2021) 
(Alqurashi 2016), supported by social learning's efficacy in reducing isolation. Social e-learning 
refers to the development of either online learning platforms with social media features or social 
media sites used for educational purposes (Troussas, Krouska, and Sgouropoulou 2021) . The 
use of social media in e-learning enables the learning to occur without being constrained by 
physical locations and in a variety of creative ways, including social interaction, online 
collaborations, customized and user-friendly multimedia interface that offers a high level of 
participation, as well as cooperation and contact between users (Krouska, Troussas, and Virvou 
2019) (Hajli et al. 2013). Additionally, social media can greatly enhance learner engagement in 
the learning process by promoting interaction between learners and teachers, feedback on 
course materials in the form of likes and comments, motivation for learners in the form of 
notifications, the formation of cohesive learner groups for collaborative tasks, among other 
things (Alalwan et al. 2019). ). Studies have shown that social media provide advantageous 
opportunities for teaching and learning in the light of the promoted constructivist approaches.  
Which means that learning happens when learners actively contribute to the process of 
knowledge building rather than only absorbing information (Gray 1997).Thus,  social media 
was highlighted as having the ability to boost networking and engagement between teachers 
and learners (Greenhow and Askari 2017)  and are considered a powerful driver of change for 
learning practice, in terms of openness, interactivity and sociability (Manca and Ranieri 2016).  
After reviewing the factors behind drop-out in MOOCs using literature and highlighting the 
potential of using social media information and its features to promote learner engagement and 
satisfaction, we aim to address the problem of drop-out by cooperating the information of both 
environments (MOOCs and social media).  
The aim of our thesis is to exploit the learner ‘s information and personal involvement 
in social media for the purpose of enriching and personalizing his experience in MOOCs. As 
we know, different learners in MOOC have big differences in learning behaviors, learning 
habits, and learning time, etc. which leads to different learner profiles and learning needs.  The 
objective of this thesis is leveraging social media for personalized MOOCs experience through 
Learner Profiling and Interest Detection using ontologies and NLP. 
 

6. Conclusion:  
 
This chapter emphasized the numerous concepts and methods we employed for our first 
contribution that aims to build a social profile for learners within MOOCs using ontology 
engineering techniques in order to enrich their profile and foster their engagement for a more 
personalized learning experience. 
We began by highlighting the evolution of the term "e-learning," that has transformed education 
by leveraging technology and the internet to provide learners with flexible and accessible 
learning opportunities. It encompasses various definitions, including the use of technology for 
learning and the integration of electronic media in education. Supported by software programs 
like Learning Management Systems (LMS), Course Management Systems (CMS), Learning 
Content Management Systems (LCMS). We focused as well on Massive Open Online Courses 
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(MOOCs) that offer a wide range of resources and platforms for learners to engage with 
educational content with no limitations regarding time and location.  
The social learning theory was then highlighted, along with its benefits for e-learning when 
combined with social media. It points out the importance of observation and modeling in the 
learning process. In the context of e-learning, social media has emerged as a powerful tool for 
facilitating social learning. It encourages active engagement, interactions, and knowledge 
sharing among learners, leading to increased self-efficacy and improved learning outcomes. 
Social networking platforms enable the generation and sharing of diverse content, allowing 
learners to emulate actions and learn from other users' problem-solving strategies.  
Finally, we reviewed various methods for user profiling that plays a vital role in understanding 
learners' characteristics, preferences, and behavior. By creating structured profiles that 
encompass cognitive skills, learning styles, and personal data, user profiling techniques enable 
personalized learning experiences. Ontology-based user profile modeling, using ontologies to 
represent user interests, further enhances personalization and enables the provision of tailored 
recommendations. Ontologies provide a formal and semantic foundation for representing 
knowledge, facilitating the understanding and analysis of user data.  
 
In the next chapter, we point out the main works that have been done in the area of social e-
learning, learner profile using ontologies and interest detection using NLP techniques.
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Introduction: 
In this chapter, we explore the impact and challenges related to the use of social media on 
learning. We examine their collaborative impact on learners. We investigate the learner 
characteristics through learner profiling exploring the advantages of using ontology approaches 
to model the learner profile through structured framework for a better understanding of learners 
needs. We also highlight the use of topic modeling techniques in the context of both MOOCs 
and social media to uncover the hidden aspects in the textual content. 

1. The impact of the use of social media on E-learning: 
 

With the remarkable rise of e-learning during the COVID-19 pandemic, education has 
undergone a tremendous alteration. This change was necessary because colleges and 
universities were closing. The use of social media as a tool for learning has received much 
attention, particularly among learners who can connect and work together in a variety of group 
interactions (Kolokytha et al. 2015). Its opportunities for communication, resource sharing, and 
promoting active learning and critical thinking had greatly helped in integrating social media 
features into the educational process. 
Due to the site's simple and practical interactivity features, such as liking, commenting, polling, 
and sharing content, learners are more likely to use social media in the context of higher 
education to increase knowledge sharing, behaviors, and improve their learning performance as 
opposed to other conventional learning approaches. Any e-learning system has a built-in social 
network, with teachers, learners, and learning resources as its core actors. With the utilization 
of its characteristics, social media has gradually transformed from a digital hub for social 
communication into a commercial, educational, and social regulatory institution. The 
availability and use of social media is growing due to reasons such as enhanced software tools, 
powerful computers, and mobile devices, as well as increased access to broadband services 
(Alghizzawi et al. 2019).  
Social media has a significant impact on the learner community nowadays and is gradually 
integrating into everyone's daily lives in contemporary culture. According to statistics, 55% of 
people worldwide actively use social media  (“Digital 2021 April Statshot Report,” n.d.). It is 
distinguished by its social approach, which principally relies on interpersonal interactions as 
the basis for knowledge co-construction and which helps to change society norms, values, and 
culture. (Chukwuere and Chukwuere 2017) (Hardy and Castonguay 2018).  
Given the expanding popularity of both social media and e-learning, it seems logical to combine 
these two popular technologies in order to enhance online teaching and learning  (Zankadi et 
al. 2018). The SWOT analysis highlights the motivating factors for social media adoption in e-
learning. 
Defining the SWOT means identifying the Strengths, Weaknesses, Opportunities, and Threats 
that affect a company and its performance, which is a process carried out by the management 
team(Leigh 2009). Strengths in the SWOT analysis refer to internal resources and positive 
aspects of business establishment that are important for businesses to successfully accomplish 
their goals and provide effective customer service (Gurl 2017). Internal obstacles or limitations 
are referred to as weaknesses and might affect an organization's success. As a result, internal 
factors are what make up the company's strengths and weaknesses.(Teoli, Sanvictores, and An 
2022). The SWOT analysis identifies opportunities for business establishments with links to 
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external organizations based on factors or features that favor or facilitate them (Leigh 2009). 
whereas threats are external factors that can obstruct or delay the company's achievement of its 
objectives. 

Table 6 SWOT analysis of using social media in e-learning 

Strengths Weaknesses 

§ Personalized learner experience. 
 

§ Learners develop communication and 
interpersonal skills. 

 
§ Enhances social constructivist 

technique to learning. 
 
§ Promoting a sense of belonging among 

learners. 
 
§ Developing communities of practice. 

 
§ Facilitate the sharing of information. 

 
§ Promote social presence which is 

crucial for education and learning. 
 
§ Through social media, learners can 

construct virtual communities of 
practice that provide a global platform 
for collaboration and social interaction 
(Brady, Holcomb, and Smith 2010). 

 
§ Through shared readings, links, and 

videos, learners build a shared 
understanding and collaborate in 
discussion. 

 
§ Aggregation of learners with common 

interests. 
 
§ It has an advantage for learning foreign 

languages and help learners master both 
their written and oral languages 
proficiency. 

 

 
§ Concerns about learner privacy and 

safety influence the decision of many 
education administrators to ban the 
use of social media in the learning 
process. 
 

§ Copyright issues. 
 

§ Evaluate originality. 
 

§ Sensation of informational restraint. 
 

§ Sometimes, instructors 
unintentionally omit to provide the 
materials needed to aid the student's 
learning process. (Al-Shawabkeh and 
Lim 2014). 
 

§ Social Media is time consuming. 
 
§ False identity creation. 

 
§ Fraudulent use of identification. 

 
§ Lack of trust in social media content 

prevents learners from feeling 
comfortable using it. 

 



Chapter 2: Related Work 

50 
 

 
Opportunities Threats 

§ Self-development of learners can be 
done through social media platforms. 
 

§ Social media encourages continuous 
learning as it saves times and money. 

 
§ The social media integration 

technology enables students to learn 
new information by reading online 
materials and chatting with 
instructors whenever and wherever 
they like. 

 
§ Social media can enhance writing 

abilities and reading habits due to the 
availability of free books online. 
 

§ Learners can motivate other leaners 
to speak and write foreign language 
more confidently. 
 
 

§ Social media platforms, which are 
engaging and appealing, can help 
learners develop their vocabulary. 
 

§ Due to the frequent updating of 
material on social media, there will be 
a desire to learn more. 
 

§ With social media, learners develop 
an automated cognitive system that 
produces behavioral and motivational 
impulses to engage in rewarding 
actions. This system allows for the 
mental registration of links between 
inputs, behaviors, and rewards. 
(Meshi, Tamir, and Heekeren 2015) 
 

 
§ The total reliance on social media 

and the easy availability of 
information makes learners 
unproductive. 
 

§ Social media could be a distraction 
and waste of time. 
 

§ A lack of knowledge about social 
media content can lead to choosing 
the wrong resource. 

 
§ Social media can be an addiction. 

 
§ The use of social media might 

increase stress. 
 

§ Concerns over morality and 
privacy. 

 
§ Ownership issues. 

 
§ Workload issues. 

 
§ Fraud and scams. 

 
 
 
 

 
Table 6 highlights various strengths, weaknesses, opportunities, and threats associated with the 
integration of social media in the learning process. Strengths include the promotion of 
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personalized learner experiences, development of communication skills, and facilitation of 
social constructivist techniques. Opportunities encompass self-development, continuous 
learning, and enhancement of writing abilities through engaging platforms. On the downside, 
concerns about learner privacy, copyright issues, and the potential for distraction and addiction 
pose challenges. The comprehensive evaluation suggests a nuanced perspective on the 
multifaceted impact of social media in education, necessitating careful consideration of both 
advantages and drawbacks in its implementation. 
Currently, social media is widely used in MOOCs due to its many advantages, including its 
flexibility and convenience (Giannakos, Mikalef, and Pappas 2022). Social media has become 
a tool that can complement learning. 
Table 7 presents the most recent studies that point out the use of social media in MOOCs, 
focusing on the main finding of each work:  

Table 7 The use of social media in MOOCs 

Title Main Finding Reference 
 
 
 
Public perceptions 
towards MOOCs on 
social media: an 
alternative 
perspective to 
understand personal 
learning experiences 
of MOOCs 

 
§ Weibo is used as a public service medium to 

increase the accessibility of MOOC portals and 
as a space for learners to share their personal 
learning experiences, reflecting aspects of 
autonomous, self-regulated, interactive, and 
cooperative learning.  

 
§ MOOCs provide learners with autonomy and the 

capacity to express themselves informally and 
talk about their learning. - Weibo facilitates the 
formation of serious learning communities or 
groups through close peer connections and 
continual interactions to assist MOOC learning. 

 
 
 
(Shao et al. 2023) 

 
 
Pattern of social 
media engagements 
by the learners of a 
library and 
information science 
MOOC course: an 
analytical study 

§ Learners' active participation in the online 
discussion forum increased over time.  

 
§ The performance of social media involvement, 

particularly through the YouTube channel, 
became popular.  

 
§ The paper suggests the potential development of 

stable performance indicators based on online 
engagements in LMS platforms. 

 
 
 
(Naskar, Hasan, 
and Das 2021) 

 
An evaluation of 
social learning and 
learner outcomes in a 
massive open online 
course (MOOC): a 

§ Social media usage does not significantly affect 
knowledge outcomes but enhances affective 
outcomes.  

 
§ Engagement with social media tools does not 

impact knowledge-related learner outcomes, but 

 
 
 
 
(Anderson, 
Gifford, and 
Wildman 2020) 
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healthcare sector 
case study 

it provides a basis for enhanced attitudinal or 
'affective' learner outcomes.  

 
§ The use of social media tools in the MOOC 

program did not significantly impact 
knowledge-related learner outcomes, but it did 
contribute to positive affective learner 
outcomes. 

How can the 
participation in 
massive open online 
courses be 
increased? impact of 
social media 

The main findings include the investigation of 
reasons for the preference of MOOCs, the 
importance of social media in interaction, and 
the disadvantages of MOOCs. 

 
(Bicen and 
SAPANCA 
2020) 

 
Gamification of 
MOOCs Adopting 
Social Presence and 
Sense of Community 
to Increase User's 
Engagement: An 
Experimental Study 

§ The main findings are that the game elements 
successfully triggered social presence and SoC 
among MOOC users, but the expected 
association with user engagement was not 
confirmed.  

§ The study should be viewed in light of several 
limitations, including a limited sample size and 
potential bias in the questionnaire data. 

(Antonaci et al. 
2019) 

 
Modelling an 
interplay of adoption 
determinants with 
respect to social Web 
applications used in 
massive online open 
courses 

The main findings of the paper are the potential 
benefits of employing social Web applications 
in MOOCs to boost students’ motivation, the 
influence of students' acceptance on the 
successful implementation of social Web 
applications in MOOCs, and the examination of 
the psychometric characteristics of the research 
framework reflecting the interplay of adoption 
determinants with respect to two representatives 
of social Web applications meant for 
collaborative work. 

 
 
(Orehovački, 
Etinger, and 
Babić 2019) 

Exploring Social 
Media Data for 
MOOC 
Recommendation 

The main findings of the paper are the focus on 
using social media mining to acquire personal 
and professional data about learners for MOOC 
recommendation, addressing the lack of 
motivation in MOOCs, and outlining the process 
of applying data mining on a social media 
dataset for MOOC recommendation. 

(Assami, Daoudi, 
and Ajhoun 2019) 

The convenience and interactive features of social media make it a preferred tool for knowledge 
sharing and improving learning performance. Social media's growing popularity and its impact 
on contemporary culture make it a logical choice for integration with e-learning to enhance 
teaching and learning experiences. SWOT analysis highlights the motivating factors for 
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adopting social media in MOOC, considering its strengths, weaknesses, opportunities, and 
threats. Social media offers flexibility, convenience, and the ability to complement learning in 
MOOCs, creating engaging learning environments and facilitating knowledge sharing. It also 
positively influences learner engagement, academic achievement, interpersonal skills, and self-
confidence. The use of social media platforms like Facebook and WhatsApp has shown 
promising results in terms of learner satisfaction, interaction, and creating a sense of 
community. Overall, social media has transformed how learners engage, communicate, and 
socialize in their academic careers, making it a valuable tool in the e-learning landscape. 
 
MOOCs and social media differ in terms of user interaction. This diversity is important because 
social media interactions are so powerful and spontaneous that they help uncover hidden 
information about user profiles. Determining the user’s profile elements help to get a bird's eye 
view into what skills, interests and preferences matter for different learners in e-learning 
environment. It is crucial to make learners engaged in their learning process which can be 
achieved by embracing personalization and socialization. This can ensure that the learning 
efforts are aligned with what responds with their profile requirements. 
 
Using social data to construct the learner profile is known as learner social profiling. By doing 
so, it will be possible to learn more about the needs of the students and which one has to be 
strengthened. 
 
The aim is to make better use of learner interactions and generated content on social media to 
further facilitate interaction in MOOCs through ontology-powered profiles which will be 
highlighted in the next section. 
 

2. Learner profiling: 
 

2.1.Types of learner profile: 
 
The learner profiling system resolves issues by creating, managing, and displaying changed 
information about each learner. Learner profiling is essential in the e-learning field for 
satisfying and meeting the diverse needs of learners (Rezgui, Mhiri, et Ghédira 2014). 
 
