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Résumé
À l’ère du big data, les Systèmes de Recommandation (Recommender Systems,
RSs) sont devenus des outils de plus en plus utilisés. Ils constituent un type im-
portant d’algorithmes d’apprentissage automatique (Machine Learning, ML) qui
contribuent principalement à préserver la fidélité des internautes, en mettant à leur
disposition un contenu personnalisé sur les différentes plateformes électroniques
telles que Amazon, Netflix, YouTube et Facebook. Les RSs sont bénéfiques à la
fois pour les utilisateurs et les entreprises. Ils aident les utilisateurs à prendre des
décisions, et les entreprises à faire plus de bénéfices. En fait, une grande partie
des revenus de nombreuses entreprises est générée uniquement par les recomman-
dations.

Plusieurs RSs ont été proposés dans la littérature, dont la plupart se sont princi-
palement concentrés sur le contenu anglais. La recherche et les ressources concer-
nant les RSs en d’autres langues notamment l’arabe sont restreintes. Ces derniers
temps, le contenu arabe sur le Web a considérablement augmenté, et ce en raison
du nombre croissant d’internautes arabes; l’arabe classée quatrième parmi les dix
premières langues utilisées sur internet. Ce qui sollicite la nécessité de conduire
des études portant sur le contenu arabe, plus particulièrement dans le domaine des
RSs.

Cette thèse aborde les récents travaux réalisés dans le domaine des RSs, tout
en mettant l’accent sur le manque de recherches concernant les RSs arabes. Par
ailleurs, elle présente d’autres nouvelles contributions visant à améliorer ce do-
maine peu exploré jusqu’à présent.

La première contribution porte sur l’exploration et l’investigation des RSs ré-
cents initialement consacrés au contenu anglais, lorsqu’ils sont appliqués au con-
tenu arabe. Elle envisage d’expérimenter des RSs de pointe à partir de trois as-
pects à savoir, l’applicabilité, l’impact du prétraitement et la performance lors du
changement de la langue du contenu. En réalisant cet ensemble d’expérimentations,
l’apport de cette première contribution réside aussi dans la construction et la mise



à disposition de quatre datasets arabes de taille permettant l’exploration des RSs
dans un contexte arabe. Elle permet ainsi de combler le manque énorme de
ressources arabes dédiées aux RSs.

La deuxième contribution est consacrée à l’enrichissement du domaine des
RSs arabes en proposant un nouveau système de recommandation moderne, adapté
au contenu arabe. La mise en œuvre du système proposé a été réalisé en combinant
des modèles indépendants d’apprentissage en profondeur (Deep Learning, DL) en
un seul système, à savoir des Réseaux de Neurones Convolutifs (Convolutional
Neural Networks, CNNs) avec un Perceptron Multi-couche (Multi-Layer Percep-
tron, MLP). Ce système a pour principaux avantages, la capacité d’améliorer effi-
cacement la précision des prédictions, et à traiter un grand volume de données.

Des expérimentations approfondies ont été menées en exploitant les datasets
arabes construits dans cette thèse. Les résultats obtenus de notre exploration et de
notre proposition garantissent des aboutissements prometteurs, pouvant inspirer
la communauté des chercheurs à mener des études supplémentaires dans ce sens.

Mots-clés: Big data, Arabe, Apprentissage automatique, Apprentissage pro-
fond, Traitement automatique des langues, Réseau neuronal convolutif, Systèmes
de recommandation, Recommandations personnalisées, Prédiction des notes, Fil-
trage collaboratif, Factorisation de matrices, Avis de l’utilisateur, Préférences de
l’utilisateur, Modélisation de l’utilisateur, Analyse de texte.



Abstract
In the era of big data, Recommender Systems (RSs) have become growing essen-
tial tools. They represent important Machine Learning (ML) algorithms that keep
users engaged with personalized content in different e-platforms like Amazon,
Netflix, YouTube and Facebook. RSs are beneficial to both users and businesses.
They help users make decisions, besides assisting companies to make more prof-
its. A large chunk of many businesses’ revenue is generated from recommenda-
tions alone.

Several RSs have been proposed in the literature, and most of them have pri-
marily focused on English content. However, research and existing resources re-
main very limited for content in other languages like Arabic. In recent times,
the Arabic content on the Web has significantly increased because of the growing
number of Arabic web users. Arabic came fourth in the top ten Internet lan-
guages. This highlights the need for exhaustive in-depth work on Arabic content,
especially in the RS field.

This thesis describes the different works about RSs in general while empha-
sizing the lack of research on Arabic RSs. Furthermore, it presents several new
contributions aiming to improve this field, little explored until now.

The first contribution explores and investigates recent RSs initially devoted to
English content when applied to Arabic content. It plans to experiment with state-
of-the-art RSs from three aspects: the applicability, the impact of the preprocess-
ing, and the performance when changing the language of the content. By con-
ducting this set of experiments, this contribution also makes four Arabic datasets
available to explore RSs in an Arabic context. It thus allows addressing the con-
siderable lack of Arabic resources devoted to RSs.

The second contribution is devoted to enriching the field of Arabic RSs by
proposing a new modern recommendation system adapted to Arabic content. The
implementation of the proposed system has been achieved by combining indepen-



dent Deep Learning (DL) models into one system, namely Convolutional Neural
Networks (CNNs) with a Multi-Layer Perceptron (MLP). The main advantages of
this system are its capacity to effectively improve the accuracy of predictions and
deal with a large volume of data.

Extensive experiments have been carried out exploiting the Arabic datasets
constructed in this thesis. The results obtained from our exploration and our pro-
posal ensure promising findings, inspiring the research community to carry out
additional studies in this direction.

Keywords: Big data, Arabic, Machine Learning, Deep Learning, Natural Lan-
guage Processing, Convolutional neural network, Recommender systems, Person-
alized recommendations, Rating prediction, Collaborative filtering, Matrix factor-
ization, User reviews, User preferences, User modeling, Text analysis.
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Chapter 1

Introduction- in French

Contents
1.1 Contexte de la recherche . . . . . . . . . . . . . . . . . . . 20

1.2 Motivations et Problématiques . . . . . . . . . . . . . . . . 23

1.3 Objectifs et Contributions . . . . . . . . . . . . . . . . . . . 25

1.3.1 Exploration des systèmes de recommandation avancés

dans le contexte arabe . . . . . . . . . . . . . . . . . 26

1.3.2 Construction d’un nouveau système de recommanda-

tion basé sur le deep learning adapté au contenu arabe 28

1.4 Structure de la thèse . . . . . . . . . . . . . . . . . . . . . . 29

1.1 Contexte de la recherche

À l’ère du big data, le volume d’informations sur le Web a augmenté à un ry-
thme sans précédent [OBLB18]. Bien que la disponibilité de données à grande
échelle puisse être bénéfique, elle peut également rendre le processus de prise de
décision assez difficile. En fait, les internautes sont submergés d’innombrables
informations, ce qui provoque un problème crucial connu sous le nom de sur-
charge d’informations [AT05]. De ce fait, il devient difficile pour les utilisateurs

20



d’accéder à ce qui les intéresse sur le Web au moment opportun. Des Systèmes de
Recommandation (RSs, de l’anglais Recommender Systems) ont émergé pour af-
fronter ce problème en collectant de manière autonome des informations et en les
adaptant de manière proactive aux préférences personnelles [CCW15], par exem-
ple, quel article consommer (Amazon), dans quel hôtel séjourner (TripAdvisor),
quelle chanson écouter à (Last.fm), etc. Les RSs sont avantageux à la fois pour
les utilisateurs et les fournisseurs de services [PCH11]. Ils améliorent le proces-
sus de prise de décision des utilisateurs et permettent aux fournisseurs de services
de faire plus de profits dans diverses applications Web telles que le commerce
électronique, le tourisme électronique, les réseaux sociaux, les sites de films, etc
[LWM+15].

Le but principal des RSs est de fournir des suggestions qui répondront le
plus probablement aux préférences de l’utilisateur en prédisant son intérêt pour
un produit/service cible en fonction de ses préférences passées, c’est-à-dire ses
intérêts, ses goûts ou ses besoins [BOHG13]. De telles préférences sont explicite-
ment énoncées par l’utilisateur ou sont déduites des interactions passées entre
l’utilisateur et les articles précédemment consommés [HRCB19], respectivement,
des évaluations numériques (alias ratings) [HKBR99] et des relevés de consom-
mation [HKV08]. Il existe cependant plusieurs modèles qui peuvent être adop-
tés pour modéliser les préférences de l’utilisateur à partir des données. Les RSs
génèrent principalement des prédictions de pertinence des articles en se basant sur
les modèles construits.

Généralement, il existe deux principaux types d’approches de recommanda-
tion, à savoir, le Filtrage Basé sur le Contenu (CBF, de l’anglais Content-Based
Filtering) et le Filtrage Collaboratif (CF, de l’anglais Collaborative Filtering) [AT05,
BOHG13, IFO15]. L’approche basée sur le contenu (CBF) vise à produire des
recommandations en impliquant les informations individuelles des utilisateurs et
le contenu descriptif des éléments. La seconde est connue sous le nom de CF, elle
représente l’une des approches les plus réussies pour les RSs. L’idée de base de la
méthode CF est de produire des recommandations aux utilisateurs en modélisant
leurs préférences à partir d’une matrice d’évaluation des éléments par les utilisa-
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teurs. L’approche CF fonctionne bien lorsque la matrice de notes est suffisamment
renseignée. Cependant, leur performance chute de manière significative en cas de
rareté de notes, en raison de la faible couverture de l’espace de recommandation,
ou de la difficulté rencontrée par les utilisateurs à évaluer un élément donné, en
utilisant seulement des scores numériques [CCW15].

De nos jours, il existe de nombreuses applications très connues, telles que
les sites de médias sociaux et de commerce électronique où les utilisateurs éval-
uent les articles par une notation numérique et/ou par des commentaires per-
sonnels [HRCB19]. De telles commentaires se présentent généralement sous
forme textuelles qui expriment la raison pour laquelle les utilisateurs apprécient
ou n’apprécient pas les éléments évalués. Comparativement avec la notation
numérique, les commentaires textuels contiennent plus d’informations séman-
tiques, fournissant ainsi aux RSs des informations plus fines, nuancées et fiables
sur les préférences de l’utilisateur [MJZ03]. En conséquence, les RSs peuvent
construire une représentation bien détaillée sur les préférences des utilisateurs,
que la notation numérique ne permet d’obtenir [CCW15]. Ces préférences, ex-
traites des critiques écrites des utilisateurs, peuvent également être exploitées par
les vendeurs/entreprises afin d’améliorer leurs produits et services [VKVTL05].

Au fil du temps, l’arabe est devenu la quatrième langue la plus parlée dans
le monde et l’une des langues les plus utilisées sur Internet (Top Ten Languages
Used in the Web - March 31, 2020). De nombreuses personnes parlent la langue
arabe dans de nombreux pays, avec plus de 420 millions de locuteurs (Complete
List of Arabic Speaking Countries – 2020 Update). La population arabe représente
environ 5,6% de la population mondiale et environ 4,8% des internautes (Arabic
Speaking Internet Users And Population Statistics - 2017). D’autre part, les inter-
nautes arabes sont récemment devenus d’importants consommateurs de services
Internet. Par conséquent, ils partagent de nombreux contenus, tels que des cri-
tiques textuelles, contenant leurs opinions et leurs préférences [OBLB20]. Ainsi,
il est devenu possible d’exploiter un tel contenu par les RSs pour gérer le problème
bien connu de surcharge d’informations dans un contexte arabe.
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1.2 Motivations et Problématiques

Avec l’augmentation de l’utilisation d’Internet, une grande quantité de contenu
généré par les utilisateurs est produite, à savoir les notes, les critiques et les com-
mentaires. Cependant, dans de nombreux sites de médias sociaux et de com-
merce électronique, les internautes partagent leurs expériences, opinions, sen-
timents sur un article consommé sous la forme d’un commentaire, et/ou une
note numérique indiquant leurs préférences. Ces commentaires peuvent fournir
une vue d’ensemble sur les articles ou des opinions spécifiques sur certaines de
leurs caractéristiques. Ils constituent une source d’informations précieuses sur
les préférences des utilisateurs, et peuvent être utilisés pour construire des pro-
fils fins de ces derniers améliorant ainsi la personnalisation des recommandations
[CCW15]. Les résultats empiriques des études sur le comportement des utilisa-
teurs ont également révélé l’efficacité des avis textuels sur les processus de prise
de décisions des nouveaux utilisateurs [KS07, CM06].

Récemment, des efforts croissants ont été déployés pour intégrer les informa-
tions précieuses contenues dans les avis textuels dans le processus de modélisation
des utilisateurs et de génération de recommandations [SOALM20, CCW15]. Les
résultats expérimentaux de ces études ont montré l’influence positive du contenu
généré par les utilisateurs, tels que les avis textuels, sur les performances de pré-
cision des recommandations. Cependant, la plupart de ces travaux ont été réalisés
pour démontrer l’avantage de l’incorporation de ces avis dans le contexte anglais.
Plus précisément, ils ont démontré des performances élevées sur divers datasets de
commentaires en anglais pour les RSs, tels que Yelp 1, Amazon 2, IMDB 3, Beer
4 ... En conséquence, une variété de systèmes de haute qualité et d’outils avancés
sont désormais disponibles pour le contenu en anglais. Néanmoins, pour gérer
le contenu généré par l’utilisateur écrit dans d’autres langues telles que l’arabe,
très peu de RSs ont été proposés [ZAS+17, HASA20]. L’accent a été principale-
ment mis sur l’anglais. Les outils, les ressources et la recherche sur le contenu

1https://www.yelp.com/dataset
2https://jmcauley.ucsd.edu/data/amazon/
3https://www.imdb.com/interfaces/
4https://data.world/socialmediadata/beeradvocate
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dans d’autres langues, en particulier la langue arabe, sont très rares. Notons que
dans la littérature, il y a absence de datasets contenant des avis textuels arabes
disponibles et principalement conçu pour enquêter et valider les RSs. Un examen
des études précédentes menées dans ce domaine révèle que les chercheurs ont
exploré leurs propositions de RSs uniquement sur des datasets de commentaires
arabes initialement conçus pour l’Analyse de Sentiments (SA, de l’anglais Senti-
ment Analysis) et non à des fins de recommandation. Ce fait est considéré comme
l’une des principales raisons qui nous ont motivés à créer des datasets d’avis en
langue arabe pour les RSs dans cette recherche. D’un autre côté, il convient égale-
ment de mentionner que les travaux examinés souffrent d’une variété d’autres lim-
itations communes. Par exemple, les datasets arabes utilisés dans ces travaux sont
de taille modeste par rapport aux datasets à grande échelle utilisés pour enquêter
sur les RSs anglais. En outre, aucun de ces travaux n’a utilisé plusieurs datasets
arabes pour évaluer convenablement son RS dans le contexte arabe. Conséquem-
ment, une étude empirique plus approfondie est requise. De même, ces travaux
n’utilisent que des paradigmes de recommandation traditionnels, contrairement
aux modèles modernes et performants de recommandation adoptés dans les études
consacrées aux contenus en anglais. En outre, les auteurs ont effectué des anal-
yses de traitement de texte très simples pour impliquer les avis textuels dans le
processus de recommandation. De telles analyses sont considérées comme dé-
passées dans la littérature des RSs anglais, car elles ne permettent pas d’extraire
des informations importantes telles que la sémantique.

Par conséquent, à partir de la littérature examinée, nous pouvons conclure
quelques notes critiques. Les RSs arabes ont reçu une attention infime dans la
littérature de recherche. Le pourcentage d’œuvres qui proposent des RSs arabes
est très limitée. Par ailleurs, les œuvres disponibles ne sont pas encore matures
par rapport à celles présentant des RSs anglais. Ainsi, ils ne permettent pas de
déduire des conclusions bien argumentées sur l’exploitation du contenu arabe par
les avancées récentes dans le domaine des RSs. Dès lors, la communauté des
chercheurs a encore besoin d’efforts de recherche pour proposer des études et des
outils complèmentaires pour s’attaquer aux problèmes susmentionnés.
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Nous optons pour la langue arabe dans ce travail pour plusieurs raisons. D’une
part, la langue arabe est bien répandue dans divers pays et utilisée par des millions
de personnes dans le monde [OLB18]. Elle, appartient à l’une des six langues of-
ficielles des Nations Unies [EE16]. D’autre part, l’utilisation massive des services
électroniques par les utilisateurs arabes s’est accompagnée d’une croissance sig-
nificative du contenu généré par les utilisateurs, tels que des critiques en ligne
contenant leurs opinions sur différents sujets, produits ou services [AKGA+14].
Ainsi, pour bénéficier d’un tel contenu, la communauté des chercheurs est appelée
à proposer des RSs arabes efficaces.

L’amélioration dans le domaine des RSs arabes jouerait un rôle essentiel pour
plusieurs acteurs. Les RSs pourraient être intégrés dans différentes applications
arabes telles que les magasins en ligne, l’apprentissage en ligne, les réseaux soci-
aux, les voyages en ligne, etc. Les fournisseurs de services dans de telles applica-
tions pourraient bénéficier des RSs pour augmenter leur trafic et leurs revenus en
offrant aux utilisateurs des choix/services potentiellement fascinants de manière
personnalisée. En outre, les internautes peuvent profiter de ces services dans leurs
activités quotidiennes, à savoir regarder des films, écouter de la musique et acheter
des articles. Toutes ces améliorations prouvent l’importance des RSs arabes, met-
tant ainsi la lumière sur la nécessité d’avoir des études complémentaires dans ce
domaine.

1.3 Objectifs et Contributions

Cette thèse vise à explorer et à améliorer la recommandation personnalisée, en
particulier la tâche de prédiction de notes dans le contexte arabe tout en palliant
aux limites des travaux connexes existants. Pour répondre à cet objectif majeur,
la présente thèse comprend deux contributions. Dans ce qui suit, nous présentons
un résumé de chacune de ces contributions.
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1.3.1 Exploration des systèmes de recommandation avancés dans
le contexte arabe

Le domaine des RSs arabes souffre d’un manque de ressources, d’intérêt et de
recherche. Les travaux connexes sont très peu nombreux, et les études y af-
férant sont limitées [SOLM21]. En fait, les investigations sur les RSs lors de
l’exploitation du contenu en langue arabe sont minimes. En outre, ceux disponibles
n’explorent pas et n’enquêtent pas sur les avancées récentes dans le domaine des
RSs. Conséquemment, nous visons à travers cette étude à combler cette lacune de
recherche en tirant profit des paradigmes actuels dans les RSs. Le but essentiel
est de mener une étude empirique complète pour tirer des conclusions bien argu-
mentées sur l’application des RSs modernes dans le contexte arabe. A ce niveau,
notre travail se propose d’examiner les questions de recherche suivantes :

• Est-il possible d’appliquer les RSs récents dans le contexte arabe ?

• Si oui, le contenu arabe a-t-il besoin d’une étape particulière de prétraitement
pour l’incorporer dans ces RSs?

• Dans l’affirmative, l’application de ces RSs au contenu arabe donne-t-elle
de bons résultats comme ceux obtenus lors de leur application au contenu anglais
?