There are three types of learner profile as presented in Table 8  (Cufoglu 2014), (T. Kulkarni, 
Kabra, and Shankarmani 2019), (Eke et al. 2019): 
 

Table 8 Types of Learner Profile 
Type Description Techniques used Advantages Disadvantages  
 
 
 
 
 
Explicit  

User manually creates user 
profile. 
 
It is also known as static 
profiling that is based on the 
static and predictable 
features of the user.  

Questionnaires, Rating 
 
By examining the 
information collected 
from online forms, 
surveys, and other 
forms of user-

The data 
obtained is 
often of 
excellent 
quality. 

Updates to the 
user's profile 
information are 
labor-intensive. 
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submitted data, one can 
forecast how users will 
behave.  
 
Via forms or surveys, 
an e-Learning user can 
be questioned about 
their interests, 
knowledge, and other 
factors. 

 
 
 
 
 
 
 
 
 
 
 
Implicit  

The system creates a user 
profile based on the 
interactions that have 
occurred between the user 
and the material in the past. 
 
It is a dynamic profiling 
approach.  
 
This type dynamically 
records or collects 
implicit user information. 
It does this by observing 
or tracking user 
interactions with the 
system. 
 
This approach examines 
user behavior to identify 
their interests. The user's 
visits to various links, the 
content they liked or 
downloaded, and other 
information can be 
tracked in the case of an 
e-learning site to improve 
the system's 
recommendations. 
 

Machine learning 
algorithms 

Easy to 
update in an 
automated 
way with 
minimal user 
effort 

Requires a 
large amount of 
user content 
interactions 
first before 
creating 
accurately a 
user profile 

 
 
 
 
Hybrid 
User 
Profiles 

User profiles that combine 
explicit and implicit 
information. 
 
Incorporates both the 
advantages of explicit and 
implicit profiling. It takes 

Both explicit and 
implicit techniques 

to strengthen 
each of the 
methods 
adopted and 
decrease 
their 
weaknesses 

N/A 
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into account both static 
features and user 
interactions with the 
system, which dynamically 
updates the user's profile. 

 
Learner profiling is crucial in the field of e-learning to meet the diverse needs of learners. There 
are three types of learner profiles: static profiles, which contain unchanging user attributes and 
available content; dynamic profiles, which capture user behavior and interests over time; and 
hybrid profiles, which combine static and dynamic elements. Static profiles rely on user-
provided information but can be unreliable due to privacy concerns. Dynamic profiles leverage 
temporal behavior analysis to capture users' evolving interests and preferences. Researchers 
have explored various approaches to learning dynamic profiles, such as using optimization 
techniques and graph Laplacian regularization to identify wellness events in users' timelines, 
and employing models like streaming keyword diversification and dynamic user and word 
embedding to track semantic representations and distinguish long-term and short-term interests.  
 
These efforts contribute to the development of more accurate and personalized learner profiles 
in e-learning environments. We will discuss ontological techniques for learner profiling and 
related research in the section that follows. 
 

2.2. Learner profiling using Ontologies: 
 
The process of creating learner profiles is crucial to personalize the learning experience. We 
provide learners with content based on his profile information. A learner profile can be 
developed by asking learners directly for information or by observing how they behave within 
the environment. Learner profiles are a valuable source of data since they not only include the 
basics information, such the name, age, and gender of the learners, but also information on their 
learning abilities, learning preferences, interests, and conditions (Rezgui, Mhiri, and Ghédira 
2014). Identifying the learner information and structuring the information in a way that 
facilitates semantic retrieval are the major challenges in the creation of learner profiles. 
 
The ontology representation of the user profile, particularly in MOOCs, has the ability to define 
the terms used to explain and express information in the learner's profile. It allows for the reuse 
of domain knowledge and the exchange of understanding among users. Additionally, based on 
an accepted model, it analyzes, separates domain information from operational knowledge, 
expressly shares, and exchanges profiles throughout the system. 
Numerous works have highlighted the learner profiles creation using ontologies in various 
fields as presented in Table 9: 
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Table 9 Overview of recent works in ontology-based learner profile 

Reference Description Techniques / 
Methods 

Key Contributions 
/ Findings 

(Assami, Daoudi, 
and Ajhoun 2023) 

Semantic-recommendation 
approach for enriching 
learner profiles in MOOCs 
based on behavior and 
motivation in a professional 
social network (LinkedIn). 

Semantic 
Recommendat
ion, MOOCs, 
LinkedIn Data 

Utilization of LinkedIn 
data for instantiating a 
learning actor ontology 
and matching learner 
needs with MOOC 
characteristics. 

(Peter Ozioma et 
al. 2022) 

Development of OntoULP, 
a semantic web ontology-
based e-Learning 
management system. 

OntoULP, 
Semantic 
Web, PHP, 
MySQL, 
JavaScript 

Creation of a semantic 
web ontology-based e-
Learning management 
system for improved 
search analysis and 
retrieval of tailored 
information. 

(Kordahi 2022) Presentation of OntoULP, 
an ontology and application 
for building digital User-
Learner Profiles. 

OntoULP, 
IMS LIP, 
Bloom's 
Taxonomy, 
Knowledge 
Domains 
Ontology 

Utilization of OntoULP 
for constructing tailored 
interactions and 
retrieving information 
based on IMS LIP, 
Bloom's Taxonomy, and 
knowledge domains 
ontology. 

(Missaoui and 
Maalel 2021) 

Development of a learner 
model and categorization of 
profiles in an adaptive 
gamified learning system. 

Ontology, 
Fuzzy 
Clustering, 
Classification 
Models 

Utilization of Fuzzy 
Clustering and 
Classification Models 
for learner profiling in an 
adaptive gamified 

(Ouatiq et al. 
2021) 

Creation of an ontology-
based learner profile 
incorporating pedagogical 
and psychological traits 
along with COVID-19 
health risks. 

Ontology, 
Knowledge 
Engineering, 
IMS-LIP 
Standard 

Development of an 
ontology-based learner 
profile combining 
pedagogical and 
psychological traits with 
COVID-19 health risks. 

(Bennani, Maalel, 
and Ghezala 
2020) 

Proposal of an adaptive 
gamification domain 
knowledge ontology called 
"AGE-Learn." 

AGE-Learn 
Ontology, 
Gamification, 
Personality 
Traits 

Introduction of AGE-
Learn ontology for 
incorporating learner's 
experience, personality 
traits, and motivations 
into gamified learning 
systems. 
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(EL AISSAOUI 
and OUGHDIR 
2020) 

Ontology-based 
recommender system for e-
learning using Felder-
Silverman (FSLSM) 
learning style model. 

Ontology, 
Recommender 
System, 
Felder-
Silverman 
(FSLSM) 

Incorporation of FSLSM 
for modeling learner 
profile and learning 
content in a 
recommender system, 
with two ontologies used 
for representation. 

(Kourtiche, 
mohamed 
Benslimane, and 
Hacene 2020) 

Development of OUPIP, an 
ontological user model for 
impairment persons, 
enhancing personalization 
based on disabilities and 
dynamic environments. 

OUPIP, 
Ontological 
User Model, 
Disabilities, 
Dynamic 
Environments 

Creation of OUPIP as an 
ontological user model 
for personalizing 
software and hardware 
based on disabilities and 
dynamic environments. 

(Joy and Raj 
2019) 

Ontology model for 
adaptive learner profiles 
and common Learning 
Object (LO) properties in 
content recommendation 

Ontology, 
JENA API, 
IEEE LOM 
Standard 

Development of an 
ontology model using 
JENA API and IEEE 
LOM Standard for 
tagging learning objects 
and building adaptive 
learner profiles. 

(Bourekkache et 
al. 2019) 

Ontological method for 
describing learner profiles 
and learning styles in 
personalized E-learning. 

Ontology, 
Multi-Agent 
System, 
Learning 
Styles 

Utilization of a multi-
agent system for 
modular, autonomous, 
and interactive 
components in 
ontological modeling of 
learner profiles and 
learning styles. 

(Nilashi, Ibrahim, 
and Bagherifard 
2018) 

Hybrid recommender 
system using Collaborative 
Filtering, dimensionality 
reduction, and ontology 
approaches. 

Collaborative 
Filtering, 
Dimensionalit
y Reduction, 
Ontology 

Addressing sparsity and 
scalability issues in 
recommender systems 
through a hybrid 
approach with ontology. 

(Yago et al. 2018) Description of ON-
SMMILE, an ontology 
network-based learner 
model for Multiple 
Learning Environments. 

ON-
SMMILE, 
Ontology 
Network, 
Semantic Web 

Integration of learners' 
knowledge state with 
rubrics, objectives, and 
units of learning 
information in a 
semantic web-based 
learner model. 

(Elias, Lohmann, 
and Auer 2017) 
 

Usage of an ontology to 
address accessibility in 

Ontology, 
IMS Global 
Learning 

Reuse and extension of 
the ACCESSIBLE 
ontology to represent 
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OpenCourseWare (OCW) 
systems. 

Consortium 
Specifications
, 
ACCESSIBL
E Ontology 

learner needs and 
preferences for improved 
accessibility in OCW 
systems. 

(Sateli et al. 2017) RDF Schema (RDFS) 
based model for 
automatically creating 
semantic user profiles for 
academic authors 

RDF Schema 
(RDFS), 
Natural 
Language 
Processing 
(NLP) 

Use of RDF Schema 
(RDFS) and NLP 
techniques for 
automatically creating 
semantic user profiles for 
academic authors. 

 
The table provides an overview of various research works related to ontologies and learner 
profiles in the context of e-learning and recommendation systems. It covers a wide range of 
topics, including the development of ontologies for personalized learning experiences, the use 
of semantic technologies for user profiling, and the application of ontologies in gamified 
learning systems. The table also discusses recommender systems based on ontologies, 
addressing accessibility in MOOCs, and proposing methods for creating social networks based 
on users' knowledge interests. 
Overall, learner profiling using ontologies offers a promising approach for capturing and 
representing learner information in MOOCs, enabling personalized and adaptive learning 
experiences. Ontologies facilitate the exchange and reuse of knowledge, supporting the 
development of intelligent recommender systems, adaptive learning environments, and 
collaborative learning platforms.  
The idea behind building the learner profile is to customize the learning experience for each 
learner according to his unique profile by capturing his interests and preferences.  As generating 
the user's interest can be challenging, topic modeling techniques are helpful in uncovering 
relevant thematic information related to the user. The next section introduces some works in 
the area of MOOCs and social media using topic modeling techniques. 
3. Topic modelling:  
Topic modeling techniques analyze the textual content and identify patterns, recurring themes, 
and underlying topics that are present in the data. By extracting and organizing the main themes 
from the text, topic modeling enables a better understanding of the content and allows for 
personalized recommendations and content filtering. In the context of MOOCs, topic modeling 
was used to detect learning topics interest from course reviews and discussion forums as well. 

 
3.1.Topic modeling in MOOCs: 

 
In the context of MOOCs, understanding what captures learners' attention has gained precision 
through advanced topic modeling techniques. These methods, focusing on discussion forum 
posts and course review, reveal the evolving subjects that engage learners. 
According to (Sanya Liu et al. 2017), authors developed an author topic model, in order to 
extract the topic of interest for customized course recommendation. In another work (Peng et 
al. 2016), authors suggested a Like-Latent Dirichlet Allocation (Like-LDA) model in order to 
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create a learner subject interest profile by including the behavioral characteristic "like". 
Furthermore, a Behavior-Sentiment Topic Mixture (BSTM) topic model, which combines 
emotion and behavior to reveal learners' focused subjects as well as learners' attitudes and 
behavioral patterns toward these topics, was mentioned in the work given in (Sannyuya Liu et 
al. 2019). Moreover, authors in  (Lubis, Rosmansyah, and Supangkat 2019), created a topic 
model using LDA with previous knowledge relevant to the course based on constructive 
subjective reviews and sentiment analysis. The goal is to understand the elements that affect 
the teaching and learning process. 
Time Information-Emotion Behavior Model (TI-EBTM), an improved dynamic topic model 
that automatically tracks the temporal subject changes in discussion forums, was used by 
authors in (Peng et al. 2020) to assess the discussion postings of learners. Similarly, Latent 
semantic analysis (LSA) was also utilized in the study mentioned in (B. Yang et al. 2022) to 
categorize and identify students who had unique longitudinal profiles of topic-relevant forum 
posting in MOOCs. Further, Authors in (Onan and Toçoğlu 2021), developed a document-
clustering approach on discussion forum posts from MOOCs based on weighted word 
embeddings and clustering to identify discussion post question subjects. 
 

3.2.Topic modeling in social media:  
 