Pour répondre à ces questions, nous testons la tâche de prédiction de notes à
partir de trois perspectives :

1) Perspective d’applicabilité : Ceci est accompli en réalisant une expérience
avec cinq RSs de pointe de la littérature pour effectuer une prédiction de notes en
exploitant des revues textuelles arabes. Nous signalons que la performance de ces
systèmes a été démontrée pour le contenu anglais; néanmoins, elle n’a jamais été
prouvé pour le contenu en langue arabe. L’efficience de chaque RS est étudiée
par rapport aux datasets construits. L’idée est de vérifier l’applicabilité des RSs
récents dans le contexte arabe.
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2) Perspective d’impact du prétraitement : à ce stade, nous visons à déterminer
s’il est nécessaire d’appliquer une phase de prétraitement particulière sur le con-
tenu arabe avant de l’intégrer dans les RSs adoptées. Ainsi, nous testons ces RSs
sur les datasets construits dans deux cas : avec et sans prétraitement.

3) Perspective de performance : elle consiste à effectuer des expériences avec
les cinq moteurs de recommandation adoptés pour évaluer et comparer leurs per-
formances en variant la langue des commentaires de l’anglais à l’arabe. Cette
expérimentation permet notamment de vérifier si les différences de performances
des modèles de recommandation utilisés sont statistiquement significatives ou non
lors du changement de la langue du contenu. Le principe est de confirmer si
l’application des RSs récents au contenu arabe fournit une bonne précision de pré-
diction de notes comme celle atteinte lors de leur application au contenu anglais.

En réalisant cet ensemble d’expérimentations, l’apport de cette partie de notre
thèse réside dans les aspects suivants :

- Mettre la lumière sur le besoin significatif d’avoir des RSs dédiés au contenu
arabe.

- Construire et mettre à disposition quatre nouveaux datasets arabes de taille
pour les RSs. L’objectif principal est d’évaluer les RSs sur des données arabes à
grande échelle.

- Appliquer les RSs récents dans le contexte arabe.

- Développer un nouveau mécanisme de prétraitement des revues en arabe et
en anglais.

- Étudier l’effet de la phase de prétraitement sur les performances des RSs
récents lors de l’utilisation de textes arabes.

- Analyser et évaluer les performances de divers RSs de pointe lorsqu’ils sont
appliqués au contenu arabe.
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- Comparer les performances des RSs récents dans les contextes anglais et
arabe (en utilisant le même contenu dans deux langues différentes)

- Démontrer que les RSs modernes fournissent des résultats prometteurs lorsqu’ils
sont appliqués au contenu arabe.

1.3.2 Construction d’un nouveau système de recommandation
basé sur le deep learning adapté au contenu arabe

Des travaux récents dans le domaine des RSs proposent d’analyser les avis textuels
pour extraire des informations indispensables pouvant aider à la prédiction de
notes, et surmonter l’inconvénient de la rareté des données [CN21, SOALM20,
CCW15]. De telles réalisations ont montré des succès remarquables et ont prouvé
de meilleures performances par rapport aux méthodes classiques des RSs. Toute-
fois, tous ces progrès actuels sont dévolus pour les travaux concernant unique-
ment les commentaires en langue anglaise. Les travaux existants exploitant les
avis en langue arabe pour la prédiction de notes ne bénéficient pas d’outils et de
ressources avancés. Ils n’utilisent que des architectures traditionnelles des RSs et
des techniques d’analyse de textes classiques qui sont actuellement considérées
comme dépassées par la communauté des chercheurs. A cet effet, nous envis-
ageons à travers cette étude de combler ce manque de travaux en proposant un
RS moderne et efficace consacré au contenu arabe. La nouveauté de cette étude
repose sur l’exploitation des progrès actuels dans le domaine des RSs. Il convient
de signaler, que les questionnements abordés dans l’étude expérimentale précé-
dente ont animé l’inspiration de cette contribution, une fois, rassuré de la garantie
de l’application de ces avancées au contenu arabe.

La contribution de cette partie de la thèse reflète les aspects suivants:

- Primo, la conception d’un nouveau système de recommandation basé sur
l’apprentissage profond (DL, de l’anglais Deep Learning) adapté à réaliser et
améliorer la prédiction de notes dans le contexte arabe. Notre RS propose de
fusionner une technique de traitement de texte basée sur des réseaux de neurones
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convolutifs (CNNs, de l’anglais Convolutional Neural Networks), et un modèle
neuronal de prédiction, namely perceptron multicouches (MLP, de l’anglais Mutli
Layer Perceptron) dans un seul système afin de prédire les notes en employant des
données textuelles arabes à grande échelle. Notons que ces techniques n’ont ja-
mais été utilisées auparavant pour effectuer la prédiction de notes dans le contexte
arabe. A notre humble avis, il s’agit d’une étude pionnière qui combine ces deux
modèles DL et les explore dans un contexte arabe. Elle est d’ailleurs, la première
proposition dédiée à traiter un grand volume de données arabes.

- Secundo, effectuer des expériences complètes sur quatre datasets arabes pour
évaluer et prouver la performance du système proposé en terme de précision des
prédictions. Les résultats expérimentaux démontrent que notre RS peut atteindre
une précision nettement meilleure que d’autres techniques de pointe. En partic-
ulier, notre RS améliore l’erreur quadratique moyenne (MSE, de l’anglais Mean
Squared Error) entre 0,84% et 16,96%, et l’erreur absolue moyenne (MAE, de
l’anglais Mean absolute Error) entre 0,14% et 13,71%.

1.4 Structure de la thèse

La suite de cette thèse est structurée comme suit:

Partie II Principaux concepts et revue de la littérature (Background and
Literature review) : Cette partie comprend les chapitres 3 et 4, consacrés à
présenter quelques concepts de base et l’état de l’art des travaux connexes.

Partie III Notre proposition (Our proposal) : Cette partie comprend deux
chapitres 5 et 6, présentant les deux contributions faisant l’objet de cette thèse.
Le chapitre 5 expose la méthodologie adoptée pour explorer dans un contexte
arabe, l’application des paradigmes modernes dans le domaine des RSs. Dans un
premier temps, il présente en détail tous les moyens et étapes mis en œuvre pour
la réalisation de cette étude empirique approfondie. Ensuite, il expose, analyse
et résume les résultats empiriques obtenus. Le chapitre 6 présente notre nouvelle
proposition portant sur le développement d’un RS arabe consacré à effectuer et
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améliorer la tâche de prédiction de notes dans un contexte arabe. Il détaille les
composants utilisés dans notre système proposé, la méthodologie suivie et les
expériences réalisées pour évaluer cette proposition. Ce même chapitre discute
enfin les résultats obtenus.

Partie IV Clôture (Closing) : Cette partie comprend le chapitre 7, qui résume
les principales conclusions et limites, et fournit un certain nombre de perspectives
dans le domaine en question.
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Chapter 2

Introduction- in English

Contents
2.1 Research Context . . . . . . . . . . . . . . . . . . . . . . . 31
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2.3 Aims and Contributions . . . . . . . . . . . . . . . . . . . . 36

2.3.1 Exploring advanced recommender systems in the Ara-

bic context . . . . . . . . . . . . . . . . . . . . . . . 36

2.3.2 Building a novel deep learning-based recommender sys-

tem adapted to arabic content . . . . . . . . . . . . . 38

2.4 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . 39

2.1 Research Context

In the era of big data, the volume of information on the Web has grown at an un-
precedented rate [OBLB18]. Although the availability of large-scale data can be
beneficial, it can also make the decision-making process more difficult. In fact,
Internet visitors are submerged with countless information, which causes a cru-
cial issue known as information overload [AT05]. Thereby, it becomes difficult
for users to access what interests them on the Web at the right moment. Recom-
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mender systems (RSs) have emerged to manage this issue by autonomously col-
lecting information and proactively adapting it to personal preferences [CCW15],
e.g., what item to consume (Amazon), which hotel to stay in (TripAdvisor), what
song to listen to (Last.fm), etc. RSs are advantageous to both users and ser-
vice providers [PCH11]. They improve users’ decision-making process and al-
low service providers to make more profits in various web applications such as
e-commerce, e-tourism, social networks, movie sites, etc [LWM+15].

The mainstream of RSs is to provide the items that will most likely meet
the user’s preferences by predicting its interest in a target item according to its
past preferences, i.e., interests, tastes, or needs [BOHG13]. Such preferences
are explicitly stated by the users or are inferred from past user-item interactions
[HRCB19], commonly numeric evaluations (a.k.a. ratings) [HKBR99] and con-
sumption records [HKV08], respectively. There are, however, several models that
can be adopted to perform user preferences modeling from data. RSs mainly gen-
erate item relevance predictions based on the learned models.

Generally, there are two principal types of recommender approaches; namely,
Content-Based Filtering (CBF) and Collaborative Filtering (CF) [AT05, BOHG13,
IFO15]. The content-based approach (CBF) aims to produce recommendations
based on the individual information of users and the content representations of
items. The second one is known as CF, and it represents one of the most suc-
cessful approaches for RSs. The basic idea of the CF method is t to produce
recommendations to users by learning users’ preferences from user-item rating
patterns. CF approach operates well when there is good enough rating infor-
mation. However, their performance drops significantly when the rating sparsity
issue happens, thanks to the poor coverage of recommending space or the diffi-
culty in letting users express their usage experiences for a given item as numerical
scores [CCW15].

Nowadays, there are many popular applications such as social and e-commerce
media sites where users evaluate items through ratings and give personal reviews
describing their assessment of items [HRCB19]. Such reviews are usually in the
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form of textual comments that express why the users like or dislike the evalu-
ated items. Compared to rating information, textual reviews have more semantic
information, providing RSs with more fine-grained, nuanced, and reliable user
preference information [MJZ03]. Consequently, the RSs can construct a detailed
preference representation for the user, which cannot be inferred from global rat-
ing scores [CCW15]. Also, the vendors may exploit the user preferences extracted
from the written reviews to improve their products and services [VKVTL05].

Over time, Arabic has become the fourth most-spoken language worldwide
and one of the most used languages on the Internet (Top Ten Languages Used
in the Web - March 31, 2020). Many people speak the Arabic language in many
countries, with more than 420 million speakers (Complete List of Arabic Speaking
Countries – 2020 Update). The Arab population represents around 5.6% of the
world’s population and around 4.8% of internet users (Arabic Speaking Internet
Users And Population Statistics - 2017). On the other hand, Arabic web users have
recently become significant consumers of Internet services. Therefore, they share
much content, such as textual reviews, containing their opinions and preferences
[OBLB20]. Thus, it became possible to exploit such content by RSs for managing
the well-known information overload issue in an Arabic context.

2.2 Motivations and Problem statements

With the surge in internet usage, a large amount of user-generated content is being
produced, such as ratings, reviews, and comments. However, in many social me-
dia websites and e-commerce systems, people share their experiences, opinions,
sentiments about a consumed item in the form of a review, along with a numerical
rating indicating their preferences. These reviews may provide a comprehensive
overview of the items or specific opinions on some characteristics of the items.
Thus, they constitute a valuable information source on users’ preferences and can
be used to learn fine-grained profiles of users and improve personalized recom-
mendations [CCW15]. Empirical findings from user behavior studies have also
revealed the efficiency of item reviews on the decision-making processes of new
users [KS07, CM06].
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Recently, growing efforts have been made to integrate the precious informa-
tion embedded in reviews into the process of user modeling and recommenda-
tion generation [SOALM20, CCW15]. Experimental results of these studies have
shown a positive influence of user-generated content such as user reviews on
the performance of recommendation accuracy. However, most of these works
were done to demonstrate the benefit of review incorporation in the English con-
text. Specifically, they have demonstrated high performance on various English-
language reviews datasets for RSs, such as Yelp 1, Amazon 2, IMDB 3, Beer 4

... As a result, a variety of high-quality systems and advanced tools are now
available for English content. However, for managing user-generated content
written in other languages such as Arabic, very few RSs have been proposed
[ZAS+17, HASA20]. The focus has been mainly on English. Tools, resources,
and research on the content in other languages, especially Arabic-language, are
very scarce. We notice in the literature that there is no available Arabic reviews
dataset mainly designed for investigating and validating RSs. A review of previ-
ous studies conducted in this field shows that researchers examined their proposed
RSs only on Arabic reviews’ datasets originally built for Sentiment Analysis (SA)
and not for recommendation purposes. This fact is considered one of the main
reasons that motivated us to create Arabic-language reviews datasets for RSs in
this research. On the other hand, it also should be mentioned that the reviewed
works suffer from other various common limitations. For instance, the Arabic
datasets utilized in these works are of modest size compared to the large-scale
datasets used to investigate the English RSs. Besides, none of these works has
used several Arabic datasets to evaluate its proposed RS in the Arabic context
properly. Thus, a more in-depth empirical study is required. Moreover, these
works use only traditional recommending paradigms contrarily to modern and per-
formant recommendation models adopted in studies devoted to English content.
Furthermore, the authors also performed straightforward text processing analyses
to incorporate review information into the recommending process. Such analy-
ses cannot capture contextual information; thus, they cause semantic information

1https://www.yelp.com/dataset
2https://jmcauley.ucsd.edu/data/amazon/
3https://www.imdb.com/interfaces/
4https://data.world/socialmediadata/beeradvocate
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loss, limiting modeling expressiveness.

Therefore, from the reviewed literature, we can conclude some critical notes.
Arabic RSs have received minimal attention in the research literature. The per-
centage of works that propose Arabic RSs is very limited. Also, the available
works are still not mature yet, compared with the ones presenting English RSs.
Thus, they do not derive well-argued conclusions about the Arabic content’s ex-
ploitation by recent advances in the RS field. Hence, the research community
still needs research efforts to provide additional studies and tools to tackle the
problems above.

We choose the Arabic language in this work for several reasons. On the one
hand, the Arabic language is well spread among various countries and used by mil-
lions of people worldwide [OLB18]. It belongs to one of the six official languages
of the United Nations [EE16]. On the other side, the huge use of the e-services
by Arabic users has been accompanied by significant growth in user-generated
content such as online reviews that contain users’ opinions about different topics,
products, or services [AKGA+14]. Consequently, to benefit from such content,
the research community should propose effective Arabic RSs.

The improvement in the Arabic RS field would play an essential role for sev-
eral actors. RSs could be integrated into different online Arabic applications such
as e-stores, e-learning, social networks, e-travel, etc. The service providers in
such applications could benefit from RSs to increase their traffic and revenue by
providing users with conceivably fascinating choices/services in a personalized
way. Also, Internet users may take advantage of such services in their daily activ-
ities such as watching movies, listening to music and purchasing items. All these
improvements prove the significance of Arabic RSs, and they shed light on the
need to have additional studies in this direction.
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2.3 Aims and Contributions

This thesis aims to explore and improve personalized recommendation, mainly
the rating prediction task in the Arabic context, while tackling the limitations of
the existing related works. The current thesis consists of two main contributions
to answer this major goal. In what follows, we summarize each of these two
contributions.

2.3.1 Exploring advanced recommender systems in the Arabic
context

Arabic RS field suffers from a lack of support, research, and resources. Related
works are very few, and their topics are limited [SOLM21]. The research in-
vestigations about RSs when using content in the Arabic language are minimal.
Besides, those available ones do not explore and investigate recent achievements
in RS field. Therefore, we aim through this study to fill this research gap by lever-
aging current paradigms in RSs. The main goal is to conduct a comprehensive
empirical study to explore the modern recommenders in the Arabic context. At
this level, our work aims to examine the following research questions:

• Is it possible to apply recent RSs in the Arabic context?

• If so, does the Arabic content need a particular preprocess step to incorporate
it in these RSs?

• If so, does the application of these RSs to Arabic content provide good re-
sults like when applying them to the English content?

To answer those questions, we explore the rating prediction task from three
perspectives:

1) Applicability perspective: This is achieved by running an experiment with
five state-of-the-art RSs from the literature to perform rating prediction by ex-
ploiting Arabic textual reviews. We notice that the performance of these systems
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has been demonstrated for English content; however, it has never been proved for
content in the Arabic language. The behavior of each RS is studied with respect to
the constructed reviews datasets. The idea is to verify the applicability of recent
RSs in the Arabic context.

2) Preprocessing’s impact perspective: at this stage, we aim to determine if
it is necessary to apply a particular preprocessing phase on the Arabic content
before incorporating it into the adopted RSs. Thus, we tested these RSs on the
built datasets within two cases: with and without preprocessing.

3) Performance perspective: It consists of running experiments with the five
adopted recommender engines to evaluate and compare their performance when
varying the language of reviews from English to Arabic. In particular, this exper-
iment allows verifying if the used recommendation models’ differences in perfor-
mance are statistically significant or not when changing the content’s language.
The principle is to confirm if applying the recent RSs to Arabic content provides
good rating prediction accuracy as when applying them to English content.

By conducting this set of experiments, the contribution of this part of our thesis
lies in the following aspects:

- Shedding light on the significant need for research, resources, and tools in
the Arabic RS field.

- Building and making freely available four new massive Arabic datasets for
RSs. The main goal is to assess RSs on large-scale Arabic data.

- Applying the recent RSs in the Arabic context.

- Developing a new mechanism for preprocessing the Arabic and English re-
views.

- Investigating the effect of the preprocessing phase on the recent RSs when
using Arabic texts.
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- Analyzing and evaluating the performance of various state-of-the-art review-
based RSs when applied to Arabic content.

- Comparing the performance of recent RSs in both English and Arabic con-
texts (using the same content in two different languages).

- Demonstrating that modern RSs provide promising results when applied to
the Arabic content.

2.3.2 Building a novel deep learning-based recommender sys-
tem adapted to arabic content

Recent works in the RS field have considered analyzing review texts to extract
vital information that can aid rating prediction and overcome the data sparsity
drawback [CN21, SOALM20, CCW15]. Such achievements have shown remark-
able successes and proved better performances over the classical RS methods.
However, all this current progress is used only by the works devoted to manag-
ing reviews in the English language. Existing works exploiting Arabic-language
reviews for rating prediction do not benefit from advanced tools and resources.
They only use traditional RS architectures and classical text analysis techniques
that are considered overwhelmed by the research community currently. There-
fore, we aim through this study to fill this research gap by providing a modern
RS devoted to Arabic content. The novelty of this work relies on exploiting DL
techniques. We mention that our previous experimental study ignited the inspira-
tion for this contribution. This after making sure the guarantee of applying such
advances to Arabic content.

The contribution of this part of our work lies in the following aspects:

- Firstly, designing a novel DL-based RS adapted to perform and improve rat-
ing prediction in the Arabic context. Our RS proposes to fuse a CNN based text
processing technique with a MLP prediction model in one system for rating pre-
diction based on large-scale Arabic textual data. We mention that these techniques
have never been used before for rating prediction in the Arabic context. To the best
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of our knowledge, this is the first work that combines these two DL models and
explores them in an Arabic context. Besides, this is the first proposal designed to
handle a large volume of Arabic data.

- Secondly, performing comprehensive experiments on four large-scale Ara-
bic datasets to evaluate and prove the accuracy performance of the proposed RS.
Experimental results show that our RS can reach significantly better prediction
accuracy than other state-of-the-art techniques. Notably, it improves the MSE
between 0.84% and 16.96%, and the MAE between 0.14% and 13.71%.

2.4 Thesis Structure

The remainder of this thesis is organized as follows:

Part II Background and Literature review: This part includes chapters 3
and 4 devoted to describing some background concepts and the state-of-the-art of
related works.

Part III Our proposal: This part comprises two chapters, 5 and 6, presenting
our two contributions. Chapter 5 sets out the methodology adopted to explore
the application of modern paradigms in the RS field in the Arabic context. This
chapter firstly presents in detail all the steps and resources used for realizing this
comprehensive empirical study. Then, it analyses and summarizes the attained
empirical findings. Chapter 6 presents our proposed Arabic RS for performing and
improving rating prediction in the Arabic context. It details the used components
in our proposed system, the followed methodology, and the realized experiments
to evaluate this proposal. In the end, this chapter discusses the achieved results.

Part IV Closing: This part includes chapter 7, which summarizes the main
conclusions, limitations, and some future research directions.
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Part II

Background and Literature review



Chapter 3

Recommender Systems: Definitions,
Models and Evaluation
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3.5.2 Evaluation metrics . . . . . . . . . . . . . . . . . . . 60

3.5.3 Real-world datasets for Offline Evaluation . . . . . . . 62

3.1 Definitions

In the era of big data, RSs have become essential growing tools. They mainly
contribute to keeping users engaged with personalized content in e-platforms. RSs
are information processing systems that actively gather various kinds of data to
build their recommendations. Typically, personalized RS consists of the following
information [RRS15, PBD18] :

- A set of items denoted as I = {i1, i2, ..., i|I|}, where item i represents a
general abstraction that can be an instance of news, books, movies, songs, or
other products.

- A set of users represented as U = {u1, u2, ..., u|U |}, where each user u may
provide its preferences on items.

- A set of ratings denoted as R ⊆ |U |× |I| → D, where a rating ru,i expressed
as a value in a rating domain D, indicating the preference degree of a particular
user u about a specific item i. Ratings can have many forms depending on the
system in question. Generally, it is frequently a value from one to five (1-5 score).
Each scale represents how much a user is interested in an item. For instance, a
5-star rating system where 1 means "Hated it", 2 means "Didn’t like it", 3 means
"It was ok", 4 means "Liked it" and 5 means "Loved it" [A+16]. Implicit feedback
represents another form of ratings. This form of user evaluation is not direct. It
can be extracted from user actions, such as buying or browsing an item. Dealing
with this data needs special treatment because it is not as direct as a personal rating
[Qub15]. On the other hand, users may express their opinions in the form of text
descriptions. In such cases, implicit ratings can be extracted from these opinions
based on opinion mining and sentiment analysis techniques [LCT21].

The tuple (U, I, R) represents the core of RSs. In real-world applications, the
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users do not provide their opinions for all items, i.e., ru,i is unknown for most pairs
(user u, item i), which is the principal cause of the data sparsity issue [CHN+17].
The set of values (U, I, R) results in a sparse matrix called a rating matrix. One
example of a rating matrix is given in Table 3.1. The RSs use this matrix as a
starting point and then performs one of the following two main tasks:

Rating Prediction: Given a user u and an item i for which ru,i is unknown.
This task aims to predict the preference r̂u,i that the user u is likely to give to the
item i. After that, items are ranked according to the estimated rating scores, and
then items with high ranking are suggested to the targeted user u.

Personalized Ranking: Given a user u, this task aims to find the best-ranked
list of n pertinent items (top−n items) for the user needs according to their historic
preferences.

Table 3.1: An example of rating matrix [AT05].

User/Item Item 1 Item 2 Item 3 Item 4
User 1 4 ∅ 2 ∅
User 2 ∅ ∅ 5 5
User 3 2 ∅ 4 ∅
User 4 3 ∅ ∅ ∅

3.2 Famous Recommender Systems

3.2.1 Ringo

Ringo [SM95, CC05] is one of the pioneers of music RSs, which recommends
music albums and artists. Each user is requested to rate a list of artists according
to how much he likes listening to them in this system. The collected ratings consti-
tute the personal profile of the target user. Ringo evaluates the interest of a target
user for a music object based on the ratings for this object by other users, called
neighbors, that have similar historical rating patterns. The system then computes
the weighted average of the ratings considered to recommend the music objects.
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3.2.2 Amazon.com

Amazon.com (www.Amazon.com) is a pioneer e-commerce platform that uses a
recommender engine to sell diverse categories of products such as books, electron-
ics, CDs, software, and so on. In Amazon.com, the system constructs a specific
profile for each user based on the explicit ratings, buying history, and browsing
history. The explicit ratings in Amazon.com can take on values from 1-star to
5-star. However, the browsing and buying patterns are constructed when users are
logged in with their personal Amazon accounts [A+16]. The system compares the
available users’ profiles in the platform to recommend the item of interest to the
target user. Amazon.com popularized the feature of "people who bought this item
also bought these items" [IFO15].

3.2.3 Netflix

Netflix (www.Netflix.com) is an online movie rental company that allows users
to rent movies for a monthly fee. It provides users with a personalized collection
of films that they wish to see in a given order of priority. Television shows and
movies are delivered to users via streaming. Using a 5-point scale system, Netflix
allows users to rate different films. Personalized recommendations are then made
by considering various factors, including the genres of movies and TV shows, the
previous ratings of the user with the streaming history, and the combined ratings
of all Netflix members who have similar tastes to the user. By helping users find
appropriate content to watch, Netflix has proved its efficiency in the recommen-
dation setting. It also was behind significant advancement in the RS field due to
the Netflix Prize competition. More details about the Netflix RS are presented in
[TH05, A+16].

3.2.4 Google News

Google News (news.google.com) is an online information system that is intended
to suggest relevant news articles to users from sources around the world. The
recommendation approach used by this system is based on the click history of
users [JZFF10, DDGR07]. By using identification mechanisms enabled by Gmail
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accounts, the system associates history of clicks to each active user [A+16]. A
user clicks on news articles is considered as a positive vote. The votes in this
system are implicit, as they are deduced from user actions instead of being di-
rectly provided by the users. One of the significant challenges of Google News
recommender relies on the fact that this system has to wait several hours to collect
enough clicks to suggest the news articles to users, resulting in undesirable time
shifts between break-out news and suggestions [JZFF10].

3.3 Recommender Systems: Traditional Methods

RSs have been studied and used in a variety of domains, including the infor-
mation retrieval [RNBY99], the Internet [WBC07], e-commerce [SKR01], and
many others. The main goal of RSs can be viewed as a prediction of the util-
ity for non-viewed items by the target user. To achieve it, a recommendation
approach is, therefore, needed. In general, there are two principal types of ap-
proaches [RRS15]: Collaborative Filtering (CF) and Content-Based (CB). The
content-based approach attempts to predict how users will rate a set of items
based on their personal information and the features they liked in the past. The
second type relies on the CF, which regroups the most studied approaches of rec-
ommendation that have advanced and expanded over the years [Mit16]. CF ap-
proaches ignore user and item features but involve user-item interactions to es-
timate the user preferences. They are the pure behavior-based recommendation
techniques [Sid18]. Existing CF can be classified into memory and model-based
techniques [A+16, CHC+18]. The latter techniques are arguably the most adopted
ones nowadays.

The memory-based methods (also called Neighborhood-based) generate pre-
dictions based on the relationships and similarities between users or items. These
relations are inferred from the user-item rating matrix managed by the system
[CHC+18]. Instead, model-based techniques exploit the values of the user-item
rating matrix to build a model offline, which is then utilized to infer the pertinence
of novel items for the target users [LHM+14]. The majority of these methods in-
volve data mining and machine learning approaches for developing their predic-
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tive models [YST+04].

This section gives an overview of well-known recommendation methods, namely,
Neighborhood-Based CF and model-based CF.

3.3.1 Memory-based recommendation methods

The memory-based CF method is subclustered into two main classes, namely,
user-based and item-based methods [DK11, BOHG13]. The user-based CF pre-
dicts the unknown ratings of the user on the target items based on ratings of similar
users on given items. Formally, the rating prediction of the user u to the item j is
calculated as follows:

r̂u,i = r̄u +

∑
v∈Nu sim(u, v)× (rv,i − r̄v)∑

v∈Nu |sim(u, v)|
, (3.1)

where r̄u refers to the average rating of user u, sim(u, v) is the similarity (for
a predefined similarity metric) of the users u and v, and Nu represents a group of
users similar to user u (neighbors) who rated item i.

The item-based CF relies on the similarities between items. It predicts the
user’s rating for an item based on the user’s ratings for similar items. In these
techniques, two items are identical if multiple users have evaluated these items
similarly [RRS15]. The rating prediction for item-based CF is formulated as fol-
lows:

r̂u,j =

∑
k∈Ni sim(j, k)× ru,k∑

k∈Ni |sim(j, k)|
, (3.2)

where Ni is the group of similar items to item j, and Sim(j, k) is the score of the
similarity between the two items j and k.

The calculation of similarity among users/items constitutes a critical stage in
neighborhood-based CF techniques, as it may severely decrease their accuracy
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and performance [DK11]. Several similarity metrics have been presented in the
literature [SZL+19], among which cosine measure [LSY03], Pearson Correla-
tion Coefficient (PCC) [HKTR04], and Jaccard coefficient [KBGM09] are ones
of the popular standard criteria typically adopted for finding most similar users or
items. PCC computes the similarity based on the linear correlation between two
rating vectors of users/items. The cosine metric calculates the similarity by us-
ing the angle’s cosine value between rating vectors. Jaccard similarity considers
the number of common ratings between users/items and ignores the rating values.
The choice of the similarity measure should be properly made based on the target
dataset [RS20]. To calculate the similarity measure between two users u and v
respectively, these metrics are based on the following expressions:

simPCC(u, v) =

∑
i∈Iu,v(ru,i − r̄u).(rv,i − r̄v)√∑

i∈Iu,v(ru,i − r̄u)2.
√∑

i∈Iu,v(rv,i − r̄v)2
(3.3)

simCosine(u, v) =

∑
i∈Iu,v(ru,i).(rv,i)√∑

i∈Iu,v(ru,i)
2.
√∑

i∈Iu,v(rv,i)
2

(3.4)

simJaccard(u, v) =
|Iu ∩ Iv|
|Iu ∪ Iv|

. (3.5)

In these Equations, Iu,v denotes the items’ set rated by users u and v; r̄u repre-
sents the ratings’ mean value of the user u, and ru,i represents the u’s rating for the
item i. Iu and Iv represent two items sets rated by users u and v respectively. On
the other hand, the similarity among two items i and j is computed by involving
users’ ratings which have evaluated these two items:

simPCC(i, j) =

∑
u∈Ui,j(ru,i − r̄i).(ru,j − r̄j)√∑

u∈Ui,j(ru,i − r̄i)2.
√∑

u∈Ui,j(ru,j − r̄j)2
(3.6)

47



simCOS(i, j) =

∑
u∈Ui,j(ru,i).(ru,j)√∑

u∈Ui,j(ru,i)
2.
√∑

u∈Ui,j(ru,j)
2

(3.7)

simJaccard(i, j) =
|Ui ∩ Uj|
|Ui ∪ Uj|

, (3.8)

where Ui,j accounts for the group of users who evaluated items i and j, and
r̄i reflects the average value of ratings received by the item i. Ui and Uj refer to
Users sets who rated items i and j respectively.

3.3.2 Model-based recommendation methods

As the name suggests, model-based recommendation techniques rely on finding
patterns in rating data [Mit16]. The basic idea of these methods is to use ML
methods techniques to learn from data and then exploit the learned model to make
predictions and recommendations. Some of the most popular techniques used to
build model-based RS are Matrix Based techniques, Singular Value Decomposi-
tion (SVD), DL-based models [Ren10, Kor08, ZYST19].

3.3.2.1 Latent Factor Models

The latent Factor Model (LFM) is an efficient technique for model-based CF. It
supposes that the user-item interaction can be computed from low-dimensional
representations of users and items. LFM methods have been broadly studied,
and several variants have been proposed [KBV09, ZWFM06, MS08, SKKR00,
Kor08].

3.3.2.1.1 Matrix Factorization

One of the most effective paradigms of LFM is Matrix Factorization (MF) [KBV09].
Specifically, given the user-item rating matrix R ∈ Rm×n, the MF method factor-
izes this interaction matrix into two low-rank matrices P ∈ Rm×k and Q ∈ Rk×n

with the same latent space of dimensionality k (k < min(m,n)), such that user-

48



item interactions are approximated as inner product in that space [Zha19].

r̂u,i = puq
T
i . (3.9)

where pu is a row in the user-factor matrix P ∈ Rm×k. pu represents a k-
dimensional latent vector associated to a user u. qi represents a column in the
item-factor matrix Q ∈ Rk×n. qi is a k-dimensional latent vector related to item i.

To optimize latent vectors which better predict r̂u,i, the following loss function
must be minimized in such a way:

min
p∗,q∗

∑
(u,i)∈T

(ru,i − puqTi )2 + β(||pu||2 + ||qi||2), (3.10)

where T represents the user-item (u, i) pairs for which real ratings ru,i are
observed in training set. And β is a defined regularization parameter used to limit
the overfitting of the model. In general, the minimization of the loss function
(Equation 3.10) can be achieved with different techniques such as the Gradient-
based or alternating least-squares [WHC+17].

Another LFM widely used is the Biased Matrix Factorization (BMF) [KBV09,
RRS11] which considers the user and item biases present in ratings. For instance,
some users are generous and may consistently give higher ratings than others.
Similarly, some items may get higher ratings than others as they are popular. To
overcome these problems, the authors of [KBV09, RRS11] provide a model to
integrate such biases. Formally, the model predicts the rating ru,i for item i for
user u as:

r̂u,i = µ+ bu + bi + puq
T
i (3.11)
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where µ is the overall average rating. bi and bu represents, respectively, the
deviations of user u and item i from µ.

3.3.2.1.2 Non-negative Matrix Factorization

Non-negative matrix factorization (NMF) [ZWFM06] is a powerful dimensional-
ity reduction technique that belongs to the category of LFM. The main assumption
of this technique is to learn an approximate decomposition of a non-negative rat-
ing matrix into two low-rank matrices. Specifically, given a non-negative matrix
R ∈ Rm×n

+ and a factorization rank r < min{m,n}, NMF decomposes R as
follows:

R ≈ PQ (3.12)

where P ∈ Rm×r
+ and Q ∈ Rr×n

+ refers to the two low-rank non-negative
matrices.

To optimize the quality of the approximation between R and PQ, the follow-
ing cost function must be minimized in such a way [HB06]:

||R− PQ||2 =
∑
(i,j)

(Ri,j − (PQ)i,j)
2 (3.13)

There are several ways to minimize the loss function in Equation (3.13). The
multiplicative update rules technique [S+00] represents the most popular one due
to the simplicity of its implementation. This technique proceeds as follows:

Qkj ← Qkj
(P TR)kj

(P TPQ)kj
(3.14)

Pik ← Pik
(RQT )ik

(RQQT )ik
(3.15)
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3.3.2.1.3 Probabilistic Matrix Factorization

Probabilistic Matrix Factorization (PMF) was initially presented by [MS08]. This
method performs the MF from a probabilistic point of view. Specifically, it adopts
a probabilistic linear model with Gaussian observation noise. Given a rating ma-
trix R ∈ Rm×n, there exists a small latent variable k making R = P T × Q, with
P ∈ Rk×m,Q ∈ Rk×n, P and Q are unknown low dimensional matrices cor-
responding to the latent factors of users and items, respectively. In this case, R
became a low-rank matrix with rank d < k. To solve the above factorization issue,
PMF supposes that the conditional probability distribution of the known data in
R and the prior distributions over P ∈ Rk×m and Q ∈ Rk×n are interpreted as
follows:

p(R|P,Q, σ2) = Πm
u=1Π

n
j=1[N(Ru,j|P T

u Qj, σ
2)]I((u,j)∈M)

p(P |σ2
P ) = Πm

i=1N(Pi|0, σ2
PA

l)

p(Q|σ2
Q) = Πm

i=1N(Qj|0, σ2
QA

l)

(3.16)

where N(χ|µ, σ2) refers to the Gaussian distribution probability density func-
tion with mean µ and variance σ2 , Iuj represents an indicative function, which
is equal to 1 if the user u rated the item i, and equal to 0 otherwise. M =

{(u, j)|Rui = 1} is an index set containing the rated items in R. Al is a l-
dimensional identity matrix.

The goal of PMF is to fit each rating Ru,j with the appropriate inner product
P T
u Qj , which can be formulated as follows:

L =
1

2

m∑
u=1

n∑
j=1

Iu,j(Ru,j − P T
u Qj)

2 +
λP
2

m∑
u=1

||Pu||2F +
λQ
2

n∑
j=1

||Qj||2F (3.17)
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where λP = σ2/σ2
P and λQ = σ2/σ2

Q. ||.||F is the Frobenius norm. For equa-
tion (3.17), the stochastic gradient descent technique can be utilized for iterative
training to build the model.

3.3.2.1.4 Singular Value Decomposition

Singular Value Decomposition (SVD) [SKKR00] is an efficient dimensionality
reduction method widely used in recommender system applications. Specifically,
this method is designed to reduce the dimensionality of a rating matrix and pro-
duce low-rank matrix approximations. The main idea behind SVD is that the
learned low-rank approximations can be exploited to predict the unknown user-
item interactions [MR17] [A+16].

Given a user-item rating matrix Rm×n and matrix rank parameter r, SVD fac-
torizes R into three low-rank matrices:

R = PΣQT (3.18)

Here, P is an m × m matrix with columns representing the m orthonormal
eigenvectors of RRT . The matrix P is an n×n matrix with columns representing
the n orthonormal eigenvectors of RTR. The eigenvectors of RRT and RTR are
not the same but contain the same number of non-zero eigenvalues, which are
identical in value. Σ is a m × n diagonal matrix in which the diagonal entries
represents non-negative square roots of the r eigenvalues of RTR (or RRT ), and
sorted in decreasing order of their magnitude.

Since some of the singular values are extremely small, they can be ignored.
By ignoring such values, the dimension of the matrix is reduced. It became pos-
sible to approximately factorize the matrix R by involving only the eigenvectors
corresponding to the k � min{m,n} largest singular values. As a result, the
approximated matrix of the original one (R) is constructed as follows:
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Rn = PkΣkQ
T
n (3.19)

Here, Pk, Σk , andQk d arem×k,, k×k, and n×k matrices, respectively. Note
that, Pk, andQk, contain the k largest eigenvectors ofRTR andRRT , respectively.
Σk contains the square-roots of the k largest eigenvalues.

3.3.2.1.5 SVD++

SVD++ [Kor08] is a recommendation model that incorporates both explicit and
implicit feedback information to augment recommendation performance. It ex-
tends the biased LFM to integrate the implicit information to indicate user prefer-
ences, particularly when explicit information is unavailable. The predicted prefer-
ence r̂u,i for a user u on an item i, which includes implicit feedback, are computed
by the following rule:

r̂u,i = µ+ bu + bi + qTi (pu + |N(u)|
1
2

∑
j∈N(u)

yj) (3.20)

where yj ∈ Rf is the implicit factor vector. N(u) represents the set of items
for which user u provided implicit preference. When the implicit feedback is not
available, N(u) can be replaced by R(u), which regroups all the items rated by
the user u.

3.3.2.2 Factorization Machines

Factorization Machines (FM) [Ren10] are a generic method that uses feature en-
gineering to mimic large classes of LFM like MF, SVD, and SVD++. FM merges
the superiority of LFM with the generality of feature engineering for predicting
the interactions between categorical variables [Sid18]. Contrarily to the tradi-
tional LFM-based methods, which inputs a rating matrix, FM represents ratings
as tuples of real-valued feature vectors and numeric target variables [A+16].
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Let us assume that the training data of the FM prediction problem is described
by a training set E = {(x(k), y(k)), k = 1, ..., |E|} consisting of |E| instances.
Each x(k) ∈ Rn denotes the real-valued feature vector of an instance k. Each
y(k) ∈ R represents the prediction target of an instance k.