Social media is a valuable resource for knowledge discovery and behavior analysis. One of the 
most widely used social networks is Twitter, whose assessment and analysis can be highly 
useful for examining user behavior. Social media offers reliable sources for analyzing user 
activity and capturing user preferences. Using topic modeling techniques (such as LDA) can 
play a significant role in the discovery of hidden structures related to user behavior in social 
media because the user generated data (such as users' activities, user interests) in social media 
is a challenge. 
In (He et al. 2020), authors used a probabilistic topic model to automatically identify interest 
tags for non-famous people on social networks like Twitter based on their social connections to 
famous users, without requiring text content information. Further, a Forum-LDA model is 
created in (C. Chen and Ren 2017) to simulate the joint generative process of the root post, 
relevant and irrelevant response posts. The model discovers coherent subjects and significant 
interests as well as unethical users who frequently add irrelevant content. Moreover, authors in 
(K. Kim et al. 2021), suggested a framework based on the LDA model, using both text and 
visual features to detect user interests and recommend POIs and potential friends to target users. 
In addition, a method for identifying the interests of microblog users based on multi-granular 
text feature representation was provided in .(Yu and Li 2021). The authors employed a text 
vector for microblogging, an LDA model to extract the content's topic aspects, and an LSTM 
technique to learn the semantic features of the phrases. 
Topic modeling not only helped identify main themes in the text but also enabled a detailed 
exploration of sentiment, improving our capacity to uncover and comprehend the emotional 
aspects present in the content as highlighted in the following works: 
The work pointed out in (Heidari and Jones 2020), presented a new model using Bidirectional 
Encoder Representations from Transformers (Google Bert) for tweet sentiment classification to 
find topic-independent characteristics features for social media bot detection. In (Pathak, 
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Pandey, and Rautaray 2021), a deep learning-based topic-level sentiment analysis model was 
put forth to provide scalable and dynamic topic modeling over streaming short text data in social 
media and to carry out sentiment analysis at the topical level. The authors in (Bhattacharya et 
al. 2014) concentrated on topical tweeter recommendations and provided a cutting-edge method 
for identifying a user's interests on Twitter.  They utilized an L-LDA model (Labeled Latent 
Dirichlet Allocation) to identify latent topics between two tweet sets. The authors discovered 
that their approach to determining user interest may be better to content-based approaches. 
In addition, a recommendation system based on LDA named TWILITE was proposed (Y. Kim 
and Shim 2014) for gathering the behaviors of Twitter users. More specifically, TWILTW has 
incorporated ranking algorithms to suggest users' top-K Twitter followers based on the topic 
distributions of users' tweets. 
By analyzing the entities that users mention in their Tweets, the authors of (Michelson and 
Macskassy 2010) create a topic-profile that describes the topics of interest of users. The method 
makes use of a knowledge base to understand and classify the entities in the Tweets. In (Xu et 
al. 2011), the authors suggest a modified author-topic model called the twitter-user model to 
extract their topics of interest. The model employs a latent variable for each individual tweet to 
determine whether it is associated with its author's interests. In (Bhattacharya et al. 2014), 
authors provide an approach for theme discovery of a user on Twitter. A Labeled Latent 
Dirichlet Allocation (L-LDA) model is used to identify latent topics between two tweet sets. 
The authors of (Giri et al. 2014) employ an LDA model to comprehend the interests of the 
mobile users based on their browsing history. They draw attention to the fact that a user's time 
spent on a particular website is closely related to their interest in its contents. Based on this, 
they suggest an expanded model that effectively incorporates this durational information by 
oversampling the URLs. In (Besel, Schlötterer, and Granitzer 2016), authors described a 
method for determining a user's interests from Twitter followers (the accounts the user follows) 
rather than tweets. The English Wikipedia is used as the knowledge base for extracting named 
entities, and a spreading activation algorithm is used to aggregate the various interests into a 
more abstract interest profile. In (Piao and Breslin 2017), authors suggest a user modeling 
approach that uses followees' (the accounts they follow) biographies to determine user interest 
profiles for inactive users. By simultaneously assuming user groups and interests based on 
social media interactions, the authors of (Sadri, Hasan, and Ukkusuri 2019), provide a method 
to characterize social interaction networks. They present three main models for drawing 
conclusions about patterns: (1) The interest pattern model (IPM), which captures topics of 
interaction at the population level; (2) The user interest pattern model (UIPM), which captures 
topics of interaction specific to the user; and (3) The community interest pattern model (CIPM), 
which captures both community structures and user interests. 
Topic modeling techniques have been applied in both MOOCs and social media contexts to 
uncover relevant thematic information related to users. In MOOCs, topic modeling is used to 
detect learning topics of interest from course reviews and discussion forum posts. Authors have 
developed various models such as author topic models, Like-LDA models, and Behavior-
Sentiment Topic Mixture (BSTM) models to extract learners' subject interests, behavioral 
patterns, and attitudes toward topics. These models help in customized course 
recommendations, learner subject interest profiling, and understanding factors affecting the 
teaching and learning process. 
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In social media, topic modeling techniques are valuable for analyzing user behavior and 
identifying user interests. Topic modeling has been applied to social networks like Twitter to 
automatically identify interest tags for non-famous users based on their social connections, 
simulate generative processes of discussion posts, detect user interests using text and visual 
features, and identify microblog user interests based on multi-granular text feature 
representation. Sentiment analysis in social media has also been performed using topic 
modeling, where models have been developed for sentiment classification, sentiment analysis 
at the topical level, and tweeter recommendations based on latent topics. 
Overall, topic modeling in both MOOCs and social media allows for the discovery of hidden 
structures, user interest profiling, behavior analysis, and sentiment analysis. These techniques 
help uncover relevant thematic information related to users, enabling personalized 
recommendations, understanding user preferences, and enhancing user engagement and 
satisfaction. 
Conclusion:  
In conclusion, the integration of social media platforms in MOOCs has significantly impacted 
the field of e-learning, particularly during the COVID-19 pandemic. Social media platforms 
offer numerous opportunities for communication, resource sharing, and active learning, thereby 
enhancing the educational process. The convenience, interactivity, and popularity of social 
media make it a preferred tool for knowledge sharing and improving learning performance in 
MOOCs.   
The learner profile plays a crucial role in the field of e-learning, as it aims to meet the diverse 
needs of learners. Learner profiling involves capturing and managing information about each 
learner, including their basic attributes, learning styles, preferences, and interests. By creating 
and maintaining learner profiles, e-learning systems can provide personalized and adaptive 
learning experiences. The use of ontologies for learner profiling in e-learning systems enhances 
the representation and exchange of knowledge, supporting the development of intelligent 
recommender systems, adaptive learning environments, and collaborative learning platforms.  
 
Topic modeling techniques play a vital role in uncovering relevant thematic information related 
to learners. In both MOOCs and social media contexts, topic modeling has been applied to 
extract learning topics of interest, identify behavioral patterns, and understand user preferences.  
 
In MOOCs, topic modeling is used to analyze course reviews and discussion forum posts, 
enabling customized course recommendations, learner subject interest profiling, and a deeper 
understanding of factors influencing the teaching and learning process. In social media, topic 
modeling assists in analyzing user behavior, identifying user interests, and sentiment analysis. 
By utilizing topic modeling techniques, personalized recommendations, content filtering, and a 
better understanding of learners' needs can be achieved.  
 
The impact of social media use in MOOCs, combined with learner profiling and topic modeling, 
has transformed the way learners engage, communicate, and socialize in their learning journeys. 
Learners' satisfaction, engagement, and academic achievements have been positively 
influenced by the integration of social media platforms, allowing for more interactive and 
collaborative learning experiences. Learner profiling, facilitated by ontologies, enables the 



Chapter 2: Related Work 

62 
 

customization of learning experiences based on individual learners' unique profiles, ensuring 
that learning efforts align with their specific requirements. Topic modeling techniques further 
enhance the personalization of learning by uncovering relevant thematic information and 
tailoring content recommendations to learners' interests.  
 
Nonetheless, a lot of research has concentrated on enhancing or modeling learner profiles based 
on interactions, behaviors, and personal information in e-learning environments for a variety of 
goals. As far as we are aware, little effort has been done to systematically build or enrich the 
learner profile with his social information and based on his activity and involvement within 
social media.  
In the next chapter, we will present our contribution that consists of building a social profile 
ontology based on the learner’s information within both MOOCs and social media 
environments. 
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1. Introduction:  
 
Learner profile has emerged as a feasible model that support and promote the provision of   
learning opportunities. The use of learner profiles is one of the ways to adapt learning to the 
learners' specifics. 
Modeling user profiles using publicly shared data on social media is referred as “Social 
Profiling” (Bilal et al. 2019).  Social media has proved to be useful in many aspects to improve 
learning process and contribute to its success. Using social information and social behavior of 
users (clicks, posts, likes, etc.) for generating user profiles is beneficial since the User-
Generated content hide the implicit interests of the user. Learners can be convinced and 
“seduced” into learning by providing them the support they need in finding the right courses 
that respond to their preferences. 
 
The modeling of learners' profiles in MOOCs has been approached in different ways, 
considering their interactions, activities, and personal information within the e-learning 
environment. However, there have been limited attempts to extensively capture and enhance 
learner profiles by incorporating their characteristics, information, and interactions within 
social media platforms. 
 
In this thesis, we implement an ontology-based profile approach by introducing our unique 
attributes and leveraging well-known ontologies and standards in order to implement our Social 
Profile Ontology (SPOnt) considering the learners’ interests and preferences. In particular, we 
are extending concepts from IMS LIP, FOAF, Schema and DCMI standards, Felder-
Silverman taxonomy, SIOC, Organization and Emoji ontology to represent learners’ profile in 
both MOOCs and social media environments. We first create local ontologies and then, we rely 
on ontology mapping and merging techniques, to generate the global ontology that constitutes 
the Social Profile Ontology (SPOnt). 
 
In the following sections, we highlight a detailed description of the different stages of the 
building of our Social Profile Ontology. 

2. Overall architecture of ontology building: 
The process of modeling a learner profile using ontologies encompasses various key aspects, 
including: 

§ Analyzing the learner ‘s requirements in MOOCs and Social Media environments (i.e., 
analyzing the learner ‘s personal and behavioral characteristics); 

§ Establishing the essential ideas that can describe and represent these learner 
characteristics and stating any potential features for these concepts; 

§ Creating the connections among the ontology concepts. 
§ Hierarchical classification of such notions and properties; 
§ Encoding these concepts and relationships using ontology building tools, and 

representing them in a formal ontology language for usage in adaptive applications. 
Figure 7 depicts the overall architecture of building the social profile ontology. It consists on:  
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• Identifying the key concepts that constitutes the learner profile in both MOOCs and 
social media. 

• Creating two local ontologies that represents the learner profile in MOOCs and social 
media respectively using Protégé. 

• Relying on ontology mapping and merging techniques to generate the learner social 
profile using COMA 3.0 tool. 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 

 
 
 
 
 
The creation of the two local ontologies has been achieved by including our custom attributes 
after investigating a set of profiles in MOOCs and social media. We reused, extended and 
integrated as well some standards and ontologies such as IMS LIP, FOAF, Felder’s taxonomy, 
SIOC ontology, etc.   
In the next section, we will highlight these concepts in details, as well as the process of ontology 
mapping and merging with COMA 3.0 tool. 
 

2.1. Concepts:  
The local ontologies have incorporated many terms from other standards and ontologies along 
with our custom concepts: 
 

2.1.1. IML LIP standard: 
 (“IMS Learner Information Packaging Information Model Specification | IMS Global Learning 
Consortium,” n.d.): is employed as the gold standard for modeling and storing learner profile 
data: A data model describing the characteristics of learners serves as the foundation for the 
IMS Learner Information Package. Identity, QCL, Accessibility, Activity, Aim, Competence, 

       

 
 

Figure 7 Overall architecture of Ontology Development 
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Interest, Transcript, Affiliation, Security key, and Relationship are the eleven basic categories 
into which the learner's information is divided. In other words, just the necessary data needs to 
be kept and packed; these categories reflect the fundamental data structures needed to support 
learner information. (As depicted in Figure 8) The section on ontology implementation will go 
into further detail about the various components. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2.1.2. Friend Of A Friend (FOAF) vocabulary:  
FOAF project was established in 2000 to publish and exchange descriptions of people, their 
creations, and activities. The FOAF vocabulary standard provides a few fundamental types of 
entities (Person, Organization, Group, and Document), as well as the relationships that typically 
exist between them (Graves, Constabaris, and Brickley 2007). According to the "FOAF 
Vocabulary Standard", FOAF is a dictionary of terms that are either a class or a property 
(“FOAF Vocabulary Specification,” n.d.). It describes the world using straightforward concepts 
drawn from the web. Some of the classes and properties that specifically characterize the social 
web were reused. 

2.1.3. Schema:  

With the goal of developing, preserving, and promoting schemas for structured data on the 
Internet, in web pages, email messages, and elsewhere, Schema.org is a cooperative community 
project. RDFa, Microdata, and JSON-LD are just a few of the several encodings that can be 
utilized with the Schema.org vocabulary. Through a well-documented extension model, these 
vocabularies—which include entities, connections between things, and actions—can be easily 
expanded (Iliadis et al. 2022). 

 
Figure 8  Learner Information Package (LIP) data 
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2.1.4. The Dublin Core Metadata Initiative (DCMI): 

RDF vocabularies are used to represent DCMI metadata terms so they can be used with Linked 
Data. By ignoring both the global identifier and the formal implications of the RDF-specific 
elements of term definitions, authors of non-RDF information can use the terms in settings like 
XML, JSON, UML, or relational databases. These users might focus on the definitions, usage 
notes, and examples' natural-language text and approve domain, range, sub-property, and 
subclass relations as usage suggestions (A. Zhang, Zhang, and Jia 2023). 

 
2.1.5. Felder-Silverman taxonomy:  

 A number of different learning style models have been proposed in the literature, including 
those by Felder and Silverman (Felder 2002), Mayer and Myers (Briggs Myers and Myers 
1995), and Kolb (El-Bishouty et al. 2019). Each of these models offers a different description 
and classification of the various learning types. In adaptive e-learning systems, learning style 
models are frequently employed to simulate how students learn. Learning styles are "the 
distinctive cognitive, affective, and physiological responses that serve as relatively stable 
indications of how learners perceive, interact with, and respond to the learning environment," 
according to Keefe (Keefe and Kiernan 1979). Learning styles offer knowledge about the 
various learning methods that students like, and as a result, they offer important details about 
student preferences. This knowledge can therefore be used to optimize the learner's learning 
process. 
 
We are relying on the Felder-Silverman learning style framework in our work (FSLSM). Felder 
and Silverman explain a learner's learning style in greater detail by differentiating between 
preferences on four dimensions, in contrast to the majority of existing learning style models 
that divide learners into a small number of categories. is a four-dimensional model, according 
to Howard, Carver, and Lane (Howard, Carver, and Lane 1996):   
 

• Perceive Dimension (“Sensing” / “Intuitive”): Identifies the preferred method of 
perception or knowledge absorption for the learners. 

• Process Dimension (“Active” / “Reflective”): Specifies the preferred method of 
information processing by the learners.  

• Receive Dimension (“Visual” / “Verbal”): Describes the preferred method of 
information presentation for the learners. 

• Understand Dimension (“Sequential” / “Global”): Illustrates how learners prefer to 
arrange and advance through information. 

 
2.1.6. Organization ontology:  

This ontology has been created with the purpose of facilitating the dissemination of information 
concerning organizations and their structures, including governmental organizations. The main 
objective is to offer a versatile and adaptable core ontology that can be expanded or customized 
to suit specific contexts (“The Organization Ontology,” n.d.). 
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The ontology provides a set of terms to assist in representing the following: 
• Organizational structure: 

§ Concept of an organization 
§ Breakdown into sub-organizations and units 
§ Purpose and categorization of organizations 

• Reporting structure: 
§ Membership and reporting relationships within an organization 
§ Roles, positions, and the connections between individuals and organizations 

• Location details: 
§ Sites or buildings, as well as locations within those sites 
§ Organizational history, including mergers and renaming events. 

Figure 9 presents the main classes and relationships in the organization ontology: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

2.1.7. SIOC ontology (“SIOC Core Ontology Specification,” n.d.):   
 
The SIOC (Semantically-Interlinked Online Communities) Core Ontology offers the core 
concepts and attributes necessary to characterize data from online communities (such as 
message boards, wikis, weblogs, etc.) on the Semantic Web as presented in Figure 10. The 
SIOC Core Ontology offers more classes and properties in addition to those shown in this 
Figure. 
 
 
 
 
 
 

 
Figure 9 Overall illustration of Organization ontology 
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2.2.  Ontology mapping and merging process: 
 
The two local ontologies (O1, O2) were mapped and then merged using COMA 3.0, which 
conducts matching and merging on relational database schemas, XSD (XML Schema), 
OWL (OWL-Lite), XDR (XML Data Reduced), and OWL (OWL) (Do and Rahm 2002).  
 
The matching algorithm tool COMA 3.0 implements an iterative approach based on a 
variety of matching algorithms(matchers) for ontology mapping (Li et al. 2016).  COMA 
3.0 is divided in 4 modules as presented in Figure 11:  
 

§ Storage: This is mainly composed of the Importers, which upload schemas, 
ontologies, previous mappings, and auxiliary data (such instance data, dictionaries, 
etc.) into the repository where they are persistently kept. These files are directly 
accessible from the repository and can be utilized to complete related tasks. 

§ The Match Execution: is the core of COMA. It takes as input two schemas or 
ontologies, employs a number of matching methods, and computes the match 
outcome. The Execution Engine selects the pertinent schema components for 
matching in this module, uses a variety of matching techniques, and then combines 
the partial results to provide the whole match result. The acquired mapping can be 
fed into the following iteration for more fine-tuning. 

§ The Mapping Processing module: Once the match result is determined, more 
actions are carried out using the Mapping Processing module. It enables automatic 
enrichment of mappings (such as the detection of complex correspondences), model 
merging (ontology merging), and data transformation, either directly or by using a 
query script. 

 
Figure 10 Main classes and properties in the SIOC ontology 
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§ The User Connection module consists of a full-fledged GUI, a SaaS-solution and 
an API.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The ontology merging process is described as follow in COMA 3.0: The procedure uses the 
match mapping as input and generates a merged ontology, which is an integrated ontology. In 
our case, the input is the mapped ontologies and the output is the global ontology 
that contains our social profile.  
 
The following section presents in details the building process of our social profile ontology 
using METHONTOLOGY methodology. 

3. Process of building the Social Profile Ontology: 
The social profile ontology was carried out through three major steps as presented in Figure 12 
and which contains:  

§ Local ontologies creation process using METHONTOLOGY method. 
§ Ontology mapping process using COMA 3.0. 
§ Ontology merging process using COMA 3.0. 