Then, for a given instance (x, y), the rating prediction ŷFM of second-order
factorization machines is computed by using pairwise interactions between the
factors as follows:

ŷFM(x) = w0 +
n∑
i=1

wixi +
n∑
i=1

n∑
i′=i+1

(vi · vi′)xixi′ (3.21)

where w0 ∈ R, w ∈ Rn, and V ∈ Rn×k represent the model’s parameters to
be learned. w0 is the global bias. wi denotes the interaction of the i-th feature to
the target. xi denotes i-th element in the feature vector x. The vi · vi′ term refers
to the factorized interaction of i and i′. vi ∈ Rk is the latent vector for feature i,
and k is the size of the latent vector.

3.3.2.3 Deep learning based methods

DL-based recommendation methods have achieved remarkable success by over-
coming obstacles of traditional techniques and achieving high recommendation
quality [BYBK19] [ZYST19]. In what follows, we briefly introduce some of the
well-known DL-based RSs.

3.3.2.3.1 Generalized Matrix Factorization

Generalized Matrix Factorization (GMF) [HLZ+17] represents a simple non-linear
generalization of MF. It can be considered as an improved variant of the original
MF model. This method mainly combines the strengths of neural networks with
MF for predicting user preferences. GMF first uses an embedding layer to de-
rive latent vectors of user and item based on the one-hot encoding representations.
Then, it computes the element-wise product of the user and item latent vectors
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and outputs the interaction vector to a fully connected neural layer for rating pre-
diction.

Formally, given a user-item pair (u, i), GMF encodes user u and item i using
the one-hot representation, i.e., xu ∈ Rm×1 and yi ∈ Rn×1. In this representation
vectors xu and yi, only the u-th and i-th entries are respectively equal to 1. Then,
by applying a lookup layer, the one-hot user and item vectors are changed into a
latent vectors as follows:

pu = P Txu

qi = QTyi
(3.22)

Here P ∈ Rm×k and Q ∈ Rn×k denote the latent factor matrix for users and
items, respectively. Then, for effectively modeling the overall structure of user-
item interaction, an interaction function using a linear kernel model is applied as
follows:

Φ(pu, qi) = pu � qi (3.23)

where � denotes the element-wise product of vectors. Finally, to predict an
unknown user-item interaction, GMF projects the resultant interaction vector to a
prediction layer:

r̂ui = aout(h
T (pu � qi)) (3.24)

where aout denotes the activation function, hT denotes the weights related to
the prediction layer, and r̂ui denotes the predicted ratings. Note that, GMF become
equivalent to MF, particularly, when aout is an identity function and h is a uniform
vector of 1. However, in the case when aout is a non-linear activation function,
and h is learned from training data, GMF generalizes MF to a non-linear setting
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which has greater learning capability than original MF.

3.3.2.3.2 Multi-Layer Perceptron

In most cases, the interactions between users and items are complex to capture.
The previous method (GMF) usually assumes linear user-item interactions by de-
composing the rating matrix, like the standard MF. This setting does not allow
modeling high-level user-item interactions. To overcome this problem, a neural
recommendation method has been proposed in [HLZ+17], which adopts a stan-
dard MLP for learning the non-linear and non-trivial interactions between user
and item latent features. This method uses the same approach as GMF to extract
user and item latent factors. However, MLP takes a different learning strategy
in the neural CF module. Rather than processing user and item latent vectors as
in GMF, MLP concatenates them first, then adopts the standard MLP [GD98] to
learn user-item interactions (interaction function). The CF aspect of MLP can be
defined as follows:

z1 = Φ(pu, qi) =

[
pu

qi

]

Φ2(z1) = σ2(W
T
2 z1 + b2)

...

ΦL(zL−1) = σL−1(W
T
L zL−1 + bL)

r̂ui = σ(hT (ΦL(zL−1))

(3.25)

where Wx , bx , and σx denote the weight matrix, bias vector, and activation
function for the x-th layer’s perceptron, respectively.

3.3.2.3.3 Neural Matrix Factorization

Neural Matrix Factorization (NeuMF) [HLZ+17] is an end-to-end recommenda-
tion method that combines MF and MLP models. NeuMF can build a dual neural
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network for modeling the two-way interaction between users and items. The main
assumption of this method is to model the high-order feature interactions via deep
structure and low-order interactions with MF. Specifically, MLP helps introduce
non-linearity while GMF retains the advantages of MF, which relies on the inner
product operation to capture the linear and pairwise interactions between features.
The formulation of NeuMF’s predictive model is defined as follows:

ΦMF = pGu � qGi

ΦMLP = aL(W T
L (aL−1(...a2(W

T
2

[
pMu

qMi

]
+ b2)...)) + bL)

r̂ui = σ(hT

[
ΦGMF

ΦMLP

]
)

(3.26)

where pGu and qGi denote the user embedding and item embedding for GMF,
respectively. Similar notations of pMu and qMi for MLP. The main advantage of
this method relies on the integration of the linearity of MF and the non-linearity
of DL for modeling user-item latent structures.

3.4 Recommender Systems Challenges

Despite the remarkable success of RSs in tackling the information overload issue,
they still suffer from different limitations [BOHG13, CCW15]. This section in-
vestigates the most common problems and challenges encountered in deploying
RSs: accuracy, sparsity, and cold-start.

3.4.1 Prediction accuracy

One of the essential requirements of RSs is to provide the user with a helpful
and enjoyable, personalized experience. The quality of recommendations directly
impacts the fidelity level of users to the RS. Suppose the RS does not suggest
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interesting products to users. In this case, it can be viewed as inutile concerning
user experience, thus making it evident for them to turn to alternative solutions.
Consequently, a RS needs to allow an appropriate level of prediction accuracy to
prove its efficiency and utility.

Rating-based systems rely on the rating history of the items given by the users
in the system. The scalar rating information frequently lacks a sufficiently seman-
tic explanation to reflect the user’s detailed preferences. Thus, accuracy appears
as a significant challenge, especially for these methods since they use scalar rat-
ing information as to their unique source of user preference information, mak-
ing it challenging to provide a user with high-quality personalized predictions
[CCW15].

Recently, due to the emergence of advanced text analysis and opinion min-
ing methods, many works have been made to exploit user reviews to improve RS.
Such works incorporate the rich information embedded in reviews into the pro-
cess of user modeling and recommendation generation. In particular, information
captured from reviews helps to improve the prediction accuracy of RSs by provid-
ing them additional information about user preferences, which cannot be obtained
from its overall ratings. The next Chapter of our thesis discusses researches that
have utilized reviews to enhance RSs.

3.4.2 Sparsity and cold-start problems

Typically, there are a large number of missing ratings in the user-item interaction
data, and the sparsity is frequently superior to 99% [SLH14]. This is due to the
difficulty that users encounter when they want to express their interests as numer-
ical ratings on products [LCC06], or because of the poor recommendation space’s
coverage [AJAP+19]. When rating-based algorithms work on sparse datasets,
they fail to effectively derive relationships among users and items. Data sparsity
may lead to another critical issue known as the cold-start problem. This issue oc-
curs when novel users/items are added to the rating matrix. In such cases, most
of the rating-based methods are not able to provide these users with recommenda-
tions nor to recommend these items since the system has not yet collected enough
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ratings about them [KAU16]. This problem has a significant negative influence
on the effectiveness of the neighbor-based approaches [PPK05]. Due to the spar-
sity issue, likely, the similarities among users cannot be calculated, decreasing
the effectiveness of rating-based systems. When the similarities are calculable,
they may be unreliable since the information obtained is insufficient. One of the
remedies for rating-based RSs to deal with the sparsity issue is to convert the high-
dimensional and sparse rating matrix into a lower-dimensional, and denser pattern
by utilizing DL technologies [BYBK19]. Another efficient solution relies on in-
corporating the rich information embedded in user reviews into the user modeling
process of RSs (see next Chapter). The reviews can help overcome rating sparsity
by furnishing complementary information concerning user interests. For instance,
by combining the review information with user-provided numerical ratings, RSs
may build an improved user profile. Also, when the user does not provide rat-
ing information (cold-start problem), the reviews can be exploited to deduce the
ratings required by RSs.

3.5 Recommender Systems Evaluation

The evaluation of RSs is essential to get a clear conclusion concerning the qual-
ity of different recommendation methods. This section describes evaluation ap-
proaches, some evaluation metrics, and datasets used to investigate the perfor-
mance of RSs.

3.5.1 Evaluation approaches

Evaluation represents an integral part of any system-building process for proving
its efficiency for the interest tasks [RSDO20]. Different evaluation approaches
have been used by the research community to evaluate the performance of RSs
[RRS11]. These can be widely categorized into two main methods—online and
offline. The first approach implies providing recommendations to the users and
then querying them regarding the recommended items. The offline approach does
not involve real users’ interactions. It proceeds by simulating the online process
where the system generates predictions or usage predictions, and the user cor-
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rects the predictions or uses the predictions (recommendations). This is generally
achieved by recording historical user data and dividing it into two parts: training
the system and testing the system’s capacity to simulate how a user will evaluate
an item or which suggested items a user will consume. There are several ways to
select the test set (set of user-item interactions to be concealed). Typically, this
selection should approximate as nearly as possible the data the designer hope the
RS to face when deployed in the target application. The online approach is con-
sidered the best evaluation method due to its capacity to provide precise feedback
on how pertinent the system is by implying real users [GGM+19]. Nevertheless,
interactions with real users are mainly time-consuming; thus, many works have
adopted an offline evaluation approach [SZL+19].

3.5.2 Evaluation metrics

The main goal of the majority of RSs is to perform the prediction task. These RSs
may predict user preferences on items (unknown user-item interactions) or the us-
age probability (consuming a recommended item). A fundamental assumption in
a RS is that the user will prefer a system that provides more accurate predictions.
Thus, many researchers set out to find algorithms that give better predictions. This
way, accuracy has become the most studied aspect in the RS literature. Table 3.2
presents some of the standard evaluation metrics used in offline settings to inves-
tigate the accuracy of RSs, their definitions, and their formulas. These can be
widely categorized into three types of metrics [RRS15]: metrics to measure the
accuracy of rating predictions, metrics to measure the accuracy of usage predic-
tions, and metrics to measure the accuracy of items rakings.

In some RS deployments, the main task of the RS relies on predicting the rat-
ing that a user would rate a given item (e.g., 1-star through 5-stars). In this case,
the RS designer whish to assess the accuracy of the system’s predicted ratings.
Mean Absolute Error (MAE), Mean Squared Error (MSE), and RMSE ( Root
Mean Squared Error) are the most used metrics to evaluate predicted ratings’ ac-
curacy.

In other RS deployments, the objective of the RS is not to predict user ratings
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on items but to suggest to the user items that it will probability consume. For
instance, when a user adds an article to the queue in a given e-platform, the system
suggests a set of articles that may be fascinating, given the added article. In a
similar situation, the RS designer is interested in evaluating if the RS correctly
predicts that the user will add these articles to the queue (use the items) rather
than assessing if the system adequately deduces the ratings of these articles. In
the context of usage prediction evaluation, researchers and professionals in RSs
have proposed different evaluation metrics, which Precision and Recall represent
the widely used ones.

In other cases, when RS is deployed in real-world applications, it can provide
the target user with a list of suggestions that respect a particular browsing order.
Unlike the previous cases (predicting ratings or selecting a set of recommended
items), in this situation, the RS designer is focused on evaluating the order in
which items are ordered in the suggested list, according to the user’s preferences.
This task is typically known as "Evaluating the ranking of items". There are var-
ious metrics for evaluating the accuracy of such a ranking, including R-score,
Kendall and Spearman rank correlation, and Normalized Distance-based Perfor-
mance Measure (NDPM) [HKTR04].
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Table 3.2: Evaluation metrics for RSs.

Metrics Definition Formula References

Mean
Absolute

Error

It measures the average of the
absolute difference among the

predicted ratings and true
values.

MAE =
1

|T |
∑

(u,i)∈T

|r̂u,i − ru,i|.

where ru,i refers to the real rating for user u over
item i and r̂u,i is the predicted rating by a CF

system, T = {(u, i)} denotes the set of user-item
pairs for which the real ratings ru,i are known.

[HKTR04]

Mean
Squared

Error

It measures the average squared
difference between the

predicted values and the real
values.

MSE =
1

|T |
∑

(u,i)∈T

(r̂u,i − ru,i)2. [A+16]

Root
Mean

Squared
Error

It emphasizes the contributions
of the absolute errors between

the predictions and the real
values.

RMSE =

√
1

|T |
∑

(u,i)∈T

(r̂u,i − ru,i)2. [A+16]

Precision
It computes the rate of the

provided recommendations that
are pertinent.

Precision =
|Uu ∩ Lrec|

Lrec
,

where Uu represents the number of all items used
by the user u and Lrec is the list of recommended

items.

[A+16]

Recall
It computes the rate of

recommendations that are
provided.

Recall =
|Uu ∩ Lrec|

Uu
. [A+16]

R-Score
It measures the quality of

recommendations based on
their rank position.

rank(Lrec) =

|Lrec|∑
j=1

max(r(ij) −md, 0)

2
j−1
α−1

,

where r(ij) is the item i’s rating in the rank j, md
refers to the median rating and α is the value of

half-life decay.

[SZL+19]

Others _ _

[A+16,
SZL+19,
HKTR04,
RSDO20]

3.5.3 Real-world datasets for Offline Evaluation

An offline evaluation is realized by utilizing a pre-collected dataset of users, items,
and interactions. In some cases, the dataset may contain other information types
like the time at which each user has rated the item, reviews in which the user
textually justifies its scalar rating, etc. Utilizing such datasets, the researchers and
professionals can try to simulate the behavior of users that interact with a RS.

62



Pre-collected datasets are advantageous because it does not imply interactions
with real users. Such that, RS researchers can investigate various algorithms at
a low cost. Besides, once those datasets are collected and recorded, they can
be exploited as benchmarks for analyzing RSs across different settings. Many
datasets are publicly available and are commonly utilized in the RS literature.
Table 3.3 presents a variety of benchmark datasets.

Table 3.3: Historical Datasets for RSs

Dataset Name and Link Category Brief Description

Movielens
(https://grouplens.org/datasets/movielens/)

Movies
Publicly-available rating datasets, which
the GroupLens Research collected from

the movielens website.

Netflix
(https://paperswithcode.com/dataset/netflix-prize)

Movies
and TV
shows

The Netflix dataset was the subject of
many empirical studies, thanks to the

Netflix Prize competition. It comprises
rating and review data collected from the

Netflix movie website.

IMDB
(https://datasets.imdbws.com/)

Movies
It is a Movie reviews data that contain
different subsets of data collected from

the IMDb movie review website.

Yahoo Movies
(https://webscope.sandbox.yahoo.com/catalog.php?datatype=r)

Movies

This dataset contains a small sample of
Yahoo. It includes the Movies

community’s preferences for various
movies. It is composed of 211,197ratings

expressed by 7,642 users on 11,915
movies.

Yahoo Music
(https://webscope.sandbox.yahoo.com/catalog.php?datatype=r)

Music

This dataset includes the Music
community’s preferences for various
musical artists. It comprises over ten

million ratings of musical artists given by
Yahoo.

Amazon
(https://jmcauley.ucsd.edu/data/amazon/)

E-
commerce

It consists of various subsets of data
containing product reviews and metadata

from Amazon. In total, this dataset
includes 142.8 million reviews spanning

May 1996–July 2014.

Yelp
(https://www.yelp.com/dataset)

Food

It is collected from the popular local
searche directory Yelp. Yelp dataset is
composed of 6,685,900 interactions

expressed by 1,637,138 users for 192,609
businesses in 10 metropolitan areas.

BeerAdvocate
(https://data.world/socialmediadata/beeradvocate)

Beers

This dataset consists of beer reviews
obtained from ratebeer.com. It includes
around 1.5 M reviews collected from 10

years (until November 2011).

Jester
(https://data.world/socialmediadata/beeradvocate)

Jokes
Jester dataset consists of 4.1 million

continuous ratings of jokes from 73,496
users of the jester joke website.

GoodReads
(https://sites.google.com/eng.ucsd.edu/ucsdbookgraph/reviews)

Books

It contains reviews from the Goodreads
website and various attributes related to
the items. This dataset contains around
225,000 interactions between 808,000

users and 1,561,000.

Others
(https://cseweb.ucsd.edu/ jmcauley/datasets.html)

- -
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4.1 User Reviews: Preference-Knowledge Extraction

The growth of electronic commerce has promoted users to write and share re-
views expressing their opinion regarding items. Typically, these user reviews
are in free text form, which expresses various dimensions or viewpoints of the
experience that a user had for a given item [SDS+19]. They thus constitute a
valuable information source on user preferences and may be used to learn fine-
grained profiles of users and improve personalized suggestions. The authors in
[CCW15] identified different types of preference knowledge elements that can be
obtained from review text and exploited by RSs. Among those review elements,
review topics, review opinions (sentiments), and semantic information remain the
most employed ones for augmenting the standard rating-based RSs. This section
presents these different types of preference knowledge and summarizes the most
used learning techniques for integrating them into the recommendation process.

4.1.1 Review topics

Review topics refer to a different item’s aspects which a writer reviews in its re-
view. Such aspects describe a topic of each target item’s category, and they exist in
each item belonging to this category. Each aspect comprises a set of words/terms
(e.g., the following words: "week", "Monday"," "month", "last", "months" are
related to the "Time" aspect). The words refer to the nouns that frequently oc-
cur in the reviews, and unlike the aspects, the words may not be present in all
items in question. There are two typical methods for extracting the review topics.
The first one is the frequency-based technique that selects frequently occurring
nouns based on a set of seed words and then groups them into topics according
to a predefined dictionary or manual technique [MLF13]. The second method is
based on the use of a topic modeling technique like Latent Dirichlet Allocation
(LDA) [BNJ03], Latent Semantic Analysis (LSA) [LMZ11], or Probabilistic La-
tent Semantic Analysis (PLSA) [Hof01], to automatically discover masked topics
in reviews. However, LDA remains the most common technique applied to learn
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and represent the review topics. LDA refers to a generative statistical technique
for topic modeling in the Natural Language Processing (NLP) context. The key
assumption of the topic modeling is to describe a collection of documents based
on a set of identified topics [WGS+20].

Given some topics K and a corpus D consisting of a collection of documents
M with the total size of the vocabulary V . In the LDA process, the word gener-
ation is made based on the conditional distributions P (wn = w|kn = t), denoted
by the matrix φK×V . In a similar way, the topic generation is made based on the
conditional distributions P (kn = t|dn = d), denoted by the matrix θM×K . The
likelihood of the corpus D is then:

P (D,K|φ, θ) = ΠwΠtΠdφ
Nw|t
w|t θ

Nt|d
t|d (4.1)

where Nw|t refers to the the number of times that word w is related to (is
generated by) topic t. Nt|d refers to number of times that t occurs in the document
d. Direchlet priors βn and αm are placed by the model, respectively, over φ,
P (phi|βn) = ΠtDir(φt, βn) and P (θ|αm) = ΠdDir(θd, αm). The likelihood of
seeing the word w for the topic t (P (w|t,D,K, βn)) and the likelihood of seeing
the topic t in the document d (P (t|d,D,K, αm)) are respectivelly computed as
follows:

P (w|t,D,K, βn) =
Nw|t+βnw
N.|t+β

P (t|d,D,K, αm) =
Nt|d+αmt
N.|d+α

(4.2)

HereN.|t =
∑

wNw|t, withN.|t denotes the total number of times of any words
generated by the topic t. N.|d =

∑
tNt|d, with N.|d represents the total number of

topics in document d.

In many review-based RSs, the LDA technique has proved its efficiency in rep-
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resenting users/items with topical information [ML13, BFZ14, TZLM16, CDZK18,
CDH+18]. In such scenarios, LDA was done on a corpus (collection of doc-
uments) of consumers’ and/or items’ reviews. Specifically, each user/item was
represented as a probability distribution of topics captured from its past reviews
(document).

Despite the popularity of the LDA approach, it has some significant shortcom-
ings. This approach does not capture the order of the words in reviews and ignores
the contextual semantics as it operates based on the bag-of-word process. Thus,
a pair of semantically similar texts can be viewed as dissimilar if a few common
words co-occur (are present) in these reviews.

4.1.2 Review opinion

User opinion or sentiment orientation (i.e., positive or negative) toward a target
item can be inferred from a review text. The opinion can be expressed in relation
to the object as a whole or any of its particular characteristics. Note that an item
may be a product or service, and the features refer to the attributes and aspects
of this item. The sentiment may either be negative or positive. The negative
sentiment indicates that the user is not interested in the item, while the positive
opinion suggests that the user likes the item.

SA (also called Opinion Mining (OM)) represents a task of NLP that aims
to extract sentiments/opinions from texts [BKBH21]. It is mainly conducted on
three levels: document level, sentence level, or aspect level. The document-level
analysis attempts to classify the global polarity of the document into one of the
predefined sentiment polarities (positive/negative). The sentence-level analysis
attempts to identify the sentiment polarity (positive/negative) expressed in each
sentence in the document. While the aspect-level analysis attempts to extract item
features and then classify each opinion into positive or negative. This third level is
more complex than the two first levels because it performs a fine-grained analysis.
It remains the most used one for user and/or item modeling in RSs. This analysis
level effectively captures detailed information about the characteristics of users
and items using the feature opinions extracted from reviews. However, the first
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two levels may fail to identify the reviewer’s likes or dislikes concerning the target
item [SDS+19]. For instance, a negative review of an item does not necessarily
indicate that the reviewer has negative opinions about all aspects of this item.
Besides, a positive review does not automatically suggest that the reviewer has
appreciated all the item’s features.

Based on sentiment analysis, many works are proposed for improving per-
sonalized recommendations [PFT10, ZLZ+14, DQW+14, MCW17, MdGSL17,
SZYM19, DSRO20b]. Such works benefit from applying sentiment analysis by
learning fine-grained user and/or item profiles using either ML approaches or
Lexicon-Based approaches [HL04, SS17, BKBH21]. ML represents the most
widely-used technique. This approach uses linguistic features and machine learn-
ing algorithms for performing SA. In contrast, the lexicon-based method involves
sentiment lexicons formed by a list of words and phrases commonly employed to
indicate positive or negative sentiments.

4.1.3 Semantic information

Semantic information captured from the textual contents of the reviews may re-
fer to different types of information ranging from review topics, feature opinions
to simple facts concerning items. Semantic information represents the meaning
of entities from the review text [CN21]. It allows capturing valuable preference
information by considering the contexts of words, including word order and sur-
rounding words of each term, which has been demonstrated to be essential for
improving the representation and understanding in the NLP field [YHPC18]. Be-
sides, the semantic information contained in terms/phrases of the textual reviews
may be easily used to capture other types of preference knowledge, such as review
topics and review sentiment [DSRO20a, LQP+19, DSRO20b].

With the recent success of DL methods in various NLP tasks [TSK+20], most
efforts have focused on utilizing deep neural networks to derive latent semantic
representations from textual information (reviews) for recommendation purposes
[KPO+16, KPOY17, ZNY17, SHYL17]. CNN [ZW15, GBC16] represents one
powerful category of deep neural network that applies convolution operation in
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place of general matrix multiplication in at least one of its layers [LWL+17]. This
model consists of convolutional layers, pooling layers, and fully connected layers.
These layers are stacked up on top of one another to form a deep neural network.

In a typical feature extraction task using a CNN in a RS, three neural layers
are involved as follows:

Convolutional layer: The convolutional layer represents the most important
module of the CNN model. It extracts features from the input text by applying
convolution filters with mathematical operations.

Let a D textual document (review or collection of reviews) consisting of N
words after padding. CNN firstly transforms the input text D into numerical vec-
tors. Using word embedding techniques (such as Word2vec [MCCD13] and Glove
[PSM14]) the documentD is transformed to a n×dmatrix denotedWEmb , where
each word is represented by a d dimensional embedding vector wi ∈ R1×d.

Given the embedding matrix WEmb as an input of CNN, the convolution pro-
cess can be expressed as follows:

Oj = a(WEmb ∗ Cj + bj) (4.3)

Where ∗ represents the convolution operation, a(.) is the activation function
[DQZ18, GWK+18, AZH+21]. b1, b2, ...., bk the biases values, and C1, C2, ...., Ck

the k convolution weight matrices of size f × d.

Pooling Layer:

The pooling layer represents the second component of the CNN model. Its
main objective relies on sub-sampling the outputs of the convolutional layer.

Based on the output Oj derived using jth convolution layer. The max-pooling
operation is applied to capture the most informative contextual features produced
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by the convolution layer. The max-pooling layer can be defined as follows:

MOj = max(Oj) (4.4)

Here MOj contains the maximum elements of Oj . Finally, all captured fea-
tures from the k convolutional layers are concatenated as the output of the max-
pooling layer:

Out = (MOj, i = 1, ..., k) (4.5)

Fully Connected Layer:

At the final stage of CNN, the obtained features (out) are fed into a fully
connected layer f with a weight matrix W ∈ Rk×n and a bias bs for deriving the
final representation of the input text as:

SR = f(out ∗W + bs) (4.6)

The main advantage of CNN relies on using word embedding representations
and a local window to extract the contextual information, facilitating a better se-
mantic understanding of review text and thus leading to considerable improve-
ment compared to bag-of-words-based methods for RSs. CNN model has also
demonstrated high performance in other feature-learning problems, including vi-
sual recognition [LDC20], speech recognition [PMDC19], text mining [SCS20],
and various other tasks [YHPC18, GWK+18, KMLD21]. However, despite the
outstanding achievements of the CNN model, it suffers from one critical issue
when used in RSs: the features extracted by CNN are challenging to understand,
which limits the interpretability of those systems to final users.
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4.2 Recommender Systems Based on User Reviews

4.2.1 Related work

Recently, many RSs have exploited user review texts to derive the associated pref-
erence knowledge to enhance the prediction quality. Such systems have used dif-
ferent preference knowledge such as review topics, review sentiments, and seman-
tic information. This section presents current reviews-based RSs by categorizing
them according to the type of preference knowledge they extract from the review
texts.

4.2.1.1 Approaches based on review topics

These techniques extract aspects from reviews and incorporate them into the rat-
ing prediction process to enhance the RS performance. For example, the method
presented in [ML13] (called Hidden Factor and Topic (HFT)) fuses ratings with
review topics. Firstly, it models reviews with the LDA-based topic model and
ratings with standard MF. Then, a Softmax transformation function is used for
incorporating the latent topics into the learning phase of the latent features model.
Based on the trained model, the final rating scores are computed.

In the same way, as in [ML13], the model proposed in [TZLM16] utilizes MF
for modeling rating scores and LDA for representing the text of reviews. How-
ever, in this model, items are described as topical distribution, and the topics in
elevated rating reviews are repeated to augment their importance. Alike, users
are represented in a similar topical space by their numerical ratings. The item
and user representations are fused into a latent factorization model to perform the
rating prediction task.

Based on the fact that the LDA technique cannot model the distribution of
compounded topics, authors of [BFZ14] extended HFT [ML13] by proposing the
TopicMF framework. TopicMF captures topics from user review text based on
non-negative MF. Then it utilizes a MF technique for factorizing the rating matrix
into latent user/item features. A transform action function joins the topic features
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with the matching latent user/item features for rating prediction.

More recently, the work [CDZK18] presented an Aspect-Aware Latent Factor
Model (ALFM) that leverages an Aspect-aware Topic Model (ATM) for modeling
aspect-level user/item representations as distributions of composite topics, each
of which is represented by a set of words. In ALFM, the resulting representations
from ATM are fused with latent rating factors to estimate the missing ratings based
on the MF model.

Unlike ALFM, the A3NCF (An Adaptive Aspect Attention Model for Rating
Prediction) model proposed in [CDH+18] assumes that the latent topics directly
refer to the aspects of items that users discuss in the reviews. Thus, it models
feature vectors of users and items in different aspects as probability distributions
of words representing the same topic. The obtained vectors are then fused with
their corresponding identity-based embedding features in an attention neural net-
work to learn their final representation by considering the user’s attention weights
concerning the different aspects of the target item. An attentive interaction be-
tween the user’s and item’s final representations is fed into fully connected layers
to predict missing ratings.
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Table 4.1: Related works on techniques based on review topics.

Citation User/Item
Profile

Recommending
Method

Tested
Datasets Main Contribution

Accuracy Performance

Product
Reviews

Achieved
Accu-
racy

Accuracy of
related Baselines

(HFT)
[ML13]

Latent ratings
merged with
topic factors

Hidden
Factors as

Topics (HFT)

Amazon (movies,
books, etc.),

Beeradvocate and
Ratebeer (wines,

beers), Yelp
(restaurants), etc.

Improves rating
prediction
accuracy

(MAE), Tackle
rating sparsity

issue

26 Amazon
product

categories
1.329 LFM [KBV09]: 1.423

(RBLT)
[TZLM16]

Latent topic
opinions,

latent rating
factors

Matrix
Factorization

Amazon (26
datasets [ML13])

Prediction
accuracy

improvement
(MSE),

Alleviate data
sparsity
problem

Video
Games

1.462 LFM [KBV09]: 1.487

(TopicMF)
[BFZ14]

Latent factors
associated
with topic

factors

Topic Matrix
factorization
(TopicMF)

Amazon (arts,
automotive, baby,

beauty, etc.) [ML13])

Enhance
prediction

accuracy (MSE)

22 Amazon
product

categories
1.3468

PMF [MS08]: 1.5585
SVD++ [Kor08]:

1.4393

(ALFM)
[CDZK18]

Latent topics,
latent rating

factors

Matrix
Factorization

Amazon (26
datasets [ML13]),
Yelp (businesses)

Improve
prediction
accuracy
RMSE,

Alleviate data
sparsity
problem,

Interpretability
in recommenda-

tions

Musical
Instruments

0.893 BMF [KBV09]: 1.004

(A3NCF)
[CDH+18]

ID embedded
features with
topic features

Attention-
based Neural
Collaborative

Filtering

Amazon(Baby,
Grocery, H & k,

Garden, Sports), Yelp
2017

Augment the
prediction

accuracy RMSE
Sports 0.94

BMF [KBV09]: 1.087
RBLT [TZLM16]:

0.963
TransNet [CC17]:

0.983

4.2.1.2 Approaches based on review sentiment

Research works in this area use the user’s expressed sentiment concerning the
item itself or its different aspects in reviews to boost the rating prediction task. For
instance, the authors in [PFT10] transform reviews into overall sentiment scores
based on a machine learning method. To achieve this, reviews vectors fused with
users’ real ratings are exploited for training a Naive Bayes model on negative and
positive classes. This learned model is then utilized for deducting ratings from
novel reviews. The review-based ratings are used to construct a rating matrix
integrated into the traditional neighbor-based CF techniques to predict ratings.
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In the reference, [ZLZ+14] an Explicit Factor Model (EFM) was developed
to transform user reviews into aspect-sentiment pairs. Based on the phrase-level
sentiment analysis, it constructs two matrices: user-aspect attention and item-
aspect quality, which are simultaneously decomposed with the rating matrix for
performing rating prediction in a MF-based model.

The model proposed in [DQW+14] (called JMARS) utilizes the relationship
between review aspects, opinions, and ratings to conduct CF. It exploits the Dirichlet-
Multinomial technique for capturing the reviews’ word distribution and a MF for
generating the aspects ratings, which are fused with latent factors to compute the
final rating scores.

On the other hand, the authors of [MCW17] have presented a user-preference-
based CF that integrates aspect-level information to reflect user interests from re-
views. Specifically, two metrics for aspect interests have been proposed, namely
aspect need and aspect importance, respectively reflecting the differences of opin-
ions to aspects and the aspect relationship to explicit rating. Based on these mea-
sures, the authors compute the similarity between users, which is then incorpo-
rated into memory-based CF to further recommendations.

In the work [MdGSL17], the authors developed multi-criteria user- and item-
based CF techniques that integrate opinion information of review aspects. For
user/item-based cases, authors present aspect-based item/user distances, which
utilize the sentiment ratings deduced from review aspects. The similarity between
users or items is then computed as the inverse of the proposed distances, and
ratings are calculated using the standard CF model. The authors use the SABRE
engine [CBdG+17] for performing the aspect extraction task in their work.

The model proposed in [SZYM19] represents a Sentiment-Based MF (SBMF)
model that incorporates reviews’ sentiments. To infer the review’s overall senti-
ments scores, this model sums the sentiment score of each keyword in the target
review based on the score obtained from a constructed sentiment dictionary. These
sentiment scores are converted into real values and then fused with the users’ ex-
plicit ratings into an extended probabilistic MF to perform rating prediction.
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In a recent work [DSRO20b], the authors proposed a unified model to integrate
aspects opinion information into CF. The model uses a multichannel CNN that
involves word embedding and POS tag embedding layers for extracting review
aspects. It regroups aspects using an LDA technique and then exploits a lexicon
approach to build the aspects rating matrices. The aspect ratings are then weighted
based on a tensor factorization method and integrated with a rating matrix into an
LFM for predicting final ratings.

Table 4.2: Related works on techniques based on review sentiments.

Citation User/Item
Profile

Recommending
Method

Tested
Datasets Main Contribution

Accuracy Performance

Product
Reviews

Achieved
Accu-
racy

Accuracy of
related Baselines

[PFT10]
Ratings from

opinion
classification

Item-based CF Flixster (movies)
Overcoming the
cold-start issue

(RMSE)
Movies 0.898

user-based CF:
0.897

(EFM)
[ZLZ+14]

Ratings and
aspect-sentiment

scores

Factorization
model

Yelp (businesses),
Dianping

(restaurants)

Improve
prediction
accuracy
(RMSE)

Businesses 1.212
PMF [MS08]: 1.253
NMF [ZWFM06]:

1.248

(JMARS)
[DQW+14]

Latent ratings
and

aspect-sentiment
scores

Probabilistic
matrix

factorization
IMDB (movies)

Prediction
accuracy

increasing and
address the cold

start problem
(MSE)

Movies 4.97 PMF [MS08]: 5.99

(UPCF)
[MCW17]

Ratings and
aspect-opinion

ratings
User-based CF

Dianping
(restaurants)

Accuracy
increasing

(RMSE), Deal
with sparsity

problem

Restaurants 0.7707

User-based CF:
0.7902

item- based CF:
0.8199

(Multi-
U2U)

[MdGSL17]

Opinion scores
(Aspects)

Multi-criteria
based user/item

-based CF

Yelp (restaurants),
TripAdvisor

(hotels), Amazon
(Video Games)

Increase
prediction
accuracy
(MAE)

Video
Games

0.6276

User-based CF:
0.9789

Item-based CF:
0.9679

(SBFM)
[SZYM19]

Ratings with
sentiment scores

of reviews

Probabilistic
matrix

factorization

Amazon
(Patio_lawn_

and_garden, Office
products, Amazon

instant video, Baby,
Tools and home
improvement,

Beauty, Cellphones
and accessories,

Clothing and
accessories)

Prediction
accuracy

improvement
(Normalized

RMSE)

Beauty 0.2898

MF [KBV09]:
0.3411

PMF [MS08] :
0.3338

HFT [ML13]:
0.3085

(AODR)
[DSRO20b]

Ratings and
aspect-sentiment

scores

Tensor
Factorization

Amazon (Musical
Instruments,

Automotive, Instant
Video), Yelp
(businesses)

Augment Rating
prediction and
address data
sparseness

(RMSE, MAE)

Instant
Video

0.7990

MF [KBV09]:
0.9583

HFT [ML13]:
0.8172

RBLT [TZLM16]:
0.8061
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4.2.1.3 Approaches based on semantic information

These works consider semantic information contained in reviews for regularizing
rating-based approaches to improve prediction. The first work introducing CNN
into recommendation is ConvMF [KPO+16] which can capture local context in-
formation in a sliding window. ConvMF utilizes reviews text as complementary
information. Firstly, this model uses convolutional operations and word embed-
ding for capturing the item latent characteristics from their review texts. After
that, the inferred latent features are integrated into a MF model to compute the
user ratings on target items.

The researchers in [ZNY17] proposed a Deep Cooperative Neural Networks
(DeepCoNN) model, which uses one of the most famous CNN text processing
architectures to integrate reviews into the rating prediction task. In particular, the
used architecture consists of two parallel convolutional neural networks (CNNs)
and a word embedding method for capturing latent representations for all words
of reviews associated with a target user and item. The model concatenates the user
and item representations and then transmits them to a regression layer involving a
FM technique to perform the prediction task.

Similar to DeepConn, the model developed in the work [CZLM18] (called
NARRE) uses a CNN text processing network to derive latent embeddings of
users and items from review texts. Unlike DeepConn, it scores reviews through
an attention network to distingue their contribution to learning latent embeddings.
NARRE uses the obtained attention scores with user latent rating factors and then
incorporates them into an extended MF for rating prediction.

To ameliorate DeepCoNN, TransNet [CC17] extends it by introducing an extra
layer for learning the latent representation of the target user-item review during the
training phase, and then regularizing the output of this layer based on the learned
representation. In the TransNet model, the extended neural architecture can mimic
the target user-item review representation at test time, augmenting the precision
of predictions.
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Another improvement of DeepCoNN consists of PARL [WQLJ18], which
plugged into DeepCoNN a plug-and-play model to enrich target user’s prefer-
ences exploiting reviews written by similar users, especially when reviews of the
target user are incomplete or sparse. The incorporated plug-and-play model ex-
tracts user-item pair-dependent features from the user’s auxiliary reviews and then
integrates the extracted features into CNN layers to vectorize them. PARL com-
bines each extra vector with the corresponding user vectors in the DeepCoNN
system for final ratings.

The work in reference [WQL+19] fused the ratings and review information
in a unified model called CARL. This model exploits CNNs and an attention
mechanism to learn the relevant latent features by considering their related re-
views. CARL constructs latent rating embeddings for users and items from the
interaction matrix through a rating-based component. Finally, the learned content
features and latent rating embeddings are integrated into a Factorization Machine
(FM) for deriving final rating scores.