                                   

 
Figure 12 Sequences of steps for the implementation of the social profile ontology 

 

Step 1:
Local Ontologies 

creation using  
Methontology

Step 2: 
Ontology mapping 

using
COMA 3.0

Step 3:
Ontology merging 

using 
COMA 3.0

 
Figure 11 COMA 3.0 architecture 
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3.1.  Local ontologies creation process using METHONTOLOGY method: 
 
METHONTOLOGY, one of the most well-known and complete methodology for ontology 
development, serves as the foundation for the methodological approach used to build, 
implement, and portray the ontology in our work. 
METHODOLOGY is a well-structured approach that consists of a number of activities, 
techniques for carrying out each activity, and deliverables to be created after the completion of 
the activities using the techniques (Fernández-López, Gómez-Pérez, and Juristo 1997b).  Figure 
13 highlights the life cycle of building an ontology starting from planning and arranging the 
main tasks to be carried out, the time needed to perform this activity and the resources used 
(people, software and hardware). The other activities presented in the development process of 
the ontology will be discussed in details in the following section. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.1.1. Ontology specification:  

The ontology requirements specification document is what this phase intends to develop 
(ORSD). The document describes the main goal, function, level of granularity, and scope of 
the ontology (Yulianti and Surendro 2018). After a literature review of ontology- based user 
profile in the area of e-learning, we determined its ORSD, as presented in Table 10. 

Table 10 ontology requirements specification document (ORSD) 

Domain E-learning, MOOCs and social media  

 
Purpose 

Build a social learner profile that contains information 
about leaners from his interaction and participation in both 
MOOCs and social media  

Level of formality Formal  

 
Figure 13 METHONTOLOGY life cycle 
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3.1.2. Knowledge acquisition:  

 
This phase's goal is to collect and elicit the domain knowledge needed to create the ontology 
(Waqialla et Razzak 2016). Our solution uses a literature review approach to gather information 
for modeling ontologies from specification through conceptualization about learners in 
MOOCs. Moreover, knowledge regarding user profiles has been gathered from a variety of 
sources, such as books, papers, well-known standards, and other ontologies that are already in 
existence. We began by defining the concepts, relationships, and properties for the primary 
classes in each ontology. 

 
3.1.3. Conceptualization:  

 
This phase's goal is to organize the domain knowledge into a conceptual model that expresses 
the issue and possible solutions in terms of the domain keywords during the ontology 
specification activity  (Waqialla and Razzak 2016). The conceptualization activity entails the 
set of knowledge structuring tasks depicted in Figure 14: 
 
 
 
 
 

 
 

Scope 

List of the different concepts that model the user profile in 
both MOOCs and social media environments, including the 
interests and preferences of the user, personal involvement 
including behavior vis-à-vis a post (like, comment, share), 
learning styles, etc. 

Requirements and 
competency questions 

Requirements are analyzed based on study cases about the 
challenges that surround learners in their process of learning 
including drop-out, lack of satisfaction, lack of interaction.   
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3.1.3.1. Task 1: Glossary of terms 

The glossary of terms task's objective is to compile a list of all the terms that are pertinent to 
the field (concepts, instances, attributes, relationships between concepts, etc.), together with 
their natural language explanations, synonyms, and acronyms.  

Table 11 illustrates the glossary of terms for the local ontology that represents the learner profile 
in MOOC environment.  

Table 11 An excerpt of the glossary of terms of ontology-based learner profile 

Name Synonyms Description Type 
Learner 
Profile 

Profile Describes learner’s characteristics and 
information  

Concept 

 
Personal 

Information 
 

Basic 
Information 

 
Identification 

 

Personal information such as 
name, address contact info, agent and 
demographics. 

 
Concept 

Course 
Preferences 

Preferences 
 

Learning 
Preferences 

Describes the learner preferred way for 
learning including: Preferred learning 
resources and learning styles 

 
 

Concept 

 
Education 

-- Describes the learner ‘s education 
information including: university, degree, 
field of study, etc. 

 
Concept 

 
Figure 14 knowledge structure of conceptualization phase 
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Social media 

accounts 

 
User account 

 
Online 
account  

Describes the individual social media 
accounts like Gmail, Facebook, LinkedIn, 
Twitter, Instagram, etc. 

 
Concept 

Has Profile -- -- Relation 
Has highest 

degree 
-- -- Relation 

Holds 
account 

-- -- Relation 

Account 
Name 

-- Describes the name of the online account  Attribute 

etc etc etc etc 
  
After highlighting the glossary of terms for the learner profile ontology in MOOC environment, 
Table 12 presents an excerpt of the glossary of term of the ontology-based learner profile in 
social media. 
 
 

Table 12 An excerpt of the glossary of terms of ontology-based user profile 

Name Synonyms Description Type 

Privacy 
setting 

 
-- 

Relates to learner's decision regarding his profile to 
be public or private 

Concept 

Likes -- Describes the type of likes that a post receives. It 
can be a smiley emoji, crying face, a heart emoji, 
etc. 

Concept 

Groups User group Represents the groups the user is a part of on social 
media 

Concept 

Notification -- Represents the notifications the user receives on 
social media 

Concept 

Notification 
type 

 
-- 

Represents the type of notification either it is a 
‘Comment Notification ‘or ‘Like Notification ‘or 
‘Profile Visit Notification ‘, etc.  

 
Concept 

Has follower -- -- Relation 

Has profile 
photo 

-- -- Relation 

Received 
notification 

-- -- Relation 

Gender  -- -- Attribute  

etc etc etc Etc 
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3.1.3.2.Task 2: Concept Taxonomies 
 
METHONTOLOGY suggests using the four taxonomic relations known as Subclass Of, 
Disjoint-Decomposition, Exhaustive-Decomposition, and Partition that were specified in the 
Frame Ontology (Farquhar, Fikes, and Rice 1997) and the OKBC Ontology (Corcho, 
Fernández-López, and Gómez-Pérez 2006). 
 

§ Subclass Of: A concept C1 is a Subclass-Of another concept C2 if and only if each 
instance of C1 is likewise an instance of C2. A concept can be a subclass of more than 
one concept in the taxonomy. 
 

§ Disjoint-Decomposition of a concept C is a set of subclasses of C that do not share 
instances and do not cover C, meaning that instances of the concept C may exist that are 
not instances of any of the concepts in the decomposition.  

 
§ An Exhaustive-Decomposition of a concept C is a collection of subclasses of C that 

include C and may have shared instances and subclasses; hence, there cannot be 
instances of C that are not also instances of at least one of the concepts in the 
decomposition. 

§ A Partition of a concept C is a set of subclasses of C that do not share common instances 
and that cover C, that is, there are not instances of C that are not instances of one of the 
concepts in the partition.  

 
3.1.3.3.Task 3: Ad hoc binary relations diagram  
 
Ad hoc binary relations diagrams are used to create ad hoc connections among concepts 
belonging to the same (or other) concept taxonomy (Corcho et al. 2005).  Figure 15 presents a 
fragment of the ad hoc binary relation diagram of the local ontology-based learner profile in 
MOOC. 
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Figure 16 illustrates the ad hoc binary relation diagram of the local ontology-based learner 
profile ontology in social media. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.1.3.4.Task 4 : Concept dictionary 

 

 
Figure 15 ad hoc binary relation diagram of learner profile ontology 

 

 
Figure 16 ad hoc binary relation of user profile ontology 

 
Figure 17 ad hoc binary relation diagram of user profile ontology 
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Each domain concept, along with all of its relations, instances, and class and instance 
characteristics, is contained in a concept dictionary (Corcho et al. 2005). Table 13 highlights 
an excerpt of the concept dictionary of ontology-based learner profile in MOOC. 

 

Table 13 An excerpt of the concept dictionary of ontology-based learner profile  

Concept name Instance Class attribute Instance 
attribute 

Relations 

Learner profile --- --- --- Has_PersonalInformation 
Enrolled_in 
Has_CoursePreferences 
Has_WorkExperience 
Has_skill 
Holds_account 
etc. 

Course 
Preferences 

 --- Course Name 
Duration 

Skills 
 

 

Learning Styles --- --- Learning Style 
Type 

Learning Style 
name 

Has_LearningStyle 

Learning 
Resources 

PDF 
Videos 
Images 

etc. 

--- Learning 
resource type 

 
Learning 

resource format 
 

Has_LearningResources 

etc etc etc etc Etc 
 

Table 14 presents an overview of the concept dictionary for the ontology-based learner profile 
in social media. 
                                

Table 14 An excerpt of the concept dictionary of ontology-based user profile 

Concept 
name 

Instance Class 
attribute 

Instance attribute Relations  

 
 

 
User Profile 

 
 
 

--- 

 
 
 

--- 

 
 
 

--- 

Has_follower 
has_PersonalInformation  
Holds_account  
Has_PrivacySetting 
Friend_of 
Has_interest 
etc. 
 

 
Online 

Account 

Facebook 
Instagram 
LinkedIn 
Twitter 

--- 
 

--- 

 
Account URL 

Account_of 
Holds_account 
etc. 
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etc. 
User Account -- --  

Account name 
 
 
 
 

Account_of 
Friend_of 
Has_Follower 
Has_PrivacySetting 
etc.  
 

 
Post 

 
--- 

 
--- 

Creator 
Content 
Post date 

Post likes count 
Post shares count 

 
 
 

Has_post 
shared_by  
created_by 
etc. 
 

 
Group 

 
--- 

 
--- 

Group_name 
Group_description 
moderator_name 

 

Has member  
Has moderator  
etc. 

etc etc etc etc etc 
 
 
3.1.3.5.Task 5: ad hoc binary relation in details  

This task's objectives are to construct the ad hoc binary relation table and to thoroughly 
characterize each ad hoc binary relation found in the concept dictionary. 

We list the name, the names of the source and target concepts, the cardinality, and the inverse 
relation for each ad hoc binary relation.  

Tables 15 shows a section of the ad hoc binary relation table of the ontology-based learner 
profile in MOOC. 

Table 15 An excerpt of ad hoc binary relation for ontology-based learner profile 

 
Table 16 illustrates an extract of the ad hoc binary relation regarding the ontology-based learner 
profile in social media. 
 

Relation Name Source 
Concept 

Source 
Cardinality 

(Max) 

Target Concept Inverse Relation 

Has Personal 
Information 

Learner 
Profile 

1 Personal information -- 

Has Courses 
Preferences 

Learner 
profile 

N Course Preferences -- 

Has Learning 
Styles 

Course 
Preferences 

N Learning Styles -- 

etc etc etc etc etc 



Chapter 3: A social profile ontology to enhance the learning experience within MOOCs 
 

79 
 

Table 16 An excerpt of ad hoc binary relation for ontology-based user profile 

Relation 
Name 

Source Concept Source 
Cardinality 

(Max) 

Target Concept Inverse 
Relation 

Holds_account User Profile N User account -- 
Has Personal 
Information 

User profile 1 Personal 
Information 

-- 

Has 
attachment 

Post N Attachment -- 

etc Etc etc etc Etc 
 
3.1.3.6.Task 6 : Instance attributes in details  
The purpose of this task is to create an instance attribute table that uses detailed descriptions of 
all the instance characteristics that are currently present in the concept dictionary. The instance 
attribute table's row-by-row explanation of each instance attribute is contained within each row. 
A concept's instances are described via its instance attributes, which may have a distinct value 
for each instance. We list the following information for each instance attribute: its name, the 
concept it belongs to (attributes are specific to concepts), its value type, and range of values (in 
the case of numerical values); minimum and maximum cardinality; instance attributes, class 
attributes, and constants used to infer values of the attribute; attributes that can be inferred using 
values of this attribute; formulas or rules that allow inferring values of the attribute; and 
references used.  Table 17 presents a fragment of the instance attribute table of ontology-based 
learner profile. 
 

Table 17 An excerpt of attributes for ontology-based learner profile  

Instance 
Attribute Name 

Concept Name Value Type Value Range Cardinality 

Name Personal 
Information 

String --- (1,1) 

Gender Personal 
Information 

String --- (1,1) 

Learning Style 
Type 

Learning Styles String --- (1,1) 

etc. etc. etc. etc. etc. 
 
Table 18 shows an excerpt of attributes for ontology-based learner profile in social media. 

Table 18 An excerpt of attributes for ontology-based learner profile 

Instance Attribute 
Name 

Concept Name Value Type Value Range Cardinality 

Likes count  Likes Integer --- (1,1) 
Comment content Comments Literal --- (1,1) 

Account name User Account String --- (1,1) 
etc. etc. etc. etc. etc. 
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3.1.3.7.Tasks 7,8,9,10 &11:  
 
These activities are designed to thoroughly characterize all of the class properties, constants, 
formal axioms, and rules that are already listed in the concept dictionary. After the ontology's 
conceptual model has been developed, it is crucial to specify pertinent instances that exist in 
the concept dictionary inside an instance table. (Corcho et al. 2005).  
Figures 18 and 19 presents an overview of the two local ontologies including their classes and 
subclasses. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figures 20 and 21 show an excerpt of object properties of the two local ontologies: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 19 Overview of ontology-based learner profile 

concepts 

 

 
 
 

 

 
 

Figure 18 overview of ontology-based user profile 
concepts 

 



Chapter 3: A social profile ontology to enhance the learning experience within MOOCs 
 

81 
 

 
 
 
 
 
 
 
 
 

 
3.1.4.  
3.1.5.  
3.1.6.  
3.1.7.  
3.1.8.  
3.1.9.  

 
 
 
3.1.4.  Integration: 
Throughout ontology development, we identified terms that could be included from other 
ontologies. we use well known standards for modeling the learner profile in MOOCs 
including: FOAF, IMS LIP standard as well as Felder’s taxonomy for describing the learning 
styles. For representing the user profile in social media, we use SIOC ontology and Emoji 
ontology.  
 
3.1.5. Implementation:  

 
The use of an environment that supports the meta-ontology and ontologies chosen during the 
integration phase is necessary for the deployment of ontologies. This phase ends with the 
ontology being formalized in a formal language. We used Protégé v5 to implement the two local 
ontologies.   
Protégé (Kapoor and Sharma 2010) is an ontology and knowledge base editor created at 
Stanford University. Protégé is free, developed in Java, it can be extended, and a plug-and-play 
environment is provided, making it a versatile platform for application development and rapid 
prototyping. Protégé enables the definition of classes, class hierarchies, variables, variable-
value limitations, relationships between classes, and the characteristics of these relationships. 
The most recent RDF and OWL 2 Web Ontology Language specifications from the World Wide 
Web Consortium are fully supported by Protégé. Protégé's strength is that it supports tool 
developers, knowledge engineers, and domain experts all at once. 

 

Figure 21 Excerpt of the object properties of the 
ontology-based learner profile 

 

 
 

 
 

 

 

Figure 20 Excerpt of the object properties of the 
ontology-based user profile 
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Figure 22 represents the implemented ontology for the learner profile. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
Figure 23 presents the graphical representation of the user profile ontology. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 22 Graphical representation of ontology-based learner profile 
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3.1.6. Evaluation:  
 
Evaluation is the process of giving the ontologies, their software environment, and their 
documentation a technical assessment in relation to a frame of reference (in this case, the 
requirements specification document) both within and between phases of their life cycle. c. 
Verification is the technological process that ensures an ontology, the software environments 
that it is associated with, and the documentation are accurate with regard to a frame of reference 
at each stage and in between stages of their life cycle. According  , validation ensures that 
ontologies, software environments, and documentation match the systems they are meant to 
represent. 
 
The method of evaluation based on criteria has been chosen. With this method, SPOnt's 
usability is being evaluated. Our implemented ontology was improved as part of the criteria-
based review in response to input from the experts in the field. These criteria are: 
 

 
 

Figure 23 Graphical representation of ontology-based user profile 
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§ Clarity:  We conform to Gruber (Gruber 1995)’ specifications. In our case, we rely on 
the comments provided by the e-learning domain experts who were contacted to 
improve and confirm the ontology's clarity. For instance, we have "Learning Resources" 
and "Learning Styles" as two distinct concepts at the level of the local ontology that 
reflects the learner profile in MOOC. The both concepts reflect the preferences of the 
learner regarding the courses he wants to enroll in. In order to convey a more intended 
meaning, professionals in the field of e-learning prefer to create another concept called 
‘Course Preferences ‘that includes both "Learning Resources” and "Learning Styles" as 
sub-classes of this main class. 
 