Very recently, a Hybrid neural recommendation model (called HRDR) has
been proposed in [LWP+20] to capture user and item embeddings from reviews
and ratings. Firstly, the rating representations are obtained from rating data us-
ing a Multilayer Perceptron (MLP) network. After that, CNN with an attention
mechanism is used to derive review-based representations where each review is
associated with an informativeness score. At the final stage, a MF is used to
compute user’s ratings on items based on latent ratings, review features, and ID-
embeddings.

The authors in [LQP+19] proposed a capsule network-based model for recom-
mendation called (CARP), which uses a Capsule Network to extract the semantic
contextual information from reviews to reason the user rating behaviors. CARP
firstly captures logic units (each formed by a user viewpoint and an item aspect)
from the user and item reviews using a self-attention mechanism incorporated into
a convolutional layer. Then, based on a novel Routing by Bi-Agreement process,
it derives the sentiment representations in user-item level for prediction.

77



Table 4.3: Related works on techniques based on semantic information.

Citation User/Item
Profile

Recommending
Method

Tested
Datasets Main Contribution

Accuracy Performance

Product
Reviews

Achieved
Accu-
racy

Accuracy of related
Baselines

(ConvMF)
[KPO+16]

Latent ratings
and item review

based on
semantic

information

CNN with PMF

Amazon (Instant
Video),

MovieLens
(movies)

Enhance the
rating prediction

accuracy
(RMSE)

Instant Video 1.1337
PMF [MS08]: 1.4118
CTR [WB11]: 1.5496

(DeepCoNN)
[ZNY17]

Semantic
information

from reviews
CNN with FM

Yelp
(restaurants),

Amazon
(Musical

instruments),
Beer (beers)

Improve
prediction

accuracy (MSE),
Alleviate the

sparsity problem

Musical
Instruments,

restaurants and
beers

0.994
MF [KBV09]: 1.292
PMF [MS08]: 1.256
CTR [WB11]: 1.112

(TransNet)
[CC17]

Semantic
features from

reviews

Target network
integrated into

DeepConn model

Amazon
(Electronincs,

Clothing-Shoes-
Jewelry, Movies
and TV), Yelp17

Augment
prediction

accuracy (MSE)

Clothing-Shoes-
Jewelry,

1.449
MF [KBV09]: 1.521

DeepCoNN [ZNY17]:
1.549

(PARL)
[WQLJ18]

Semantic
contextual

features from
reviews

CNN based
plug-and-play

model
incorporated into

DeepConn
architecture

Amazon (Office
Products, Digital

Music, Tools
Improvement and

Video Games),
Beer

Augment
prediction

accuracy (MSE),
Tackle the textual
sparsity issue in

reviews

Beer 0.561

PMF [MS08]: 1.636
SVD++ [Kor08]: 0.726

RBLT [TZLM16]:
0.576

ConvMF [KPO+16]:
0.853

DeepCoNN [ZNY17]:
0.617

TransNet [CC17]:
0.586

(NARRE)
[CZLM18]

Latent factors
from ratings,
and Semantic
features from

reviews

CNN with MF

Amazon
(Toys_and_Games,

Kindle_Store,
and

Movies_and_TV),
Yelp (businesses)

Increase
prediction
accuracy
(RMSE),

Interpretability in
recommendations

Kindle Store 0.7783

PMF [MS08]: 0.9914
NMF [ZWFM06]:

0.9023
SVD++ [Kor08]:

0.7928
HFT [ML13]: 0.7917
DeepCoNN [ZNY17]:

0.7875

(CARL)
[WQL+19]

Latent feature
ratings,

Semantic
factors from
review words

CNN and FM

Amazon
(Musical

Instruments,
Office Products,
Digital Music,
Video Games,

and Tools
Improvement),

RateBeer (Beer),
Yelp

(Restaurants)

Augment rating
prediction

performance
(MSE)

Musical
Instruments

0.776

PMF [MS08]: 1.401
ConvMF [KPO+16]:

0.991
DeepCoNN [ZNY17]:

0.814
RBLT [TZLM16]:

0.815

(CARP)
[LQP+19]

Semantic
features

(viewpoints and
aspects

Neural
recommender

based on a
capsule network

Amazon
(Musical

Instruments,
Office Products,
Digital Music,
Video Games,

and Tools
Improvement),

RateBeer (Beer),
Yelp16-17

Improve
prediction

accuracy (MSE)
and

Interpretability in
recommendations

Beer 0.556

PMF [MS08]: 1.641
D-Att [SHYL17]:

0.614
DeepCoNN [ZNY17]:

0.618
RBLT [TZLM16]:

0.576
TransNet [CC17]:

0.587

(HRDR)
[LWP+20]

Explicit features
from ratings,

semantic
features from
reviews, ID
embeddings

CNN with MF

Yelp 2013 and
Yelp 2014

(yelp.com),
Amazon (Video

games and
Gourmet food)

Augment
recommendation

accuracy
(RMSE)

Video games 1.011

PMF [MS08]: 1.139
HFT [ML13]: 1.073
CTR [WB11]: 1.071
JMARS [DQW+14]:

1.064
ConvMF+[KPO+16]:

1.073
DeepCoNN [ZNY17]:

1.063
NARRE [CZLM18]:

1.055
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4.2.2 Practical implications of review incorporation

From Tables 4.1, 4.2, 4.3, and 4.4, we can see that all works on review-based
recommendation algorithms have proven their advantages compared to the tradi-
tional rating-based approaches. This section discusses the practical benefits of
these review-incorporated techniques on two main issues: rating sparsity and rat-
ing prediction improvement.

4.2.2.1 Rating Sparsity

As indicated in the previous chapter, the lack of pertinent data like sparsity consid-
erably reduces the efficiency of the rating-based techniques. To tackle this prob-
lem, researchers have explored user reviews in different ways (see Tables 4.1, 4.2,
4.3, and 4.4):

The works proposed in References [ML13, DQW+14, BFZ14, TZLM16] have
demonstrated the capacity of their approaches to mitigating the rating sparsity is-
sue. These works exploit review topics (aspects) for enriching the latent factor
model. They extract aspects from review texts using topic models and learn latent
features from ratings using MF methods. Then, the latent topics and latent fac-
tors are combined to boost prediction performance. For example, HFT [ML13]
uses a defined transform function to learn the latent factors and latent topics to-
gether. JMARS model [DQW+14] leverages a one-to-one matching among the
latent factors and the learned latent aspects for determining the final ratings. The
work [BFZ14] fuses aspects in reviews with latent factors in a user-item rating
matrix by exploiting a transform function. The RBLT model [TZLM16] uses a
linear combination between them for building the final users/items representa-
tions, which are then used in the rating prediction task. RBLT extracts reviews’
topics and associates them with aspects, and then uses an extended latent factor
model to enrich latent ratings with aspects.

The authors in [PFT10] show that user reviews can be converted into text-
based ratings and then used to replace the explicit user ratings in the CF process.
This approach first infers opinion ratings from reviews based on a machine learn-
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ing model and then executes a neighbor-based CF method. Therefore, this work
has proved its ability to mitigate the rating sparsity issue by inferring ratings from
review texts.

On the other hand, the research [MCW17] leverages review text for capturing
the weights preference which the target user assigns to different aspects. All the
user’s reviews are used to derive the aspect preferences, making easy the similari-
ties’ computation among each users’ pairs, no importance how a number of items
they frequently rate, that can mitigate the data sparseness issue.

Differently, the studies [KPO+16, ZNY17, DSRO20b] have demonstrated the
capacity of their approaches to alleviating the sparsity problem by using rich se-
mantic features extracted from review words through CNNs. Specifically, these
studies confirmed that CNN helps adjust latent ratings by effectively representing
contextual features of user/item review texts when the rating data is sparse.

Table 4.4: Comparisons based on sparsity situations.

Approach Level of Sparsity Improvement in Accuracy

UPCF
[MCW17]

Dianping (Data-5) with #Reviews
of each user: 5–9

MSE of HFT [ML13] < MSE of
User-based CF

HFT
[ML13]

Amazon (movies) with #Reviews
for each user/product: 1–10

MSE of LFM [Kor08] −MSE of
HFT > 0

RBLT
[TZLM16]

Amazon (26 datasets) with
#Reviews for each user/item: 1–10

MSE of (LFM [Kor08]/HFT
[ML13]) −MSE of RBLT > 0

JMARS
[DQW+14]

IMDB #training reviews for each
user/movie: 1–100

MSE of HFT [ML13] −MSE of
JMARS > 0

ALFM
[CDZK18]

Amazon (24 item categories)
#reviews for each user/item: 1–10

RMSE of (BMF [KBV09]/HFT
[ML13]/RBLT [TZLM16]) −

RMSE of ALFM > 0

ConvMF
[KPO+16]

MovieLens-1m: 7 sub-datasets of
different densities (0.93%; 1.39%;

1.86%; 2.32%; 2.78%; 3.25%;
3.71%)

RMSE of ConvMF < RMSE of
(PMF [MS08]/CTR [WB11])

DeepCoNN
[ZNY17]

Three datasets: Yelp, Beer, and
Amazon (Music Instruments) with

#training reviews for each
user/item: 1–5

MSE of MF [KBV09] −MSE of
DeepConn > 0

AODR
[DSRO20b]

Amazon (Musical Instruments,
Automotive, Instant Video) and
Yelp datasets with #reviews for

each user/item: 1–10

RMSE of (BMF [KBV09]/HFT
[ML13]/RBLT [TZLM16]) −

RMSE of AODR >0
MAE of (BMF [KBV09]/HFT
[ML13]/RBLT [TZLM16]) −

MAE of AODR > 0
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4.2.2.2 Rating Prediction Improvement

Many works have proposed incorporating user review texts to improve traditional
rating-based techniques. These researches can be classified into two main cate-
gories. The first focuses on integrating preference knowledge into rating predic-
tion methods as extra data (factor/variable). Specifically, it modifies the standard
rating-based techniques to incorporate implicit scores inferred from review texts
to adjust explicit ratings and get more reliable and fine-grained ratings. For in-
stance, the authors of References [ML13, TZLM16, DQW+14, BFZ14, CDZK18,
ZLZ+14] have presented different modified versions of the standard latent factor
model, namely, HFT, RBLT, JMARS, TopicMF, ALFM, and EFM models for im-
proving numerical ratings by aligning them with latent topics in reviews. The
works in References [KPO+16, CZLM18, WQL+19, LWP+20, DSRO20b] have
improved the real ratings in traditional latent factor models by fusing them with
latent feature vectors inferred from review words through an integrated CNN ar-
chitecture. On the other hand, in Reference [MCW17], the traditional user similar-
ity in neighborhood-based CF recommenders has been improved by considering
the user aspect preference vectors inferred from reviews. Moreover, in Reference
[SZYM19], the standard PMF has been improved by adjusting its real ratings by
the sentiment scores inferred from reviews. The classic neural CF in [CDH+18]
has been improved by merging the rating-based representations with topic-based
ones extracted from reviews.

The second category focuses on integrating preference knowledge into rat-
ing prediction methods as virtual data, replacing real ratings to generate predic-
tions. Concretely, it replaces the explicit user ratings in standard rating-based
approaches with implicit ones generated from textual reviews. For example, the
text-based ratings inferred from reviews can replace explicit ratings in neighbor-
based CF approaches [PFT10, MdGSL17]. The user and item latent embeddings
obtained by CNNs from reviews can be used as features in LFM to conduct rating
prediction [ZNY17, WQLJ18, CC17, LQP+19].

These existing review-incorporated works have proven their efficiency in ex-
ploiting user review texts (see summarizes in Tables 4.1, 4.2, 4.3, and 4.4). For

81



instance, In References [MCW17, MdGSL17], the neighborhood-based CF tech-
nique based on inferred sentiment scores has been shown to provide results su-
perior to the traditional memory-based CF approaches. On the other hand, the
modified latent factor models that fuse real ratings with review-based ratings have
proven to be more precise than the traditional models, which only leverage real
ratings [ML13, SZYM19, KPO+16, CZLM18, WQL+19, LWP+20, TZLM16,
DQW+14, BFZ14, CDZK18, ZLZ+14, DSRO20b]. This is due to the rich in-
formation of user interests and item characteristics in reviews, which could be
practical complementary to numerical ratings.

Furthermore, particular works have compared different review-based CF meth-
ods. The neural network techniques [SZYM19, KPO+16, ZNY17, CZLM18,
WQL+19, LWP+20, DSRO20b, WQLJ18, CC17, LQP+19] usually outperform
methods that rely on CF with topic modeling [ML13, TZLM16, DQW+14, BFZ14,
ZLZ+14] because of the robust representation capacity of neural network archi-
tectures that can capture rich semantic features from review texts for representing
users and items. However, techniques relying on topic modeling lose the deep
textual characteristics through this coarse-grained text mining method.

On the other hand, we realize that the techniques [CZLM18, WQL+19, LWP+20,
DSRO20b] leveraging attention networks usually outperform strategies without
attention [ZNY17, KPO+16]. This is due to the attention mechanism usage, which
allows capturing the more significant features in reviews and consequently pro-
vides a way for deriving user and item representations more precisely.

4.3 Recommender Systems Based on Arabic-language
Reviews

4.3.1 Existing works

Various studies have proved the effectiveness of incorporating reviews into CF
RSs. All these works have validated their systems using English review data.
However, very few works were done to demonstrate the benefit of review incor-

82



poration in the Arabic context (using Arabic-language reviews). The published
researches that we found are [ZAS+17, HASA20]. In these researches, the au-
thors developed RSs exploiting Arabic reviews to help users decide on various
items. Rather than using only the user-item rating matrix in their rating prediction
process, they add the polarity of reviews. In [ZAS+17], the authors investigated
their RS on three datasets; the first one contains 100 reviews in Algerian dialect,
the second one accommodates 1000 reviews in Arabic, and the third one regroups
2000 reviews in French and English. They adopt a Semi-Supervised Support Vec-
tor Machine (S3VM) algorithm to derive the sentiment scores from reviews. Then,
the polarity scores are used as votes in the user-based CF RS for rating prediction.
On the other hand, the research [HASA20] focuses mainly on Arabic reviews.
It exploits an Opinion Corpus for Arabic (OCA) dataset [RSMVULPO11], con-
taining 500 Arabic reviews about different movies. The authors extract opinion
polarity scores from the reviews using the Support Vector Machine (SVM) clas-
sifier. The derived sentiment scores are then combined with scalar ratings into an
SVD-based MF technique to predict unknown ratings. Experimental studies in
both works have shown that their models can efficiently predict items’ ratings by
considering the sentiment of their corresponding reviews (see Table 4.5).

Table 4.5: Related works on techniques based on Arabic reviews.

Citation User/Item
Profile

Recommending
Method

Tested
Datasets Main Contribution

Accuracy Performance

Product
Reviews

Achieved
Accu-
racy

Accuracy of
related Baselines

S3VM-
based RS
[ZAS+17]

Reviews
polarities

User-based
CF

English (Restau-
rant_TijuanaRestaurant),
French (High-Tech),
Arabic and dialects

(JumiaMarket)

Accurate
precision in the
recommenda-

tion task

Jumia
reviews

MAE:
0.60

Precision:
0.90

Recall:
1.0

_

SVD-based
RS

[HASA20]

user star
ratings and

reviews
polarities

SVD-based
MF

technique

Opinion Corpus for
Arabic (OCA)

[RSMVULPO11]

Improve
prediction
accuracy
(MAE)

Movie
reviews

0.423

item-based CF with
Mean Average

Coefficient (MAC):
0450
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4.3.2 Discussion and limitations

Table 4.5 shows that the available works on review-based CF algorithms have
proven their advantages compared to the traditional rating-based recommending
approaches. Table 4.6 provides details about the datasets used in these works.
Nevertheless, from this reviewed literature, we can conclude some critical con-
clusions:

• Arabic RSs have received limited attention in the research literature.

• Their reported experiments have been conducted on inaccessible datasets
and/or datasets originally devoted to SA purposes.

• Their reported experiments have been conducted on small product datasets
of less than a thousand reviews, and none of them has focused on large Arabic
datasets.

• The authors used elementary text analysis techniques to extract (useful fea-
tures) information from reviews. Such methods cannot capture the context of
words; thus, they cause semantic information loss.

• These works use only traditional RSs contrarily to modern and performant
systems adopted in studies devoted to English content.

• None of these works has used several Arabic reviews datasets to evaluate its
proposed RS in the Arabic context properly.

However, these works are thus not mature yet compared to English RSs stud-
ies. They do not provide comprehensive and complete ideas about the rating pre-
diction application in the Arabic context. Aiming to shed light on this situation,
in this work, we report an extensive investigation and propose novel tools and
solutions to deal with the limitations of the above studies.
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Table 4.6: Details about the used datasets

Dataset Name and Link Category Brief Description

Arabic and dialects (JumiaMarket) jumia reviews
(https://www.jumia.dz/)

Clothes

It is a non-accessible reviews dataset. It
is collected from dz.jumia.com

"JumiaMarket", which is an
Algerian-based online shopping

websites. This dataset consists of 10
users, 5 oriental clothing for women and

50 evaluations.

Opinion Corpus for Arabic (OCA)
(ttp://sinai.ujaen.es/wiki/index.php/OCA_Corpus_

(English_version))
Movies

It is a publically-available arabic corpus
for the Sentiment Analysis (SA) task.

The corpus contains 500 movie reviews
collected from different web pages and
blogs in Arabic, 250 of them considered
as positive and the other 250 as negative

opinions.
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5.1 Overview

After reviewing the RSs literature, we found that few RSs have exploited the Ara-
bic content. Specifically, the reader may refer to [ZAS+17, HASA20] for early
and only researches on RSs devoted to using Arabic-language reviews. Although
these works were the precursors in the Arabic RS field, they suffer from different
limitations discussed in the next chapter. The main ones are:

- In these studies, methods and recent advances in the RS field are not empiri-
cally used or compared.

- The datasets used in the experimentations of these works are inaccessible
and/or small-in-size and/or designed primarily for research on Arabic SA.

- None of these studies has reported if there is or not a necessity to apply a
special scheme for preparing the Arabic reviews before their usage in the RSs.

Because of all those shortcomings as well as the lack of works that apply the
recent recommendation approaches in the Arabic context, we decided to conduct
this work to give well-argued answers to the following three stated research ques-
tions, namely:

• Is it possible to apply recent RSs in the Arabic context?

• If so, does the Arabic content need a particular preprocess step to incorporate
it in these RSs?

• If so, does the application of these RSs to Arabic content provide good re-
sults like when applying them to the English language content?

In what follows, we present the followed evaluation methodology for explor-
ing RSs while exploiting Arabic content. It consists of running experiments with
several state-of-the-art review-based recommender engines originally devoted to
English content to evaluate and compare their performance when varying content
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language from English to Arabic. In this sense, we choose to deal with RSs in
both contexts, Arabic and English, by exploiting textual reviews written in these
two different languages. Our methodology can be summarized as follows: first,
we prepare different English reviews datasets and generate their equivalent Ara-
bic versions. Second, we preprocessed the constructed datasets. Third, we applied
various recommending paradigms for rating prediction in both contexts (English
and Arabic). Finally, we measured and compared their accuracy. The details of
each phase are explained in the following sub-sections. The overall process is
illustrated in Figure 5.1.

As a result of this study, we first build four publicly available large-scale Ara-
bic datasets for recommendation purposes. Second, we develop a new relevant
scheme for preprocessing the adopted Arabic and English reviews datasets. Third,
we apply the rating prediction task in two different contexts (English and Arabic)
by first implementing five widely used RSs in the literature and then applying
them to the same content written in different languages, namely English and Ara-
bic. Finally, we provide well-argued conclusions about the usage of modern RSs
in the Arabic context.

Figure 5.1: Steps followed in our methodology.
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5.2 Data Preparation and Generation

Being aware of the lack of resources related to the Arabic language in the RSs
field, we decided to build four publicly available Arabic datasets for RSs. The
construction of each of these datasets was performed by preparing and translat-
ing English-language reviews obtained from a specific publicly available Amazon
database 1 (Figure 5.2). This is the most extensive database used for RSs evalua-
tion. It is collected by McAuley [ML13] and comprised of reviews and metadata
from different varieties of Amazon products. It includes 142.8 million reviews
spanning May 1996 - July 2014. In this thesis, we choose the four following En-
glish datasets, namely Musical Instruments (MI), Patio Lawn and Garden (PLG),
Automotive (Auto), and Instant Video (IV).

Figure 5.2: Amazon review data.

The information about these datasets are as follows:

•MI: The dataset contains 10,254 reviews that 1,429 users submitted for 900
1//jmcauley.ucsd.edu/data/amazon/
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different musical instruments.

• PLG: The dataset contains 13,258 reviews that 1,686 users submitted for 962
different patios, lawn, and garden tools.

• Auto: The dataset contains 20,467 reviews that 2,928 users submitted for
1,835 different automotive accessories.

• IV: The dataset contains 37,125 reviews that 5,130 users submitted for 1,685
different movies and TV shows.

In fact, each review in these datasets consists of the following nine fields (See
Figure 5.3), namely:

- reviewerID: ID (Identifier) of the reviewer in the Amazon platform.

- asin: ID of the item in Amazon websites.

- reviewerName: represents the name of the reviewer.

- helpful: helpfulness score of the review.

- reviewText: contains the review’s text.

- overall: the rating score of the item.

- summary: contains the review’s summary.

- unixReviewTime: the review’s time (Unix 2 time).

- reviewTime: the review’s time and date (raw).

2https://en.wikipedia.org/wiki/Unix
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Figure 5.3: Sample Amazon review.

To prepare the datasets used in this study, we implemented a special parser in
Python, allowing us to extract reviews from the original English datasets (JavaScript
Object Notation (JSON) files) by retaining only the specific fields that we require.
In fact, for each review, only the reviewerID, asin, reviewText, and overall were
kept. The remaining fields were ignored since they are needless for this task.
Thus, each record in our datasets contains one review, including the information
associated with the targeted four fields.

However, online reviews are usually short informal texts generated by non-
experts. They are characterized by using everyday language, grammar and mis-
spelling errors, non-standard vocabulary such as replicated characters, non-formal
abbreviations, etc. Thus, the reviews cleaning stage is essential to ensure the qual-
ity of their content. Its main goal is to clean reviews text from spelling errors and
slang words to help the downstream process easily understand and resolve their
meanings. To attain it, we proceed as follows: first, all the text data are converted
into lower case letters to ensure that the texts are in a uniform format. The ap-
plication of this task to our texts makes sure that "The" and "the" or "Do" and
"do" are treated as the same. Then, we adopted regular expressions to eliminate
extra characters in any sequence that repeated more than twice. After that, we
addressed the issue of the misspelled terms in reviews based on a Spelling correc-
tor in Python called Autocorrect 3. This tool corrects all the detected misspelled
words and replaces them with the correct terms. At the final stage, we replace
the contractions marked by clitic apostrophes with their extended forms. This is

3https://libraries.io/pypi/autocorrect
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achieved by transforming the Wikipedia English contraction-to-expansion list 4

into a python dictionary and then exploiting a regular expression for expanding
all the existent contractions.

We used a free online Machine Translation (MT) service to generate the Ara-
bic versions of the prepared English datasets. We decided to use the Google
Translate MT tool due to its high efficiency in the translation task. Thus, we
implemented a python script using the Python googletrans library 5 that allows
interaction with Google Translate API 6. For each review in the used datasets, the
content of its corresponding reviewText field was sent to the API to get its trans-
lation into the Arabic language. Figure 5.4 describes the overall process adopted
to obtain our datasets.

Figure 5.4: The overall process adopted to obtain our datasets.

4https://en.wikipedia.org/wiki/Wikipedia:List of English contractions
5https://pypi.org/project/googletrans/
6https://translate.google.com
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The four constructed Arabic-language reviews datasets are Arabic_MI, Ara-
bic_ PLG, Arabic_Auto, and Arabic_IV. Each dataset contains the users’ reviews
towards a specific category of items. Each review consists of a reviewerID, ID’s
item, a score of the evaluated item (from 1 to 5), a review text in the Arabic lan-
guage. Figure 5.5 shows an example of the constructed reviews from the prepared
English original equivalent ones. Table 5.1 contains the essential properties of the
created datasets.

Figure 5.5: An example of the Arabic reviews obtained from the prepared English
original ones.
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Table 5.1: The essential properties of the created Arabic datasets.

Datasets # users # items # reviews
Arabic_MI 1,429 900 10,254

Arabic_PLG 1,686 962 13,258
Arabic_Auto 2,928 1,835 20,467
Arabic_IV 5,130 1,685 37,125

5.2.1 Preprocessing data

Due to the unstructured text of reviews, it won’t be easy to analyze them directly.
Thus, it is recommended to preprocess all the reviews before integrating the re-
views into the recommendation process. To do this, we created our own text pre-
processing scheme, which implies different stages, including unwanted charac-
ters removal, Tokenization, removing standard stop words, and deleting domain-
specific stop words. The details related to each step are discussed below. Figure
5.6 illustrates the adopted overall preprocessing flow. Figure 5.7 shows an exam-
ple of reviews after applying the preprocessing steps.

Removing unwanted characters: The first stage of the preprocessing mod-
ule consists of removing unwanted characters. It removes all marks, extra whites-
paces, and any other non-alphabetic characters detected in the reviews. This phase
is very significant as such instances do not add any value to the content of reviews.
Hence, removing these characters will help in manipulating and processing text
information. Our preprocessing scheme uses Python’s re module 7 for removing
all the aforementioned unwanted characters from the text of the reviews.

Tokenization: As another step of preprocessing, there is Tokenization. This
step aims to split the text into a set of tokens (words) based on the punctuation
or whitespaces characters. In our text preprocess scheme, this task was applied
for each review text to divide it into multiple words utilizing whitespaces char-
acters. There are many libraries to perform tokenization like NLTK 8, SpaCy 9,

7https://docs.python.org/3/library/re.html
8https://pypi.org/project/nltk/
9https://pypi.org/project/spacy/
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and TextBlob 10. The NLTK was utilized in this work. The obtained tokens are
exploited for further preprocessing stages.

Standard Stop words removal: Stop words like prepositions, pronouns, ar-
ticles, and conjunctions are employed frequently in reviews. Such words carry
less meaning than other keywords, and thus they are not significant for feature
extraction tasks for RS. Therefore, a stop words removal step was performed in
our study before beginning the recommendation process. There is no unique uni-
versal stopwords list in the literature. For this, we manually created two lists of
stop words in our work. The first one is devoted to the English language, and the
second one concerns the Arabic language. We also add the words that have the
document frequency [Aiz03] higher than 0.5 by considering them as stop words in
these lists. This step compares each target token with its corresponding language
stop word list. If it appears in the list, then it is eliminated. For instance, the
words such as (have, he, in, is, it, its) are suppressed from the English and Arabic
reviews.

Domain-specific Stop words removal: While we removed the frequent stop
words, it is crucial in text mining to identify unusual words with little discrim-
inant value within a specific field or context. These words are called Domain-
specific stop words because they differ from one domain to another. The metric
most widely utilized to perform the Domain-specific Stop words removal is" Term
Frequency Inverse Document Frequency" (TF-IDF) [Aiz03]. It computes the rel-
evance of words in a document based on their occurrence frequency on several
documents. Using this metric in our scheme, we may pick out the most perti-
nent words allowing us to represent better the reviews related to the target dataset.
Thus, we decided to apply the TF-IDF technique on all datasets by retaining the
top 20,000 distinct words (with high TF-IDF scores) as a vocabulary for each
small dataset (Number of reviews<15,000) and the top 50,000 distinct words for
large datasets (Number of reviews>15,000). All words out of the vocabulary are
removed and considered as domain-specific stop words. We further filter out the
reviews containing empty text after applying this step.

10https://pypi.org/project/textblob/
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Figure 5.6: Preprocessing flows for the used English and Arabic reviews.

Figure 5.7: Examples of reviews after applying the preprocessing tasks.
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5.2.2 Characteristics of the datasets after preprocessing

Initially, it should be noted that all datasets (English and Arabic) contained a cer-
tain noise level and were not totally cleaned up. After preprocessing the textual
reviews for all datasets (English and Arabic), we ended up with new preprocessed
versions of those same datasets. Details about the English datasets are summa-
rized in Table 5.2. Details about the Arabic datasets are summarized in Table
5.3

Table 5.2: Statistical details of the English datasets after preprocessing.

Datasets # users # items # reviews
MI 1,429 900 10,254

PLG 1,686 962 13,258
Auto 2,928 1,835 20,467
IV 5,130 1,685 37,125

Table 5.3: Statistical details of the Arabic datasets after preprocessing.

Datasets # users # items # reviews
Arabic_MI 1,429 900 10,254

Arabic_PLG 1,686 962 13,258
Arabic_Auto 2,928 1,835 20,409
Arabic_IV 5,130 1,685 37,123

5.3 Adopted Recommender Systems

In our experimentation, the rating prediction task was investigated using five
RSs: ALFM, A3NCF, PARL, CARL, and CARP. These RSs are presented below.
We refer the readers to read the original papers [CDZK18, CDH+18, WQLJ18,
WQL+19, LQP+19] in order to have more details about these RSs. Figures 5.8,
5.9, 5.10, and 5.11 provide the architectural structures of the adopted models,
respectively.

ALFM: is the state-of-the-art recommender model that adopts the Latent Dirich-
let Allocation (LDA) paradigm with the Probabilistic MF for rating prediction.
This model firstly runs an LDA-based algorithm on reviews’ texts to model user’s
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preferences and item’s properties in different aspects, thus capturing the impor-
tance of aspects for the user and item. More specifically, it exploits an Aspect
aware Topic Model (ATM) for modeling aspect importance for target user/item as
a probability distribution of composite topics, each of which is represented by a
set of words from reviews. Then, the output from ATM is combined with ALFM,
which associates latent factors with different aspects exploiting the MF approach,
such that the model can predict aspect ratings. Finally, the overall rating is ob-
tained by a linear combination of the aspect ratings, which are weighted by the
importance of corresponding aspects.

Figure 5.8: The structure of ALFM model [CCZ+19].

A3NCF: This is the state-of-the-art RS that fuses topic modeling and DL. This
system firstly adopts LDA to obtain the topics vectors of users and items from tex-
tual reviews. Thus, it models users’ and items’ feature vectors in different topics
(the aspects of items that users discuss in reviews) as probability distributions of
words that refer to the same topic. For each user and item, their related topics
vectors and embedding vectors (from ratings) are fused into an attention neu-
ral network to learn their final representation by considering the user’s attention
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weights with respect to the different aspects of the target item. To get the embed-
ding features for users and items, the model represents user and item as one-hot
encoded vectors and then incorporates them into an embedding layer. Finally, an
attentive interaction between the user’s and item’s final representations is fed into
fully connected layers (MLP) with regression to predict the final ratings.

Figure 5.9: The structure of A3NCF model [CDH+18].

PARL: is a plug-and-play deep-learning architecture that has been plugged
into DeepCoNN, one of the state-of-the-art review-based RS to improve its pre-
diction accuracy upon different user-item pairs. DeepCoNN RS uses two parallel
CNNs and a word embedding method for capturing latent representations from
the reviews associated with the target user and item. The model concatenates the
user and item vectors and then transmits it to a regression layer involving the FM
method to predict ratings. Although DeepCoNN has shown good effectiveness for
the rating prediction task, it remains limited. The review sparsity issue is one of
the significant limitations when the texts of reviews are short and scarce. In this
case, a few valuable features can be extracted by CNN from the incomplete text
data. PARL extracts useful user-item pair-dependent features from auxiliary user
reviews (written by other users with identical rating scores as the target user) to
alleviate this limitation. Like DeepCoNN, PARL incorporates the extracted auxil-
iary reviews into CNN layers to transform them into feature vectors. To preserve
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the valuable features for each target user-item pair, PARL contains the obtained
feature vectors into an abstracting layer involving a highway network and a gated
mechanism. For final ratings, the auxiliary vectors are combined with the corre-
sponding users’ vectors in DeepCoNN.

Figure 5.10: The structure of PARL model [WQLJ18].

CARL: This is the state-of-the-art RS that learns context-aware representa-
tions for each user-item pair based on their characteristics and their interactions
by exploiting both the textual reviews and the user-item interaction data. CARL
consists of two learning components, namely review-based feature learning and
interaction-based feature learning. The first one adopts a CNN (using two paral-
lels subnetworks) and an attention mechanism to jointly learn useful latent fea-
tures for a user-item pair based on the user and item reviews. CARL also adopts
an abstraction layer in this component to obtain pertinent latent features using an
average pooling strategy. On the other hand, in the interaction-based part, com-
plementary features are learned for each user and item based on their interaction
data. CARL feeds each component’s latent representation into the FM to produce
ratings through each module. The final rating score is then computed based on a
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dynamic fusion strategy that fuses both components’ ratings.

Figure 5.11: The structure of CARL model [WQL+19].

CARP: CARP represents the state-of-the-art RS that uses Capsule Network
to extract the semantic contextual information from reviews for rating prediction.
CARP is based on two modules: viewpoint and aspect extraction and sentiment
capsules. The first component adopts a variant of self-attention stacked over a
convolutional layer to capture the logic units formed by a given user viewpoint
and an item aspect extracted from user and item reviews. In the second compo-
nent, positive and negative capsules are exploited by a Routing by Bi-Agreement
architecture to jointly choose some logic units as the informative ones and pro-
duce output vectors that encode their sentiments. Each created vector encodes
the user’s attitudes on a given item in the target sentiment. Besides, the lengths
of the vectors suggest the probability of each of these two sentiments. Finally,
to predict a user-item pair’s missing rating, the magnitudes and odds in their two
corresponding sentiment poles are incorporated into a one-layer highway network
and then passed to a rescaled sigmoid function.
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Figure 5.12: The structure of CARP model [LQP+19].

5.4 Experimental Setup

To answer the research questions stated in this work, we run our experiments
on four English-language reviews datasets and their equivalent versions in the
Arabic language. All these datasets were built based on the Data preparation and
generation process described above.

We randomly selected 80% of each dataset as the training set for our evalu-
ations and the remaining 20% as the test set. We trained the adopted models on
the training set and evaluated the performance on the test set. To ensure that the
testing set reviews are unavailable during the recommending process, such as in
real-world applications, we utilized the review information only in the training
set.

The parameters of all evaluated models (ALFM, A3NCF, PARL, CARL, and
CARP) are set as reported in their related papers with the best performance.

We used RMSE as a performance metric for the evaluation metric, explained

103



in Section 3.5 (chapter 3). This metric is broadly utilized in several related works
for performance evaluation [LLX+20, AU19, HFT20].

5.5 Experimental Results

This Section presents the realized experiments to address our research questions
(see Overview section).

The analysis of the attained empirical findings is organized as follows. We
started by discussing the applicability of the modern RSs in the Arabic context.
Next, we evaluated the effect of applying a preprocessing scheme on the Arabic
texts before incorporating them into RSs. We ended up by assessing the perfor-
mance of the recent RSs in the Arabic context.

5.5.1 Verifying the applicability of recent RSs in the Arabic
context

This part aims to verify the possibility of applying the five adopted RSs in the Ara-
bic context. Table 5.4 shows the performances of the five RSs ALFM, A3NCF,
PARL, CARL, and CARP when applied to Arabic data. From the results, we can
note that for the four Arabic datasets: Arabic_MI, Arabic_PLG, Arabic_Auto,
and Arabic_IV, all tested RSs worked well, i.e., overall, they reached good RMSE
scores. According to the achieved RMSE scores, we note that each used RS suc-
cessfully predicted most of the hidden ratings when using Arabic reviews. There-
fore, we can conclude from our results that it’s possible to apply modern recom-
mender engines to Arabic content.

Table 5.4: Performance on the constructed Arabic datasets in terms of RMSE.

Datasets ALFM A3NCF PARL CARL CARP
Arabic_MI 0.883 0.977 0.891 0.882 0.881

Arabic_PLG 0.975 1.052 0.980 0.985 0.967
Arabic_Auto 0.895 0.993 0.914 0.901 0.894
Arabic_IV 0.978 1.031 1.020 0.990 0.986
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5.5.2 Analyzing the impact of the preprocessing phase on re-
cent RSs when applied to Arabic content

As done by other researchers in [ZAS+17, HASA20], and due to the Arabic lan-
guage’s complex structure [SA10, ATK21, SAAES18], we have opted to prepro-
cess the Arabic language reviews before incorporating them into the RSs. How-
ever, in this part, we aim to verify if adopting the preprocessing stage is necessary
to apply these RSs on the Arabic datasets. To achieve it, we test the five RSs on
different Arabic reviews datasets in both cases: using preprocessing stages and
without using preprocessing tasks. The results are shown in Table 5.5 and Figure
5.13. By comparing the results achieved from the ALFM, A3NCF, PARL, CARL,
and CARP in both cases, we can note that each of these RSs has maintained the
same performance on each no-preprocessed reviews dataset (Arabic MI, Arabic
PLG, Arabic Auto, and Arabic IV) and its preprocessed version (Arabic MI*,
Arabic PLG*, Arabic Auto* and Arabic IV*), respectively. Those results confirm
that the preprocessing stage is not essential for better accuracy and performance
for the modern RSs when using Arabic texts. Such systems use effective feature
extraction techniques to focus only on relevant information from the texts.

Table 5.5: Impact of the preprocessing phase on RSs in the Arabic context.

Datasets ALFM A3NCF PARL CARL CARP
Arabic_MI 0.881 0.977 0.891 0.882 0.881
Arabic_MI∗ 0.883 0.978 0.891 0.882 0.881
Arabic_PLG 0.975 1.052 0.980 0.985 0.967
Arabic_PLG∗ 0.975 1.052 0.980 0.985 0.967
Arabic_Auto 0.895 0.993 0.914 0.900 0.894
Arabic_Auto∗ 0.895 0.993 0.914 0.900 0.894

Arabic_IV 0.978 1.031 1.020 0.990 0.986
Arabic_IV∗ 0.979 1.033 1.020 0.990 0.986

∗: Preprocessed dataset
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Figure 5.13: Impact of the preprocessing phase on RSs when applied to Arabic
content.