§ Consistency/Coherence: Based on the recommendations of experts, the consistency 
check produced a lot of examples where adjustments were suggested. Ontology notions 
ought to be logically consistent and free of ambiguity or inconsistencies. 
 

§ Conciseness: According to Gómez-Pérez (Gómez-Pérez, Fernández-López, and Corcho 
2004), "ontology is concise if it does not include redundant or useless definitions aside 
from clear redundancies between definitions." For instance, the SPOnt ontology had the 
classes "Learner" and "learner Profile" provided. The second class is related to the 
notions that constitute his profile such as learning style, preferred learning resources, 
etc. The first class represents everything related to learners including personal 
information, degrees, and relationships. We added its sub-classes to the "learner profile" 
class after realizing that the class "learner" is unneeded. 
 

§ Correctness: "It is the correspondence between ontology concepts and properties and 
real-world entities and properties." In the creation and validation of our ontology, we 
gave significant thought to this requirement. Feedback from domain experts has been 
extremely helpful in ensuring that the ontology is accurate and verified. 

 
 
3.2.  Ontology mapping process using COMA 3.0: 
 
In order to find similarities between the entities of the implemented ontologies, we use COMA 
3.0.  We applied three individual matchers: “AllContextW”, “NodesPathW” and 
“NodesNamesW”. Figure 24 below represents an overall architecture of the mapping process. 
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For each matcher, we present the matching results. Each line represents a correspondence 
between two concepts. In our case, we choose to point out the mapping between 
‘account_name‘ concept in both ontologies. Figure 25 highlights the match result of 
‘ALLContextW ‘matcher. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 26 presents the match result of ‘NodesNameW ‘matcher. 
 
 
 
 
 
 

 
Figure 25 Match result using ALLContextW matcher 

 

 
Figure 24 Overall architecture of the process of mapping 
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While figure 27, presents the match result of ‘NodesPathW‘matcher. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
We choose to apply the “NodesPathW” matcher for the ontology mapping process as it gives 
more accurate match result. Figure 28, highlights the match result 
using “NodesPathW matcher” 
 
 
 
 
 
 
 

 
Figure 26 Match result using NodesNameW matcher 

 

 
Figure 27 Match result using NodesPathW matcher 
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3.3. Ontology merging process using COMA 3.0:  
 
Ontology merging is a process of combining two, or more, ontologies into one. Consequently, 
the resulting ontology stores knowledge from all merged ones. Merging often utilizes a set of 
alignments to create deep interconnections between ontologies and, in the end, merge them into 
one. We used also COMA 3.0 for the process of merging. 
In order to evaluate the quality of the different combinations of matchers and to choose the best 
one to apply for our merging process, we use three metrics for this purpose: 
Recall, precision and F-measures.  
 
Definition: Recall, Precision and F-measure  
 

§ Precision and Recall are commonplace measures in information retrieval. They are 
based on the comparison of an expected result and the effective result of the evaluated 
system (Makhoul et al. 1999).  
Given a reference alignment R: Precision and recall of some alignment A are defined 
by:  

P (A, R) = |R ∩ A|/ |A| 
R (A, R) = |R ∩ A|/ |R| 

§ F-measure is defined as a weighted combination of P and R.  
 
 We test the different combination based on the match result in order to obtain the best merge 
result. Figure 29 presents the result of the evaluation of the different combination 
 
 
 

 
Figure 28 Match result using NodesPathW matcher 
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Based on the above evaluation, we merged the match result of both “NodesPathW” matcher 
and “NodesNameW” matcher. Figure 30 represents the result of the merge. 
 
 
 
 
 
 
 
 
 
 
 
 
 
4. Conclusion: 
 
 
 
 
In conclusion, this thesis presents an innovative approach to modeling learners' profiles by 
leveraging the power of ontologies and standards to create a Social Profile Ontology (SPOnt). 
The goal is to capture learners' interests and preferences not only within the MOOC (Massive 
Open Online Course) environment but also by incorporating their characteristics, activities, and 
interactions from social media platforms.  
The proposed approach involves the creation of two local ontologies—one for the learner 
profile in MOOCs and another for the user profile in social media. These local ontologies are 

 
Figure 29 Evaluation Result of different combination between the match results 

 

 
Figure 30 Merge Result of the merged ontologies 
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built using our custom attributes and well-known standards and ontologies such as IMS LIP, 
FOAF, Schema.org, DCMI, Felder-Silverman taxonomy, and Organization ontology. Each of 
these contributes to capturing specific aspects of the learner's profile in MOOC and social 
media. The ontology mapping process is then employed to ensure interoperability between the 
different concepts in the local ontologies. COMA 3.0, a matching algorithm tool, is used for 
ontology mapping, enabling the generation of a unified view of the learner's social profile. 
Finally, the ontology merging process combines the mapped ontologies to create the Global 
Ontology (SPOnt), which represents the integrated learner social profile. This ontology can 
serve as a tool to provide personalized learning opportunities to learners by identifying their 
preferences and interests and guiding them to the right courses and resources. 
We are more interested in the “Interest” component in our profile since interests play an 
important and vital role in promoting engagement and fulfilling the learners’ requirements. In 
the next chapter, we highlight the use of topic modeling and NLP techniques to extract the 
preferences of learners from their generated content on social media. 
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1. Introduction: 

The learners’ interest forms the essential characteristics of the learner profile. In the context of 
MOOCs, Interests play an essential role in the learning process, they are a powerful 
motivational process, that energize learning, guide academic and career trajectories (McIntyre, 
Gundlach, and Graziano 2021) (Harackiewicz, Smith, and Priniski 2016). A learner interest is 
a key component of adaptive hypermedia and educational systems that focus on the learner’s 
behaviors and personalize courses according to learner interests (Peng et al. 2016). Learners are 
motivated to invest time and effort toward the course of their interest, thereby, enriching 
learners' interest will yield to a better discovery of courses’ subject that are a best fit with their 
preferences which impact their satisfaction and thereby their interaction inside MOOCs.   
MOOCs already recommend courses that respond to learners’ interest based on their 
participation.  However, the same learners are more interactive in social media through the 
content they generate and which contains hidden information about their “real” interest and 
preferences. Since generating the user interest is a challenging task, using topic modeling 
techniques are useful to uncover the main thematic information related to user (Bai et al. 2021). 
We propose a Course Topic Model (CTM) based on Natural Language Processing (NLP) and 
topic modeling techniques to identify and detect learners’ course of interest based on their 
spontaneous interaction in social media, in particular Twitter. The generated CTM contains the 
most probable topic of interest for each learner. We train three well known models: Latent 
Dirichlet Allocation (LDA), Latent Semantic Analysis (LSA) and BERTopic after applying 
NLP pipeline on the tweets shared by the learners. Then, we evaluate the models using topic 
coherence score, topic diversity score and human judgement. Experiments performed reveal 
that BERTopic and LDA model performed better on the scrapped dataset and their results are 
used to generate the course topic model.   
This chapter, is divided into 2 main sections: the first one is dedicated to the background of our 
work and second one highlights our contribution in detail. 
 

2. Background and definitions: 
In this section, we point out the used techniques for our solution, notably, NLP and Topic 
modeling. We highlight their definitions and some of their tasks and algorithms. 

2.1. Natural Language Processing (NLP): 
2.1.1. NLP definition: 

In the fields of computer science and artificial intelligence, NLP is of greatest priority. NLP 
research includes theories and techniques that facilitate effective natural language interaction 
between people and computers. According to the official definition, NLP is "a theoretically 
motivated range of computational techniques for studying and representing naturally occurring 
texts (of any mode or type) at one or more levels of linguistic analysis for the purpose of 
attaining language that is like a human-like language processing for a range of tasks or 
applications."(Suleman and Korkontzelos 2021). 
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NLP is a scientific discipline that combines computer science, linguistics, and mathematics. Its 
main objective is to convert human (or natural) language into computer commands(Kang et al. 
2020). The field of NLP, also referred to as computational linguistics, entails the development 
of computer models and procedures to address real-world issues with language comprehension 
utilizing machine learning, statistical, and probabilistic calculations (Otter, Medina, and Kalita 
2021).  

The application domains cover subjects including information extraction (e.g., named entities 
and relations), text translation between and among languages, summarizing written works, 
automatically determining responses to queries by inferring answers, and categorization and 
clustering of documents. Frequently, one must successfully address one or more of the 
fundamental challenges before using the concepts and methods developed to address actual 
concerns. 

2.1.2. NLP tasks: 

NLP field encompasses a range of tasks, including but not limited to text summarization, Part 
of speech tagging, tokenization, lemmatization, removing stop words, etc.  

§ Text summarization: Involves using software to shortening a text document with 
software, in order to create a summary with the main ideas of the original document 
(Awasthi et al. 2021). Text Summarization methods are broadly categorized into 
different types as shown in the Figure 31 below: 
 
 
 

 

 

 

 

 

 

 

Text summarizers can be sorted by (Boorugu and Ramesh 2020): 

Ø Input type: Single Document for short text and basic models and multi-
document for longer text with more complexity. 

 
Figure 31 Text summarization methods (Boorugu et Ramesh 2020) 
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Ø Purpose Type: summarizers are Generic (impartial treatment), Domain-specific 
(using domain knowledge), and Query-based (including answers to questions). 

Ø Output type: Summarizers are Extractive (selecting important sentences) and 
Abstractive (creating coherent summaries like humans). 

§ Part of speech tagging (Voutilainen 2003),(Thavareesan and Mahesan 2020) also 
called grammatical tagging. It is the process of identifying the part of speech of a certain 
word or passage of text based on its use and context. Part of speech identifies ‘make’ as 
a verb in ‘I can make a paper plane,’ and as a noun in ‘What make of car do you own?’.  

§ Tokenization: One of the most essential NLP tasks is tokenization. It involves dividing 
a text document into tokens, which are relatively short pieces of text. A token can be an 
entire word, a word’s fragment, or only a few characters like punctuation (Song et al. 
2021).   
 

§ Lemmatization: Given its use in numerous NLP applications, including text to speech 
(Zine, Meziane, and Boudchiche 2017), machine translation (Dichy and Farghaly 2003), 
indexing (Hammouda and Almarimi 2010), text classification (Abuhaiba and Dawoud 
2017) and interactive dictionaries (Mohammed et al. 2015), lemmatization holds a 
significant position in the field of natural language processing (NLP). 
Each word in the text must have its related canonical word determined as part of the 
lemmatization process. The lemma is the simplest form of the word that conveys its 
primary meaning and serves as a representation of the dictionary's input.(Boudchiche 
and Mazroui 2019) (Khyani et al. 2021). 
 

§ Removing stop words: A stop word is a term that is less meaningful than other tokens. 
Stop words are the most prevalent terms in any natural language that have little to no or 
barely any semantic context in a sentence. To make other tasks easier and the primary 
text processing task faster, it must be eliminated as a preprocessing activity (Raulji and 
Saini 2016).  

2.2. Topic modeling: 

Topic modeling is one of the most effective text mining methods for detecting links between 
data and text documents and latent data. The type of data studied in topic modeling can originate 
from numerous sources and formats.  

2.2.1. Topic modeling definition: 

Finding the abstract subjects that appear in a group of documents is possible with the statistical 
modeling technique known as "Topic Modeling" (Alami et al. 2021).These are helpful tools 
made to rapidly and effectively elucidate the key themes or trends in a sizable collection of 
unstructured data (R. K. Gupta et al. 2022). As a result, it has been utilized more frequently to 
explore the primary current trends in various fields of study (Bai et al. 2021). The text 
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documents are analyzed, and the underlying subjects (latent themes) are automatically extracted 
from them using the unsupervised machine learning technique known as topic modeling 
(Sharma, Rana, and Nunkoo 2021). 

It is presumed that the words that received the highest ratings in a certain topic are those that 
are semantically relevant. Technically speaking, a "word" or "term" denotes the basic unit of 
each individual piece of data, a "document" denotes a string made up of N words, and a "corpus" 
denotes a collection made up of M documents that generally encompasses the whole dataset. A 
"topic" is represented as a probability distribution covering a specific vocabulary, and a 
"vocabulary" is described as the collection of all distinguishable words inside a corpus (Schöch 
2021) (Vayansky and Kumar 2020). 

2.2.2. Topic modeling techniques: 
The most popular topic modeling techniques are: 

2.2.2.1.Latent Dirichlet Allocation (LDA):  
 

Latent Dirichlet Allocation (LDA) is a generative probabilistic model proposed by Blei et al 
(Blei, Ng, and Jordan 2003). It's also referred to as a three-layer Bayesian probability model 
that takes words, themes, and documents into account. With the use of Dirichlet distributions, 
it creates topic per document and words per topic models (Guo, Lu, and Wei 2021). 
Figure 32 represents the graphical model of LDA. The wi,j which is the index of word w in 
document m, represents the input of the model. The output from the model is the K, predefined 
number of latent topics. Each topic k, k ∈ {1, …, K} is represented by a discrete probability 
distribution Φk over the vocabulary V and generated from a Dirichlet distribution Φk ~ 
Dirichlet(β). Additionally, every document m, m∈ {1, …, M} comes from a Dirichlet 
distribution Θm ~ Dirichlet(α), which is the topic distribution for each document m. From Θm 
we calculate zm,n per word topic assignment in document m , where β and α are the Dirichlet 
parameters (A. Gupta and Katarya 2021). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 32 Generative process of LDA 

 
 

https://www.sciencedirect.com/topics/computer-science/graphical-model
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2.2.2.2.Latent Semantic Analysis (LSA):  

 
Latent semantic analysis (LSA) is a well-known technique used in computational linguistics to 
extract contextual and usage-based representations of words from textual corpora (Qi, Hessen, 
and van der Heijden 2021). In order to calculate the word count per sentence or paragraph, LSA 
first fills out a matrix. With each row denoting a distinct word and each column denoting a 
sentence or paragraph (Suleman and Korkontzelos 2021). By reducing the number of columns 
while maintaining the similarity structure across rows, Singular Value Decomposition (SVD), 
a popular dimensionality reduction technique, is applied. Finding the cosine similarity between 
two vectors—which goes from zero to one—allows for the matching of words (X. Yang et al. 
2022). 

2.2.2.3.BERTopic:  
BERTopic is a topic modeling method that employs class-based TF-IDF and BERT embeddings 
to produce dense clusters (Grootendorst 2020). Document clustering is carried out using 
HDBSCAN to cluster reduced embeddings and UMAP to reduce the dimensionality of the 
embeddings. 
Three phases are used by BERTopic to generate topic representations. Each document is first 
transformed using a trained language model into its embedding representation. The 
dimensionality of the generated embeddings is then decreased prior to clustering these 
embeddings in order to improve the clustering procedure. Finally, topic representations are 
retrieved from the document clusters using a customized class-based form of TF-IDF. 

§ Document embeddings: By embedding the documents, representations in vector space 
that may be compared semantically are produced. The embedding step is carried out by 
BERTopic using the Sentence-BERT (SBERT) architecture (Reimers and Gurevych 
2019). Using pre-trained language models, this system enables users to transform 
sentences and paragraphs into dense vector representations. Instead of explicitly 
producing the topics, these embeddings are mostly used to group documents that share 
comparable semantic properties. 

§ Document clustering: UMAP has demonstrated that it can keep more of the local and 
global characteristics of high-dimensional data in smaller projected dimensions 
(Grootendorst 2022). As a result, document embeddings' dimensionality is decreased 
using UMAP. HDBSCAN is used to cluster the reduced embeddings. DBSCAN is 
extended to become a hierarchical clustering method in order to locate clusters with 
different densities (Abuzayed and Al-Khalifa 2021). HDBSCAN employs a soft-
clustering technique to represent clusters, allowing noise to be modeled as outliers. This 
keeps unrelated papers from being grouped together and is anticipated to enhance 
subject representations. 

§ Topic Representation: Each cluster of documents will be allocated a specific theme, 
and the topic representations will be modeled based on those topics. Significant words 
for each cluster are extracted class by class using the c-TF-IDF (class-based term 
frequency, inverse document frequency) (Sangaraju et al. 2022). The TF-IDF allows for 



Chapter 4: Topic modeling for the detection of learner’s interest based on the social profile 
ontology 
 

96 
 

a comparison of the relevance of terms across documents by calculating a word's 
frequency in a given document and determining the word's prevalence across the corpus 
(Grootendorst 2022). Conversely, if we treat every document in a cluster as a separate 
document and then apply TF-IDF to it, we will get relevance scores for each word in 
the cluster. A word cluster is more representative of a topic when its constituent words 
are more important. 

Topic modeling algorithms can be used to identify the main themes or topics that are present in 
a large collection of documents, such as tweets, and represent them in a compact and meaningful 
way. Thus, finding and recommending tweets that are of potential interest to users from a large 
volume of tweets that is accumulated in real time is a crucial but challenging task. 
In the following section, we will point out our contribution consisting of extracting the learners 
“course of interest” from the tweets they share. 

3. Methodology:  
 
Our goal is to apply NLP and Topic modelling techniques on the tweets generated by the 
learners in social media to identify their “real” course of interests. In the following section, we 
highlight in detail, the sequence of steps applied on the textual data generated by the learners 
to reveal their potential course of interest.  

3.1.  Course Topic Model architecture:  
 
The proposed approach encompasses several steps related to the generation of topical  
interests as highlighted in Figure 33. The steps are performed sequentially for data preparation, 
data preprocessing and feature extraction. Then we train three different topic modeling 
methods, including: LDA, LSA and BERTopic and finally, we evaluate the performance of the 
models using topic evaluation metrics and validate their coherence.  The sequence of steps in 
the proposed approach are discussed in detail below:   
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Figure 33 Sequence of steps for the proposed approach 

3.2. Dataset Collection and Preprocessing: 
 

3.2.1. Dataset collection:  
A set of tweets were collected via web scraping technique for a period of two months. We used 
Twitter API keys and Netlytic1 which is a cloud-based text and social networks analyzer, that 
allows to collect publicly accessible posts from social media.  
To refine the process of scraping, we applied two filters: scarping data with English language 
and initiating the scarping using the keywords «Computer science» and «Artificial 
intelligence». A total of 2500 tweets per query were scraped. The dataset used for our 
experimentation contained 120 000 tweets of 12187 learners. The meta-data gathered included 
tweet id, learner names, tweet text, tweet type, learner id, etc. Since we are interested in the 
textual feature generated by the learners, we kept only learners' names and their tweets as 
features for our dataset.  

3.2.2. Data preprocessing:  
 
Preprocessing data is a significant step in the knowledge discovery process. Inconsistencies, 
missing numbers, noise, and/or redundancy are only a few of the many issues that are typically 
present in raw data. As a result, if subsequent learning algorithms are given low-quality data, 
their performance will suffer. So, by carrying out appropriate preprocessing steps, we are able 
to greatly affect the accuracy and dependability of subsequent automatic discoveries and 
decisions (Ramírez-Gallego et al. 2017). 
In data preprocessing, processes including feature selection, instance selection, discretization, 
and other data reduction techniques are combined with data integration, cleaning, 

 
1 https://netlytic.org/index.php  

https://netlytic.org/index.php
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normalization, and transformation. A final dataset that can be regarded as accurate and relevant 
for additional data mining algorithms is the intended outcome following a trustworthy chaining 
of data preparation operations (García, Luengo, and Herrera 2015). 
We first cleaned our dataset from duplicated tweets and chatbot users using string pattern 
recognition. Each tweet should be free of links, numbers, emojis and punctuation. We used a 
preprocessing library called tweet-preprocessor to convert our tweets into the processed form.  
Preprocessing steps included: removing URLs, removing Mentions, removing Emojis and 
Smileys and removing Numbers. For hashtags, we removed only the sign “#” and we kept the 
word after the sign, since it constitutes a valuable information about the preferences of the 
learner. We removed extra white spaces and punctuation as well.  

3.3. NLP tasks:  
The following steps were performed:   

3.3.1. Tokenization:  
We split the sentences into words while lowercasing the words, ignoring tokens that are too 
short (contains at least 3 letters) and removing letter accents as presented in Figure 34.   
 
 
 
 
 
 
 
 

3.3.2. Remove stop words:  
 

We removed all non-content bearing stop words like “a”, “an”, “the”, etc. As they do not 
contribute to either the representation of the tweet nor to the scoring mechanism of each tweet. 
We also extend the list of the stop words by high frequency words. This is done by setting a 
threshold in which words that occur more frequently than the threshold should be removed.  
A standard stop word list by “NLTK” library has been used for this work. NLTK (Siva Rama 
Rao et al. 2022) is a Python module used to examine data from human language. Similar to the 
Stanford CoreNLP library, NLTK has an abundance of resources and offers a good number of 
wrappers for various programming languages.  

3.3.3. N-grams implementation:  
 

The majority of current NLP and its applications use N-gram-based approaches. They are 
frequently employed as features in vector space models, which are then represented by these 
features and subjected to the usual classification procedures. These features' values correspond 
to the n-gram frequencies, which may be weighted in some way (Sidorov et al. 2014).  
We extract sequence of ‘n’ words that occur frequently in the corpus. In our work, we 
implement bi-grams and tri-grams that mean 2 words and 3 words in sequence respectively.  
We constructed the bi-gram and tri-gram models using The Phraser model of the Gensim library 

 
Figure 34 Tokenization overview 
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as highlighted in Figure 35.  Gensim is a Python library for topic modelling, document 
indexing and similarity retrieval with large corpora  (Haider et al. 2020). 
 
 
 
 
 
 

3.3.4. POS / Speech of tag selection: 
 
 
 
Likewise known as the processing pipeline. Using part-of-speech tagging, the syntactic 
categories for the words in a sentence are chosen in the most probable order. It establishes the 
grammatical aspects of the words, including their gender, person, and other properties like part 
of speech and grammatical number (Tasharofi et al. 2007). The default pipeline consists of a 
tagger, a parser and an entity recognizer. In our work, we only use a tagger. We check part of 
the speech tag of each token and keep the nouns, adjectives, verbs, and adverbs using Gensim 
Library.   

3.3.5. Lemmatization: 
After removing stop words and creating bi-gram and tri-gram, we removed inflectional endings 
only and return the base or dictionary form of a word as it is shown in Figure 36. 
 
 
 
 
 
 
 
 
 
We limited our data to a sample of 10000 tweets since training the models with 120 000 tweets 
was time and memory consuming.  
The output of this step is a clean and tokenized set of terms that will be used as an input for the 
following steps.  

3.3.6. Text Feature extraction:  
Text feature extraction is important for text categorization since it affects how accurate the 
results are. Text is seen as a dot in an N-dimensional space for the purposes of text feature 
extraction, which is based on the vector space model. One aspect of the text in digital form is 
represented by one of the dot's dimensions. In most cases, feature extraction algorithms employ 
a keyword set. The feature extraction method determines the weights of the words in the text 
based on these predetermined keywords, and then creates a digital vector that serves as the text's 
feature vector (Liang et al. 2017), (Dzisevič and Šešok 2019). In this context: 

 
 

Figure 35 Bi-gram and tri-gram model 

 

 
Figure 36 Lemmatization process 

 



Chapter 4: Topic modeling for the detection of learner’s interest based on the social profile 
ontology 
 

100 
 

§ A document refers to a single textual piece of data. This might be a book, tweet, email, 
text message, or song lyrics. This corresponds to a single row or observation. 
 

§ A corpus is a group of related documents. This would be the same as a complete set of 
rows and observations in a data set. 

Some of the most popular methods of feature extraction are: Bag-of-Words and TF-IDF 

3.3.6.1.Bag of Words (BoW): 
 
A Bag of Words (BoW) is a representation model of document data, which simply counts how 
many times a word appears in a document (Diera et al. 2022). 
BoW model assigns a vector to a document as d = (x1, x2, . . ., xl), where xi denotes the 
normalized number of occurrences of the i-th basis term and l is the size of the collection of 
basis terms. It should be noted that the basis terms are the high frequency words in a corpus, 
and the number of basis terms or the dimensionality of BoW vectors is less than the size of 
vocabulary (Zhao and Mao 2018). 

3.3.6.2.Term Frequency Inverse Document Frequency (TF-IDF): 
 
The use of the Term Frequency Inverse Document Frequency (TF-IDF) weighing scheme is an 
additional method for extracting features. Each word is given a weight using a TF-IDF 
transformation. The relative frequency of a word in a given text and the word's inverse 
proportion over the entire corpus, which measures a word's relevance to a certain text, are what 
determine the TF-IDF value (Zaware et al. 2021).  

§ Term frequency (TF) (A. Kulkarni and Shivananda 2021) :is the proportion of a word's 
presence in a sentence to all the other terms in that sentence. No matter how long the 
document is, TF captures the significance of the term. For instance, a word with a 
frequency of 3 in a sentence of 10 words behaves differently than a word with a 
frequency of 3 in a sentence of 100 words. In the first case, which is what TF does, it 
need to be given more weight. 
TF(t) = (Number of times term t appears in a document) / (Total number of terms in the 
document). 

 
§ Inverse document frequency (IDF): is a log of the proportion of total rows to the 

number of rows in a given document containing a word: IDF = log(N/n), where N is the 
overall number of rows, and n is the number of rows in which the word appeared. IDF 
calculates a term's rarity. Words like a and the show up in all the corpus documents, but 
rare words are not in all documents. So, if a word appears in almost all the documents, 
that word is of no use since it does not help with classification or information retrieval. 
IDF nullifies this problem.  
 

§ TF-IDF is the simple product of TF and IDF that addresses both drawbacks, making 
predictions and information retrieval relevant. TF-IDF = TF * IDF 
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In our work, each tweet represents one document.  We have 10 000 documents in total. We 
applied feature extraction using Bag of words and TF-IDF transformations to generate our 
corpora.  In order to train both LDA and LSI, a dictionary and a corpus should be created. A 
dictionary encapsulates the mapping between normalized words and their integer ids. On the 
other hand, corpus is a list of lists containing tuples for each word id and its frequency.  
While creating the dictionary, we apply the following steps:  

§ Filtering out high-frequency words: we used the FreqDist function to create the 
frequency distribution of all the words in the text. We set a threshold equal to 2000 to 
remove words that have frequency over it.  

§ Adding those words to the stop words list.  
§ Performing the filter_extremes2 function that filters out tokens in the dictionary by their 

frequency. It has two variables: “no_below” and “no_above”. Which means to keep 
tokens contained in at least no_below documents and no more than no_above 
documents. We repeated this process using respectively a set of test values:({5,0.5}, 
{5,0.7}, {5,1}), ({10, 0.5}, {10,0.7}, {10,1}) and ({20, 0.5}, {20,0.7}, {20,1}). The 
best result was obtained using no_below= 5 and no_above = 0.7.  

 
Based on the result above, we remove all words that occur in less than 5 documents (tweets) 
and all words that occur in more than 70% of all the documents.   
Based on the created dictionary, two corpora were generated: BOW corpus and TFIDF corpus.  
 

3.4. Parameters and model training:  
 

We apply LDA and LSI to both corpora. There are two types of hyperparameters —the number 
of latent topics for both models and Dirichlet priors (alpha and beta) for LDA.   
The number of latent topics must be chosen before LDA and LSI are run. We randomly choose 
a value of 10 for the number of latent topics. After, we perform a grid search over this 
hyperparameter to find the optimal number of topics as pointed out in the next section.  
Alpha and beta are the Dirichlet priors for the LDA model. We set their values to “Auto” and 
the model learns the right values of this parameters when it is run.  
The other parameters of LDA and LSI were chosen based on a set of test values that made the 
models converge. Table 19 highlights the values of the different hyperparameters.  

Table 19 LDA and LSA model's hyperparameters 

  num_topics  chunksize  passes  iterations  alpha  eta  
LDA  10  2000  20  400  auto  auto  
LSI  10  2000  -  -  -  -  

  
For BERTopic, we use a Countvectorizer transformer to eliminate English stop words and 
ignore terms that have a document frequency strictly higher than 60 and lower than 20 to reduce 
the size of the resulting sparse c-TF-IDF matrix.  As a sentence-transformer model, we use 

 
2 https://tedboy.github.io/nlps/generated/generated/gensim.corpora.Dictionary.filter_extremes.html  

https://tedboy.github.io/nlps/generated/generated/gensim.corpora.Dictionary.filter_extremes.html
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BERTweet, a language model pre-trained for English Tweets. Table 20 points out the values 
chosen for the different parameters of BERTopic.  

Table 20 BERTopic model's hyperparameters 

low_memory calculate_probabilities verbose n_gram_range nr_topics 
True True True (1,3) Auto 

 
In order to prevent blowing up the memory in UMAP, we set “low_memory” to “True”. The 
parameter “calculate_probabilities” is set to True as well to calculate the probability of a 
document belonging to any topic. In addition, we set the parameter “verbose” to True to track 
the stages of the model. For the number of topics, we set its value to “auto”.  
In the following section, we will describe the topic evaluation metrics used to validate the 
results of the trained models.  

3.5. Topics evaluation and presentation:  
3.5.1. Topics evaluation:  

We evaluate and compare the performance between the different topic models. We use three 
evaluation metrics: coherence score, Inverted Rank-Biased Overlap (RBO) score and human 
judgement.  

§ Coherence score is defined as median of pairwise word similarities formed by top 
words of a given topic (Rosner et al. 2014). It measures the degree of semantic similarity 
between its high scoring words.  

§ Inversed Rank-Biased Overlap score evaluates how diverse the topics generated by a 
single model are. It compares the top N words of two topics and uses weighted ranking 
(Bianchi, Terragni, and Hovy 2020).  A diversity close to 0 represents a redundant topic, 
and those close to 1 indicate more varied topics. The higher these metrics are, the better 
(Murakami and Chakraborty 2022). 

 
The approach adopted to find the optimal number of topics for LDA and LSI models is to build 
many models (LDA and LSI) with different values of number of topics (k) and pick the one 
with the highest coherence value with respect to the significance of the generated topics.   
The search for the optimal number of topics started with a range from two to 98, with a step of 
6. During the process, only one hyperparameter varied (number of topics) and the other 
remained unchanged until reaching the highest coherence score.   
Figure 37 presents the values of the coherence score with regard to the number of topics for 
LDA and LSA models with BOW corpora. 
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Figure 38 illustrates the values of the coherence score with regard to the number of topics for 
LDA and LSA models with TFIDF corpora. 
 

 
Figure 38 Optimal number of topics for LDA and LSA models using TFIDF corpus 

The optimal number of topics of each model is the one that has the highest coherence score 
with respect to the topic's relevance and significance. The training of BERTopic model results 
on a number of topics equal to 40 with a coherence score equal to 0,62. Table 21 presents the 
optimal number of topics for each model and the corresponding coherence score. 
 

Table 21 Optimal number of topics with the corresponding coherence score 

  BOW_LDA BOW_LSA TFIDF_LDA TFIDF_LSA BERTopic 
Coherence 
score 

0.50 0.34 0.59 0.48 0,61 

 
Figure 37 Optimal number of topics for LDA and LSA models using BOW corpus 
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Optimal number  
of topics 

8 8 14 2 40 

  
Based on the above table, LDA and BERTopic models have the highest coherence score 
compared to LSA. In order to decide which model to adopt for the generation of the course 
topics, we compute the RBO score of LDA and BERTopic models as highlighted in Table 22 
using OCTIS, a framework for training, analyzing, and comparing Topic Models (Terragni et 
al. 2021). 

Table 22 RBO score of LDA and BERTopic models 

 LDA_BOW LDA_TFIDF BERTopic 
RBO 1 1 0.85 

 
 

3.5.2. Topics representation using Word Cloud:  

To evaluate the relevance of the topics and facilitate a clear interpretation of the extracted 
information from a fitted LDA and BERTopic models, word cloud representation was used to 
generate a screenshot of the topics. 
A word cloud is a kind of weighted list to visualize language or text data (Y. Jin 2017). It is 
employed to summarize text content by presenting a snapshot of the most commonly used 
words. Visual representations of text offer valuable insights, assisting users in gaining a basic 
understanding of the document's information without the need to read the entire text (John et 
al. 2018). 
Figure 39 shows the visual representation of the topic of interests for the case of LDA model 
trained with BoW corpus. 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

 

 

Figure 39 Word Cloud representation of LDA topics with BOW corpus 
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We manually labeled these topics as highlighted in Table 23: 

Table 23 Labels of the course interest generated from LDA _BOW model 

  Course 
Interest  

1 

Course 
Interest 2 

Course Interest  
3 

Course 
Interest  

4 

Course 
Interest  

5 
LDA_BOW Machine 

learning 
Machine 

learning in 
fintech 

Graph data 
platform 

Data 
analytic 

Datum 
research 

 
We applied word cloud on the topics generated by the model LDA using TF-IDF corpus. 
Figure 40 presents the visualization of these topics: 
 
 
 
 
 
 
 
 
 

 
 
 

In the same way, we created manually the topic ‘s tags as pointed out in Table 24: 
Table 24 Labels of the course interest generated from LDA _TFIDF model 

  Course 
Interest 1 

Course 
Interest 2 

Course 
Interest 3 

Course 
Interest 4 

Course 
Interest 5 

 

LDA_TFIDF  

 

Journalism 

 

-- 

Training 
Program for 

women 

Digital 
ecosystem 

Forecasting 
with 

machine 
learning 

 
We visualized the topics generated by the model BERTopic as shown in Figure 41: 
 
 
 
 
 
 
 
 
 
 
 
Table 25 summarize the labels affected to each topic:  

 

Figure 40 Word Cloud representation of LDA topics with TFIDF corpus 

 

 
 
 
 

 
Figure 41 Word Cloud representation of BERTopic topics 
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Table 25 Labels of the course interest generated from BERTopic model 

  Course 
Interest 1 

Course  
Interest 2 

Course  
Interest 3 

Course 
Interest  
4 

Course 
Interest  
5 

BERTopic  Digital 
Business 

Data Science 
with Python 

 

Data analytics Data science 
and analysis 

Industrial 
IoT 

 
4. Results summarization: 

The aim of this work is to predict the real interest of learners from the textual content they share 
on their social media account to enrich their course preferences in MOOCs. Although MOOCs 
offer a set of courses that suit the learners predefined interest when they first sign up but those 
preferences do not reflect their real needs and requirements.  
Our goal is to identify the course topics based on learners’ interaction in Twitter, through the 
tweets they share. In order to do this, we require three models: LDA, LSI and BERTopic. We 
trained the LDA and LSI using two corpora: a bow corpus and a TFIDF corpus. We trained 
BERTopic using a pre-trained sentence transformer called BERTweet. We evaluated our 
models using the coherence score, the RBO score as well as human judgement to outline the 
quality and the relevance of the generated course topics.  
LDA_BOW, LDA_TFIDF, and BERTopic models show prominent results with a coherence 
score of 0.50, 0.59, and 0.61 respectively, an RBO score of 1, 1, and 0 .86, respectively. To 
decide the best model to adopt for the course topics, we judge the relevance and the significance 
of the generated topics as well.  We manually labeled the first five topical interests as 
highlighted in tables 20,21 and 22. 
Based on the tables discussed in section ‘Topics evaluation ‘, BERTopic outperformed LDA 
regarding the quality and the relevance of the topical interest that are more representative for 
the course of interest of learners.  
For each tweet, we identify the dominant topic that has the highest probability, and then for 
each learner, we get the top two dominant topics. Table 26 points out the top two courses of 
interest for four learners. 

Table 26 Top 2 course of interest of four learners 

Learner ID Top 2 courses of interest 
ID 1 Digital business and data analytics 
ID 2 Data science and machine learning 
ID 3 Industrial IoT and digital business  
ID 4 Artificial intelligence and data science 

 
5. Conclusion: 

In conclusion, this chapter presents a comprehensive approach for identifying learners' course 
interests based on their interactions on social media, particularly Twitter. The proposed 
approach involves several steps, including dataset collection and preprocessing, NLP pipeline, 
text feature extraction using Bag of Words (BoW) and TF-IDF transformations, and training 
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three topic modeling models: Latent Dirichlet Allocation (LDA), Latent Semantic Analysis 
(LSA), and BERTopic. 
We first collected a large dataset of tweets from learners, cleaned and preprocessed the data to 
remove duplicates, links, emojis, and other noise. The NLP pipeline was applied to tokenize 
and remove stop words from the tweets, followed by implementing N-grams and part-of-speech 
tagging. Lemmatization was also performed to convert words to their base form. 
After preprocessing, text feature extraction was carried out using BoW and TF-IDF 
transformations to create corpora. The LDA and LSA models were trained on these corpora 
with varying numbers of topics to find the optimal value for coherence. Similarly, BERTopic 
was trained using the CountVectorizer transformer and BERTweet as a sentence-transformer 
model. 
We then evaluated the performance of the models using coherence scores, Inverted Rank-
Biased Overlap (RBO) scores, and human judgement. The results showed that BERTopic 
outperformed LDA and LSA in terms of coherence and relevance of generated topics. 
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1. Introduction: 

 
The rapid expansion of the computer industry, particularly the Internet, has fundamentally 
altered our way of life. Users can engage in a variety of activities with just a few clicks, 
including news browsing, online shopping, e-learning, entertainment, and etc. (Fayyaz et al. 
2020). Recommendation Systems (RS) have arisen to help users find pertinent content and 
services on the web.  However, users frequently feel overwhelmed by the abundance of options 
(Jannach et Jugovac 2019). 
 
In the context of e-learning, recommendation systems play a pivotal role in assisting learners 
to discover relevant and valuable learning materials that satisfy their specific needs. These 
systems are often employed to address the issue of low engagement, which arises from the 
generic "one-size-fits-all" approach that disregards the significance of individual distinctions in 
teaching and learning processes. However, the challenge lies in providing learning resources 
personalized to each learner, given the varied characteristics they possess, including their 
learning preferences, existing knowledge, and the way they progress in their learning journey. 
 
Current recommendation methods often fail to consider these individual learner attributes. To 
solve this problem, a potential solution involves incorporating more personalized information 
about each learner into the recommendation process. This refinement promises to ensure the 
delivery of customized learning materials that meet the unique learning needs of individuals, 
even when dealing with diverse learning profiles(Klašnja-Milićević et al. 2011) (Tarus, Niu, 
and Mustafa 2018a). 

2. Types of recommender systems: 
 
There are several different definitions that have been presented for recommender systems. A 
general definition of these systems is provided by Robin Burke, who describes them as 
"Systems that can deliver personalized suggestions to direct users to interesting and valuable 
information in a wide data space." (BURKE 2002). As well as this, (Lu et al. 2015) described 
recommendations system as software and methods for making suggestions to users. The term 
"item" in this sense refers to what the system suggests, which can include products to buy, films 
to watch, training materials, services, and much more, offering a vast range of options. With 
the Tapestry system, they made their debut in 1992 (Goldberg et al. 1992). 

There are different formulations for the recommendation problem, with two primary models 
being (Aggarwal 2016): 

§ Prediction version of the problem: The goal is to estimate the rating value associated 
with a user-item pair. This is accomplished by leveraging historical training data that 
holds insights into user preferences for different items. 

§ Conversely, in the ranking version of the problem: The focus shifts from predicting 
exact user ratings for specific items. Instead, it aims to recommend the top-k items for 
a particular user or identify the top-k users interested in a specific item. This approach 
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proves more practical for businesses and retailers seeking to offer personalized 
recommendations without the necessity of precise rating predictions. 

Historically, the three types into which existing approaches for recommendation systems can 
be broadly divided are: Content Based (CB) Methods, Collaborative Filtering (CF) Methods 
and Hybrid Methods as highlighted in figure 43. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
2.1. Content Based Methods:  
 
Content-based (CB) (Guruge, Kadel, and Halder 2021): The recommendation engine learns 
to suggest items with features that are comparable to those the user previously liked in terms of 
content.  
The CB recommender system makes suggestions for products based on the item's description 
that would interest the user or be similar to their previous favorites.  Typically, this 
recommendation process involves comparing item characteristics with the user's preferences. 
These user preferences can be inferred explicitly or implicitly through surveys or by tracking 
the user's transactional behavior over time. The similarity between items is established based 
on the attributes of the items being compared as presented in figure 44. 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 43 Types of the most used Recommender systems 
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Content based recommenders can be classified into: 

§ Case based reasoning technique that suggest products that are most likely to be 
enjoyed by the learner before. 

§ Attribute-based technique that suggest products based on how well their 
characteristics match the learner profile. 

 
2.2. Collaborative Filtering (CF) based methods: 
 
Recommends items based on past preferences of other users with similar tastes to the active 
user. In order to measure taste similarity between two users, the rating history is compared, and 
the rating measures the level of interest a user has in an item (Alhijawi and Kilani 2020) 
(Ghenname 2015). The k Nearest Neighbors (kNN) algorithm is the most popular collaborative 
filtering algorithm: Nearest neighbors are users with similar tastes with the active user in terms 
of ratings similarity. 
Collaborative recommendation algorithms can be classified into two types, commonly referred 
to as memory-based and model-based algorithms (Koren, Rendle, and Bell 2021) (Adomavicius 
and Tuzhilin 2005): 
§ Memory-based: known also as neighborhood-based techniques (Sarwar et al. 2001). This 

method allows for the discovery of target user neighbors who have interests with the 
system's content. This closeness of interests is based on system item assessments by users. 
As a result, once neighbors are located, notes and associations can be merged in a variety 
of ways to provide recommendations to the target user (Mittal 2016).  Within memory-
based collaborative methods, there are two categories: user-based collaborative filtering 
and item-based collaborative filtering.  

In the user-based approach, to calculate a user's rating for a new item, the system identifies 
other users in the user neighborhood who have rated that same item previously. If the new 

 
Figure 44 Content Base recommender System 
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item receives favorable ratings from this user neighborhood, it is subsequently recommended 
to the user as pointed out in figure 45. 

In the item-based approach, a set of similar items that the user has previously rated is 
constructed, known as the item-neighborhood. To predict the user's rating for a different new 
item, this approach calculates the weighted average of all the ratings within the similar item-
neighborhood as shown in figure 46. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 45 User-based approach 

 
 

 
 

 
Figure 46 Item-based collaborative filtering 
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§ Model-based: in this approach the correlation is measured between the content instead 
of measuring it between the users. The basic idea is to look for items similar to the items 
that a user has already chosen in the system in order to recommend them. Preliminary 
processing is performed on an evaluation matrix in order to select similar items and thus 
make recommendations in real time contrary to the user-centric approach which is very 
greedy in terms of memory resources (Ghenname 2015). 

2.3. Hybrid Method: 
 

The hybrid recommendation system – as the name implies –integrates two or more 
recommendation algorithms in various ways to capitalize on their complimentary benefits 
(Mittal 2016) and (Beel et al. 2016). A hybrid algorithm can combine outcomes from different 
methods, or it can employ content-based filtering in a collaborative approach, or use a 
collaborative filtering method within a content-based approach. This fusion of diverse 
techniques typically leads to enhanced performance and increased accuracy in numerous 
recommender system applications. 

Table 27 presents the different recommender system techniques with their representative 
algorithms along with their advantages and disadvantages. 
 

Table 27 Types of recommender systems 

Techniques Representative 
algorithm 

Advantages Disadvantages 

 
 
Memory Based 
Collaborative 
Filtering 

 
1.User Based CF 
 
2. Item Based CF 

1. Simple to 
implement 
2. It's easy to add 
data. 
3. not to worry about 
content 
4. Reliable scaling 
 

1. Relies on direct 
feedback 
2. The cold start issue 
3. The sparsity issue 
4.Non scalable for 
large datasets 

 
Model Based 
Collaborative 
Filtering 

 
1. Slope-one CF 
 
2. Matrix 
factorization 

1. Increase prediction 
accuracy 
2.Enhance scalability 
and the sparsity issue 

1. The model is 
pricey 
2. Information loss 
during matrix 
factorization 

 
Hybrid Collaborative 
Filtering 

 
Combination of 
memory based and 
model based 

1. Get over sparsity's 
constraints 
2. Increase prediction 
accuracy 

1. Growing 
complexity 
2. Implementation 
challenges 

 
 
Content Based 
Filtering 

 
Content Based 
filtering algorithm 

1. There are no 
limitations or cold 
starts. 

1.Items must have 
rich descriptions. 
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using Hidden 
Markov Model 

2. It guarantees 
privacy. 

2. Demands a 
structured user 
profile 
3. Overspecialization 
in content is a 
problem 

 
 
Hybrid Filtering 

 
Combination of 
Collaborative and 
Content Based 
algorithm 

1. The advantages 
and disadvantages of 
content-based and 
collaborative 
methods are 
complementary. 
2. Address the issue 
of shortage and cold 
starts 

Difficult to 
implement 

 
The most often, recommendation systems track user activity, such as rating, clicking, 
purchasing, and commenting. User profiles or product descriptions are used in content-based 
strategies to produce recommendations. Without leveraging user or product content 
information, collaborative filtering-based systems rely on previous behaviors or preferences, 
such as user ratings on products. By integrating methods based on collaborative filtering and 
content-based, hybrid approaches aim to achieve the best of both worlds. (P. V. Kulkarni, Rai, 
and Kale 2020) 
There have been a variety of existing Recommender Systems and recommendation techniques, 
among them: 
 

Ø Knowledge-based (KB):  These systems give users recommendations for products 
based on their understanding of how those products fit their needs. They use three 
different kinds of information: knowledge of the users, knowledge of the items, and 
knowledge of how well the item satisfies the users ’requirements. Knowledge-based 
techniques are applied in the process of making recommendations in the context of e-
learning by combining knowledge about the learners and the course materials (Khanal 
et al. 2020). 

 
Ø Demographic-based (DB) systems:  seeks to classify users according to personal 

characteristics and provide suggestions based on demographic groups. Individuals that 
share or have comparable personal characteristics are likely to have similar item 
preferences (Fayyaz et al. 2020), (BURKE 2002). 

 
Ø Context aware-based (CA): All information that can be utilized to describe an entity's 

situation is considered context aware (CA). Before using a conventional 
recommendation algorithm, the data set is filtered using contextual information in a 
context-aware method (D. Nawara and R. Kashef 2021) (J. Kim, Lee, and Chung 2014) 
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Ø Trust-aware based (TA): aims to produce individualized suggestions using well-
known perspectives and trusted relationships. Trust plays a key role in e-learning and e-
commerce recommender systems because it strengthens user relationships in social 
networks (Deebak and Al-Turjman 2020) 

 
Ø Ontology-based (OB) recommenders: Are knowledge-based recommender systems 

that employ ontologies for knowledge representation. Ontologies are used to infer 
user interests as well as enhance user profile in the field of recommender 
systems (Tarus, Niu, and Yousif 2017a) 

 
3. Application of recommender systems in e-learning: 
3.1. E-learning recommender system:  
 
It can be difficult to suggest learning resources to specific learners, in the context of e-learning 
due to the variety of characteristics they have, including background knowledge, history, 
competency level, learning style, and etc. Even if two learners receive similar ratings, their 
individual characteristics require for different recommendations. This emphasizes how crucial 
it is for recommender systems in e-learning to take into account each learner's specific 
preferences and needs. As a result, personalization becomes essential to generating practical 
recommendations in e-learning contexts. For each unique learner, it is crucial to carefully 
analyze learners’ characteristics in order to ensure successful recommendations. 
In the literature, there are several works covering recommender systems in e-learning.In (Jena 
et al. 2023), authors developed a recommender system for e-learning course recommendations 
using collaborative filtering, incorporating machine learning models like K-nearest neighbor 
(KNN), Singular Value Decomposition (SVD), and neural network-based collaborative 
filtering (NCF) models. The analysis utilizes a dataset containing one lakh Coursera course 
reviews from Kaggle. The system aids learners in selecting e-learning courses based on their 
preferences. The implementation is done in Python, and the models' performance is evaluated 
using metrics like hit rate (HR), average reciprocal hit ranking (ARHR), and mean absolute 
error (MAE). Similarly, the work presented in (Talaghzi et al. 2023),  presented a course 
recommender system for the E-Dirassa platform, designed to serve both new and active 
learners. The system utilizes three distinct recommendation approaches: content-based 
recommendation and course-based collaborative filtering for active learners, and static profile-
based collaborative filtering for new learners. It utilizes multi-criteria decision aid (MDA) 
techniques to choose the appropriate textual similarity measure for the content-based 
recommendation approach. In another work (T. Liu et al. 2022), authors conducted an in-depth 
examination of existing recommendation systems in e-learning environment based on the 
collected literature, leading to the presentation of an overall course recommendation system 
framework. The paper presented a systematic review of deep learning-based recommendation 
systems. It begins by introducing recommendation systems in e-learning and providing a 
comprehensive survey and classification of deep learning techniques used for course 
recommendation. A complete literature review of ontology-based recommenders for e-learning 
was conducted as well as part of the work mentioned in (Tarus, Niu, and Mustafa 2018b). In 
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order to give an overview of the developments in ontology-based recommendation for e-
learning, authors first evaluated and categorized journal papers published between 2005 and 
2014. Second, they organized and highlighted the broad range of ontology-based e-learning 
recommender systems by classifying them. Thirdly, they investigated the approaches of 
knowledge representation, various types of ontologies, the ontology representation languages, 
and the learning resources that these systems use. Finally, they discussed the future trends of 
this recommendation approach in the context of e-learning. 
Furthermore, (Amane, Aissaoui, and Berrada 2022) introduced an e-learning recommender 
system adopting a dynamic ontology approach. The suggested approach makes use of semantic 
descriptions of courses and students, combining clustering algorithms with collaborative and 
content-based filtering strategies to get the top N recommendations. Experiments are conducted 
implementing a combination of the well-known "Coursera" dataset and the university's 
USMBA dataset to assess the performance of the system. The outcomes showed that the 
suggested method was more effective than content-based approaches in the recommendation 
process. Moreover, an ontology-based (OB) content recommender system was also proposed 
by authors in (Jeevamol and Renumol 2021) in order to address the issue of the new user cold-
start problem. Ontology is used to effectively model learners and learning items in the suggested 
recommendation model, capturing their distinctive qualities. The recommendation model 
incorporates collaborative and content-based filtering algorithms to produce the top N 
recommendations based on learner evaluations. Similarly, a semantic framework based on 
ontology was established in the work given in (Joy, Raj, and V. G. 2021) to efficiently address 
the pure cold-start problem in content recommenders. Both domain knowledge about learners 
and Learning Objects (LOs) are included in the ontology. A semantic model is built by 
combining different critical learner factors, such as learning style, knowledge level, and 
background knowledge. 
Authors in (Khanal et al. 2020) thoroughly evaluated the current recommendation approaches 
used in e-learning including Content-Based, Collaborative Filtering, Knowledge-Based, and 
Hybrid Systems. The paper provides a taxonomy of recommender systems, along with machine 
learning algorithms, evaluation metrics, and insights on challenges and issues that require more 
research. This study revealed that Collaborative Filtering was a widely utilized 
recommendation method in online learning, with most studies seeking to raise the standard of 
suggestions. 
In the study conducted by (Dahdouh et al. 2019), authors introduced a distributed 
recommendation system specially designed for e-learning platforms, using advanced big data 
technologies. They made use of a powerful parallel FP-growth algorithm available within the 
Spark Framework and the Hadoop ecosystem. This system works by finding connections 
between what students do, using a method called association rules. It also looked at historical 
data about course enrollments and students' activities to find interesting patterns in the records. 
These patterns were then used to create a list of courses that would suit students better, based 
on their behaviors and what they like. 
In (Tarus, Niu, and Kalui 2018), a mixed recommendation method was presented to give 
personalized learning resource suggestions to learners. This approach combines three key 
elements: context awareness, sequential pattern mining (SPM), and collaborative filtering (CF) 
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algorithms. Context awareness is used to include important information about each student, like 
what they know and what they aim to learn. The SPM algorithm digs through web logs to find 
out how students access information in a particular order. Then, by using CF, the system creates 
predictions and suggestions based on this contextual information and the sequence in which 
students access content. 
Authors in (Benhamdi, Babouri, and Chiky 2017) introduced a new recommendation system, 
called NPR_eL (New multi-Personalized Recommender for e Learning), which combines two 
techniques: collaborative filtering and content-based filtering. This method was incorporated 
into a learning environment to provide students with learning materials that are personalized to 
their needs. This approach provides learners with the best learning materials based on their 
preferences, interests, background knowledge, and memory capacity. 
Throughout the existing literature, numerous studies have tackled the challenges of e-learning 
recommendation systems, employing a variety of approaches to enhance the learning 
experience. These studies have explored collaborative filtering, deep learning techniques, 
ontology-based recommendation systems, and the integration of context awareness, sequential 
pattern mining, and more. Some have investigated specific issues such as the new user cold-
start problem, while others have conducted comprehensive evaluations of existing 
recommendation methods.  
Recommending appropriate learning resources to individual learners within e-learning poses a 
challenging task due to the wide array of characteristics that each learner possesses, including 
their background knowledge, educational history, skill levels, learning preferences, and more. 
Even if two learners seem similar based on certain criteria, their unique attributes often 
necessitate different recommendations. This underscores the critical importance of 
personalization in e-learning recommender systems, which must consider each learner's specific 
preferences and requirements to provide effective suggestions. Therefore, a deep understanding 
of each learner's characteristics is crucial to ensure successful recommendations. 
3.2. Recommender System based on learner profile:  
 
E-learning recommender systems, using learner profiles, are vital for personalized learning. 
They adapt educational content to each learner's unique needs, enhancing engagement and 
outcomes. These systems create more effective, learner-centric online education. Many works 
have highlighted the development of e-learning recommender systems using learner profile 
information. 
The work presented in (Amane, Aissaoui, and Berrada 2022), developed an e-learning 
recommender system utilizing a dynamic ontology approach. The proposed system employs 
semantic descriptions of courses and learners, integrating collaborative and content-based 
filtering techniques with clustering methods to generate top N recommendations. To evaluate 
the systems’ performance, experiments are conducted using a combination of the well-known 
Coursera dataset and the university’s USMBA dataset. The results demonstrated the 
effectiveness of the proposed method in the recommendation process, outperforming content-
based methods. In another work (Imran et al. 2016), authors in, introduced a personalized 
learning material recommendation system. This system aims to help learners by suggesting 
particular learning materials within a course. It achieves this by examining the material a learner 
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is presently engaged with and also taking into account materials that have proven useful to other 
learners with similar interests. This personalization has the potential to enhance the overall 
learning experience by directing learners to valuable materials they might not have thought of 
initially.  
Further, the work presented in (Dwivedi and Bharadwaj 2015) , focused on the challenge of 
recommending educational resources for a group of learners rather than for individual learners. 
The fundamental issue in group recommendation concerns the individual preferences held by 
different learners within a group, leading to the development of a collective learner profile, 
named the Unified Learner Profile (ULP), which accurately reflects the combined preferences 
of all learners. Initially, the authors presented a technique for integrating individual profiles to 
produce the ULP taking into account learning preferences, educational backgrounds, and 
individual learner evaluations. In order to improve group recommendations, the authors then 
presented a collaborative approach combined with ULP. The study offers experimental results 
that demonstrate the viability of the suggested group suggestion approach for e-learning.  
Furthermore, authors in (Bourkoukou and Bachari 2018), introduced a new adaptive learning 
system called LearnFitII, which can automatically adjust to the changing preferences of 
learners. This system identifies various learning styles and learner habits by assessing the 
psychological model of learners and examining their server logs. First, it creates a personalized 
learning plan to address the challenge of starting with learners who have no prior data by using 
the Felder and Silverman model. Then, it analyzes learners' habits and preferences by mining 
information about their actions and interactions. Finally, the learning plan is reviewed and 
updated using a hybrid recommendation system that combines K-Nearest Neighbors and 
association rule mining algorithms. The results of testing this system in real educational settings 
demonstrate that taking into account the learner's preferences enhances the quality of learning 
and satisfies the learner. In another work (Tarus, Niu, and Yousif 2017b) , authors presented a 
hybrid knowledge-based recommender system that combines ontology and sequential pattern 
mining (SPM) to recommend e-learning resources to learners. The recommendation approach 
relies on ontology to model and represent domain knowledge related to learners and learning 
resources, while the SPM algorithm identifies sequential learning patterns of learners. The 
method involves four key steps: (1) the creation of an ontology to capture knowledge about 
learners and learning resources, (2) the computation of ratings similarity based on ontology 
domain knowledge to predict preferences for the target learner, (3) the generation of the top N 
recommended learning items through collaborative filtering, and (4) the application of the SPM 
algorithm to the top N learning items to produce final recommendations for the target learner. 
Authors conducted several experiments to assess the performance of the hybrid recommender 
system, and the results indicate improved effectiveness. Furthermore, the hybrid approach 
offers solutions to both the cold-start problem and data sparsity issues by leveraging ontological 
domain knowledge and the sequential access patterns of learners, even before initial data 
becomes available in the recommender system. 
Moreover, in this research paper (Tarus, Niu, and Kalui 2018), authors developed a hybrid 
recommendation approach that merges context awareness, sequential pattern mining (SPM), 
and collaborative filtering (CF) algorithms to suggest learning resources to learners. The 
recommendation strategy leverages context awareness to consider learner-specific details like 
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their knowledge level and learning objectives. The SPM algorithm delves into web logs to 
uncover the sequential patterns in a learner's access to resources. CF then utilizes this 
contextualized information and the learner's sequential access patterns to make predictions and 
generate recommendations. The evaluation of this hybrid approach reveals that it can surpass 
other recommendation methods in terms of the quality and accuracy of the recommendations 
provided.  
Additionally, The work highlighted in , developed a MoocRec.com which is an online platform 
designed to help learners discover courses that align with the skills required for their dream job 
positions. MoocRec's recommendation system leverages a combination of Matrix Factorization 
(MF) and Collaborative Filtering (CF) algorithms. These algorithms make use of external data 
sources, including user skills and course attributes, to forecast course trends and provide 
predictions for course ratings based on these trends. Also, authors in (Pireva and Kefalas 2018), 
introduced a Recommender System based for Cloud e-Learning (known as CeLRS). CeLRS 
employs hierarchical clustering to identify the most suitable resources and employs a vector 
space model to arrange these resources in terms of their significance for each individual learner. 
To summarize, traditional e-learning platforms such as EdX, Coursera, Udemy and etc., employ 
methods like collaborative filtering, content-based or hybrid approaches to support 
recommendation systems. However, despite all the efforts made to suggest suitable courses, the 
former platforms may not recognize the appropriate needs of the different learners. Thus, it is 
essential to suggest recommendations that consider the characteristics of individual learner 
profiles. 
In response, our thesis holds significant promise for enhancing personalized recommendations 
in the area of e-learning, aligning educational content more closely with individual learner 
needs. Our approach empowers recommendation systems by taking learner profiles into 
account and integrating information about the learner from his social media profile. We achieve 
this by combining both the outcomes of the social profile ontology and the course topic model. 
Based on our results, The MOOCs platforms could construct a hybrid recommender system 
using both knowledge and content base methods to identify and suggest relevant educational 
resources tailored to the learner's profile.  
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E-learning has transformed education since it offers convenient and adaptable learning 
alternatives especially during the COVID 19 pandemic and it has proven to be durable and cost-
effective even after the quarantines. As a result, e-learning has become a crucial component of 
modern education, providing accessible, inclusive, and interesting learning opportunities for 
learners all over the world.  
Additionally, Massive Open Online Courses (MOOCs) as e-learning platforms, provide free 
access to educational materials, improving opportunities for independent learning and personal 
development. However, MOOC dropout rates is still persisting due to reasons such as lack of 
continuous engagement, impersonalized content recommendation and less social interactivity. 
Further, the dominance of social media platforms (e.g., LinkedIn, Twitter, YouTube, Facebook, 
Instagram, TikTok, etc.) keeps growing. This is due to its connectivity, interactivity, and user-
generated content which facilitates the sharing of information by reflecting users' sentiments, 
thoughts, and actions.   
After reviewing the factors behind drop-out in MOOCs using literature, and highlighting the 
potential of using social media features to promote learner engagement, we aim to exploit 
the learner ‘s profile social information to enrich his profile within MOOC for a personalized 
learning experience. Furthermore, Personalizing learner experience in MOOCs is challenging 
due to the diverse characteristics the learners possess, such as interest, courses preferences, 
competency level, learning style, and etc.  
This thesis explores the intersection of MOOCs and social media using AI-driven approaches. 
Our research applies ontologies and machine learning to improve the e-learning experience in 
order to meet the needs and preferences of individual learners’ profiles. Specifically, we have 
implemented a social learner profile ontology to create a more comprehensive view of the 
learner. 
We aim to integrate information from different sources (MOOC and social media) and combine 
them to gain a more complete understanding of each learner's interests, abilities, and needs.   
For this purpose, we created two local ontologies to represent the learner profile in MOOC and 
the user profile in social media. Based on the well-known standards and ontologies such as IMS 
LIP, FOAF, Organization ontology, SIOC ontology and etc., we proposed our proper attributes 
to create a more customized and personalized profile. Then, we rely on ontology engineering 
techniques such as ontology mapping and merging to implement our social profile ontology. 
Using the previous ontology, we focused on the ‘Interest’ component, to detect learners' 
potential topics of interest from their content on social media (tweets). We implemented NLP 
pipeline and applied topic modeling algorithms such as LDA, LSA and BERTopic on the 
Tweets. This could provide information on educational resources that fit better the learner 
profile. 
Our thesis is a work in progress that has given some promising results, including our 
commitment to sharing the ontology with the community, ensuring its 'reusability' and 
providing comprehensive documentation for accessibility.  
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Perspectives: 
Accordingly, it is interesting to pursue some perspectives as follows: 

§ Using a real MOOC platform, such as EDX or Coursera, to enhance their 
recommendation system with the output of our approach, in order to quantify its impact 
on the dropout rate and the learners’ engagement and course completion. 

 
§ Ensuring inclusive education and lifelong learning opportunities taking into account a 

more personalization of the profile for learners with special needs such as persons with 
a hearing or visual impairment and persons with Attention-Deficit/Hyperactivity 
Disorder (ADHD) and autism spectrum disorder (ASD) disorders. 

 
§ Exploring the differentiations in behavior vis-à-vis the learning practices, regarding the 

different generations such as Baby Boomers, Generation X, Millennials, Generation Z, 
and Gen Alpha. Discovering these particular differentiations could enrich and extend 
the personalized profile proposed by our approach to better meet their expectations. 

 
§ Additionally, the current revolution powered by large language models like GPT-3.5 

could enhance learner support and fostering a more interactive and dynamic learning 
experience. This might be enriched by integrating ChatGPT into MOOC platforms, to 
engage a personalized conversations based on the social profile provided by our 
approach. Therefore, our approach will empower its natural language processing 
capabilities, which enables more personalized and contextually relevant responses for 
MOOCs’ learners. 
 

§ Finally, the potential of incorporating Virtual Reality (VR) combined with our approach 
could be investigated to enhance the learner’s engagement and knowledge retention. 
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