5.5.3 Analyzing the performance of the recent RSs in the two
contexts: English and Arabic

In this part, we compare the performance of the RSs (ALFM, A3NCF, PARL,
CARL, and CARP) in two contexts: English and Arabic. In particular, we aim to
verify whether the performance differences of the used recommendation models
are statistically significant or not when changing the content’s language. The ex-
perimental results are shown in Table 5.6 and Figure 5.14. From the experimental
results, we can analyze the performances of the tested RSs. The results show that
the RS ALFM has maintained very close performance for each English dataset
and its Arabic version. The accuracy decrease on the four datasets pairs (MI and
Arabic_MI, PLG and Arabic_PLG, Auto and Arabic_Auto, IV and Arabic_IV) is
0.21%, 0.21%, 0.11%, and 0.20%, respectively. Similarly, A3NCF has also main-
tained very nearly accuracy on each English dataset and its Arabic version. The
accuracy decrease on the four datasets pairs is 0.21%, 1.06%, 1.12%, and 0.78%,
respectively. Such accuracy differences are insignificant (very minor). We explain
these because these RSs use bag-of-words techniques for review text processing,
which is negatively impacted by the noise and irrelevant information introduced
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within the reviews during the translation phase. The results of this phase depend
on the quality of the translation tool.

On the other hand, PARL, CARL, and CARP’s performance do not degrade
when changing the language of the review texts. Specifically, each of these three
RSs has maintained the same rating prediction accuracy (accuracy decrease is 0%)
on each English dataset and its Arabic version. We suggest that maintaining the
same performance is due to processing the translated reviews by DL architectures,
which help delete the noisy and unimportant information and develop appropriate
feature representations for RSs. These results confirm the conclusions obtained
in other studies for English content [KNSP21], which demonstrate that the mod-
ularity of neural networks allows handling heterogeneous and unstructured text
content.

Considering those outputs, we can confirm that ALFM, A3NCF, PARL, CARL,
and CARP do not lose performance when changing the application context (En-
glish to Arabic). Consequently, from these experimental results, we can conclude
that applying the recent RSs to Arabic content provides good rating prediction
accuracy as when using English content.

Figure 5.14: Comparing the adopted recommendation models in the English and
Arabic contexts.

107



Table 5.6: Performance comparison on eight datasets in terms of RMSE.

Datasets

A
L
F
M

A
3
N
C
F

P
A
R
L

C
A
R
L

C
A
R
P

5%

(English
vs

Arabic)

A
L
F
M

A
3
N
C
F

P
A
R
L

C
A
R
L

C
A
R
P

MI 0.881 0.975 0.891 0.882 0.881 0.21% 0.21% 0% 0% 0%Arabic_MI 0.883 0.977 0.891 0.882 0.881
PLG 0.973 1.041 0.980 0.985 0.967 0.21% 1.06% 0% 0% 0%Arabic_PLG 0.975 1.052 0.980 0.985 0.967
Auto 0.894 0.982 0.914 0.901 0.894 0.11% 1.12% 0% 0% 0%Arabic_Auto 0.895 0.993 0.914 0.901 0.894
IV 0.976 1.023 1.020 0.990 0.986 0.20% 0.78% 0% 0% 0%Arabic_IV 0.978 1.031 1.020 0.990 0.986

5%: Accuracy decrease (pair of English-Arabic datasets)

5.6 Chapter Summary

This chapter provides a comprehensive evaluation of modern RSs when applied
to Arabic content. For that, extensive experiments have been conducted using dif-
ferent Arabic reviews datasets. These datasets were built leveraging the English-
language reviews regarding different product categories in the Amazon e-platform.
Thus, we introduced Arabic_MI, Arabic_PLG, Arabic_Auto, and Arabic_IV, the
largest Arabic datasets known to date for investigating RSs. We described the con-
struction steps of those datasets, and then we provided their main properties. The
experiments were performed utilizing five recent RSs mainly proposed to manage
English content. Each of these systems was tested on different-language datasets:
original English ones and their corresponding Arabic versions, which we have
constructed. This study was conducted to achieve three objectives. The first aim
is to verify the applicability of recent RSs to the Arabic content. According to
our experimental results, we have shown that the used RSs could perform rating
prediction tasks while exploiting Arabic data. The second goal was to determine
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if applying a particular preprocessing phase on the Arabic content before incor-
porating it into RSs. We tested each of the RSs on Arabic reviews in two cases:
preprocessing and without preprocessing. The results showed that the preprocess-
ing stage does not impact RSs’ performance. The third objective of this work
is to evaluate if the performance of these RSs varies when changing the applica-
tion context from the original one (English) to Arabic. The experimental findings
proved that the adopted RSs had maintained the same performance in both con-
texts.
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6.1 Introduction

Recently, DL has been revolutionizing the recommendation paradigms dramat-
ically and offering more capabilities to augment the performance of RSs. It
is now widely proved that DL methods can capture the non-trivial and nonlin-
ear user-item interactions [LZL+15] and codify more complicated abstractions
as data representations in the higher layers [ZYST19]. Therefore, a prevailing
trend in the RS field has leveraged those techniques to tackle diverse issues of
the classical RS methods and achieve high accuracy performance [BYBK19].
Broadly, the success of DL in RSs is due to two main aspects: representation
learning and nonlinear transformation. Concerning the representation learning as-
pect, the entity embeddings, i.e., users and items, can be substantially improved
with modern tools in DL. For instance, CNNs are exploited to enhance the item
and/or user representation learning from different sources, including textual re-
views [KPO+16, ZNY17, CC17, WQLJ18, CZLM18, SHYL17]. For the other
aspect of the nonLinear transformation, DL approaches often utilize single or
multi-level neural architectures as the interaction function, allowing to generalize
the classical MF methods to nonlinear settings, which are more expressive than
the linear MF ones. Multi-Layer Perceptron (MLP) is the most popular among
the various existing techniques due to its strong capability for capturing both the
second-order and higher-order feature interactions.

DL techniques have progressively become the most largely adopted ones in
the field of RS, thus achieving promising results on the preferences prediction
task, matching, or even beating those human performance provides. However,
these significant advancements have only been developed to work in the English
context, particularly for managing information overload using English-language
reviews. This leads to an overall lack of advanced and performant tools for ex-
ploiting reviews written in other languages like the Arabic one. Therefore, in
this chapter, we aim to tackle this research gap by providing a novel Arabic RS
while exploiting DL methods initially proposed for the English community. This
system is also essentially developed to overcome the different limitations shared
between the existing works in the Arabic RS field (refer to section) through the
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consideration of the following novel aspects:

- Using large-scale Arabic data for investigating the proposal.

- Using various and different datasets for the experimentations.

- Comparing with solid and recent baselines in the field for performance eval-
uation.

In what follows, we present and detail our proposed Arabic RS. We first pro-
vide an overview of this proposal. Second, we give the followed steps to build it.
Finally, we describe the results of our experiments and their interpretations.

6.2 Overview of the Proposed RS

The main aim of this study is to design a RS exploiting large-scale Arabic reviews
datasets for rating prediction in the Arabic context. It predicts the users’ interests
according to their textual reviews written in the Arabic language. Thus, our system
uses the Arabic reviews dataset as input. Specifically, it takes a training set T as
input consisting ofN Reviews. Each review can be represented as a (u, i, ru,i, du,i)

where ru,i is a numerical rating denoting user u’s preference on item i, and du,i
is the accompanying textual review. Then, from the input data, the proposed RS
predicts the unknown ratings of items that the users have not reviewed yet. The
idea is to learn latent representations for users and items from their reviews’ text
such that the learned representations can estimate their missing ratings. This is
achieved by first using a text processing technique for modeling users’ preferences
and items’ characteristics from reviews, then incorporating the resultant models
into a recommender module for rating prediction. The implementation of the two
components of our system was carried out using DL paradigms. Figure 6.1 gives
the overall architecture of the proposed system.
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Figure 6.1: The overall architecture of the proposed system.

6.3 Steps of the Proposed RS

The proposed RS consists of two main steps: representation of users and items
and generating predictions. These steps are shown in Figure 6.2.

Figure 6.2: Steps of the proposed RS.
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6.3.1 Representation of users and items

This first step of our RS aims to model the targeted user and item based on their
corresponding reviews. Its main objective is to prepare the users’ and items’ rep-
resentations for the rating prediction stage. As mentioned above, many works
are proposed to model information from reviews for rating prediction using text
processing methods based on DL. One of the pioneering works in this line of lit-
erature is [ZNY17]. It utilizes two parallel CNN Text processors, one for user
modeling and another for item modeling. This method concatenates all reviews
from the same user as a user review document. In the same way, it merges all re-
views on the same item to form an item review document. Then, the constructed
user and item review documents are passed to the user text processor and the item
text processor, respectively, as inputs and corresponding representations are gen-
erated. In this work, the adopted CNN architecture has shown its effectiveness in
modeling users and items from their reviews by considering semantic information.
It has also proven to increase rating prediction accuracy better than traditional text
processing techniques. However, this method has demonstrated its effectiveness
only on English texts and has never been tested on Arabic texts. Motivated by
those reasons, we opt to process our Arabic reviews using the same strategy ex-
ploited in [ZNY17]. In this context, to our knowledge, we are the first to use this
text processing component for modeling users and items based on Arabic textual
content. In what follows, we present the details about the user modeling process
(to obtain the user’s feature vector Xu). The same process is applied for modeling
the item (to get the item’s feature vector Yu). Figure 6.3 gives the architecture of
the adopted process to model both users and items.

Given a user review document 1 RevDoc = [w1, ..., wn], an embedding lookup
layer is exploited to project each word inRevDoc into a d dimensional embedding
vector ei ∈ R1×d. After that, an embedding matrixRevDoc ∈ Rn×d is constructed
by concatenating all the obtained embeddings:

1The user review document is constructed by merging all the reviews written by this target user.
In the case of the item modeling process, we built the item review document by concatenating all
the reviews made by the users for this target item.
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RevDoc = [e1..., ek, ..., en]T (6.1)

where ek represents the word embedding corresponding to the word at the kth

position in the document RevDoc.

The next layer is the convolutional layer. It consists of m neurons to produce
contextual features by applying convolution operation on word vectors in the doc-
ument matrix RevDoc. Each neuron in this layer utilizes a filter K ∈ Rd×t with
the same sliding window of size t. It generates its features as:

f j = Relu(RevDoc ∗Kj + bj) (6.2)

where bj is the bias, ∗ is the convolution operation and Relu [NH10] is a
nonlinear activation function.

After obtaining the features f j corresponding to filterKj , a max-pooling layer
is adopted to capture the most informative contextual feature of each filter.

cj = max(f j1 , f
j
2 , f

j
3 , ..., f

j
n−t+1) (6.3)

Finally, all captured features from the m neurons are concatenated as the out-
put of the max-pooling layer:

Out = [c1, c2, c3, ..., cm] (6.4)

After that, the output Out is feed into a fully connected layer f with a weight
matrix W ∈ Rm×n and a bias s ∈ Rn to derive the latent representation Xu of
target user u as:
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Xu = f(W ×Out+ s) (6.5)

Figure 6.3: The adopted text processing architecture.

6.3.2 Generating predictions

After representing users and items, the next step is prediction generation. This
step’s fundamental objective is to integrate the learned representations of the target
user and item, namely, Xu and Yi, into a recommender model for predicting their
unknown interactions.

Inspired by the successful applications of DL methods in the RS field, we opt
to perform this task by adopting a neural network structure. Specifically, we de-
cide to adopt the MLP architecture. MLP is a feed-forward neural network model
consisting of one/more layer(s) and nonlinear activations. MLP comprises at least
one hidden layer interconnected in a feed-forward direction (see Figure 6.4). It
is used as the building block of most of the DL models [XCL+16, XLC+17,
SYCX18]. The central assumption of MLP relies on introducing the nonlinear
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settings into the linear models for neural performance. It has been adopted in
many RSs in the literature.

Figure 6.4: A structural architecture of the MLP network.

Specifically, given Xu and Yi, we first model the interaction between user u
and item i as follows:

Int = Xu · Yi (6.6)

where · denotes the element-wise product of vectors. The output of Int repre-
sents n dimensional predictive vector. This vector can be viewed as the represen-
tation for the corresponding user-item pair.

Then, to predict the rating r̂u,i for the item i that was not yet evaluated by the
user u, we feed Int into a MLP network with one hidden layer (see Figure 6.5):
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z1 = Φ(Xu, Yi) = W1 × Int+ b1

Φ2(z1) = σ2(W
T
2 z1 + b2)

...

ΦL(zL−1) = σL−1(W
T
L zL−1 + bL)

r̂ui = σ(hT (ΦL(zL−1))︸ ︷︷ ︸
Pred

+bu + bi

(6.7)

where Wx , bx , and σx denote the weight matrix, bias vector, and activation
function for the x-th layer’s perceptron, respectively. bu and bi refer to user bias
and item bias, respectively.

These settings allow combining two independent components into one system:
a CNN-text processor for representing users and items; and a neural network, in
particular, a MLP for rating prediction.

Figure 6.5: The architecture of the adopted MLP network.
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6.3.3 RS optimization

The main aim of our proposed RS is to perform rating prediction. Since this task
represents a regression problem, we utilize the following squared loss function to
train our RS on the set of available ratings as follows:

L =
∑
u,i∈T

(r̂u,i − ru,i)2 + µ(||xu||2 + ||yi||2) (6.8)

where T denotes the set of instances for training, and ru,i is the real rating
assigned by the user u to the item i. µ is a regularization parameter. xu and
yi are bias vectors for user u and item i respectively. Our RS’s main objective
is to predict the unknown ratings with minimum prediction error (L). Equation
(8) is used to optimize the parameters with Stochastic Gradient Descent (SGD)
and backpropagation. To update the parameters, RM-Sprop [TH+12] is used over
mini-batches. Besides, the dropout [SHK+14] strategy is adopted to the MLP
layer for preventing overfitting. Figure 6.6 shows how the optimization process is
performed.

Figure 6.6: RS optimization.
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6.4 Experimental Settings

This section presents the performed extensive experiments to evaluate the per-
formance of our proposed RS compared to other state-of-the-art RSs. In what
follows, we first introduce the datasets end the evaluation metrics used in our ex-
periments. After that, we describe the baseline systems selected for comparisons.
Finally, we discuss and analyze the experimental results.

6.4.1 Datasets and Evaluation metrics

To evaluate the performance of our RS, we conducted experiments on our four
constructed and preprocessed Arabic datasets, namely: Arabic_MI, Arabic_PLG,
Arabic_Auto, and Arabic_IV (see chapter 5).

Before using these datasets in our experiments, we preprocessed them based
on the preprocessing scheme presented in chapter 5 (Section 5.2). We then form
the review documents for all datasets by setting the length of each document to
300 words.

For evaluation, we divided each dataset into training and testing sets utilizing
an 80 : 20 division, respectively. We trained the models on the training sets and
evaluated the performance on the test sets.

The performance of the used RSs is evaluated by two well-known metrics,
namely MSE and MAE, which are described in section 3.5 (chapter 3). These
two metrics are widely used to measure the prediction accuracy of RSs [ZNY17,
ML13, PME19, FEAD21].

6.4.2 Baselines

We chose the following three state-of-the-art methods as our baselines. These
methods were initially proposed for English content and have never been tested
on Arabic content. This work compares the performance of these widely used
methods when used in the Arabic context.
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GMF [HLZ+17]: GMF generalizes the standard MF to a non-linear setting.
It uses a neural layer above the element-wise of user’s and item’s embeddings (de-
duced based on the one-hot encoding strategy) to compute the rating that the user
would score the item. It has been proved in many studies that GMF outperforms
the standard MF methods. It is typically a representative baseline in CF RSs.

A3NCF [CDH+18]: utilizes the LDA topic model to represent user prefer-
ences and item characteristics from review documents. It then integrates them into
a network framework to estimate the unknown interactions of users and items.

PARL [WQLJ18]: is an extension of DeepCoNN. It utilizes auxiliary reviews
to relieve the sparsity issue concerning users. It adopts the same network architec-
ture of DeepCoNN while both the user review vector and the auxiliary user vector
are combined to form the final user latent vector.

We omit comparisons with early methods, such as HFT [ML13], RMR [LLK14],
RBLT [TZLM16], ConvMF [KPO+16], DeepCoNN [ZNY17] and TransNets [CC17],
because these models have been demonstrated to be inferior to our baselines
A3NCF or PARL.

6.4.3 Implementation details

All methods were implemented using Python DL Frameworks. Specifically, the
TensorFlow library 2 was used to develop our RS and PARL baseline. GMF and
A3NCF were developed based on Keras library 3 using Theano 4 as backend.

We used 0.002 as the learning rate, 0.5 as the dropout probability, 0.01 as µ.
We set the mini-batch size to 100 for all datasets. The Relu activation function
[NH10] is used in the layers of the MLP network. The number of MLP layers L in
the rating prediction component of ou RS is fixed to 2. For the CNN architecture
adopted in our RS, we utilized the same hyperparameter tuning as reported in

2https://www.tensorflow.org/?hl=fr
3https://keras.io/
4https://github.com/Theano/Theano
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the corresponding paper [ZNY17] since changing it did not give any significant
amelioration. We randomly initialized the word embeddings and fixed the number
of convolution filters to 25.

For the baselines, we used the same hyper-parameter settings as the authors.

For all models, the dimensions for the user and item latent vectors were eval-
uated on 8, 16, 32, 64.

6.5 Experimental Results

The rating prediction performance of our RS and the baselines are reported in
terms of MSE and MAE in Tables 6.1 and 6.2. These Tables show the results on
four large-scale Arabic datasets when the dimension for the user and item latent
vectors in all systems is fixed to 8. The last column in the Tables indicates the
improvement percentage of our RS over the baselines. From Tables 6.1 and 6.2,
we make the following observations.

Table 6.1: Performance comparison on four datasets in terms of MSE.

Datasets
G
M
F

A
3
N
C
F

P
A
R
L

O
u
r

R
S

Improvement (%)
Our RS vs Baselines

G
M
F

A
3
N
C
F

P
A
R
L

Arabic_MI 0.811 0.806 0.782 0.774 4.56 % 3.97% 1.02 %
Arabic_PLG 1.104 1.020 0.958 0.950 13.95 % 6.86% 0.84 %
Arabic_Auto 0.883 0.827 0.801 0.782 11.44 % 5.75% 2.37 %
Arabic_IV 1.150 0.970 1.049 0.955 16.96 % 1.57% 8.96 %
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Table 6.2: Performance comparison on four datasets in terms of MAE.

Datasets
G
M
F

A
3
N
C
F

P
A
R
L

O
u
r

R
S

Improvement (%)
Our RS vs Baselines

G
M
F

A
3
N
C
F

P
A
R
L

Arabic_MI 0.683 0.670 0.650 0.640 6 % 4.69 % 1.23 %
Arabic_PLG 0.840 0.779 0.735 0.734 12.62 % 5.78 % 0.14%
Arabic_Auto 0.722 0.668 0.647 0.623 13.71 % 7.22 % 3.71 %
Arabic_IV 0.835 0.738 0.766 0.737 11.74 % 0.14 % 3.79 %

Firstly, we can note that for all datasets: Arabic_MI, Arabic_PLG, Arabic_Auto,
and Arabic_IV, all used systems performed well, i.e., overall, it achieved good
MSE and MAE scores which are comparabale with those reached by many state-
of-the-art RSs devoted to English content [CDZK18, TLH18, DMD21]. These
results can validate the applicability and effectiveness of modern RSs in the Ara-
bic context.

Second, we can see that the methods using review information achieve bet-
ter performance than GMF in all four datasets: Arabic_MI, Arabic_PLG, Ara-
bic_Auto, and Arabic_IV. In particular, the MSE improvements of our RS as
compared to GMF are very impressive, showing a 4.56%, 13.95%, 11.44%, and
16.96% improvement on the four datasets, respectively. Besides, our RS reaches
the most significant MAE improvements (6%, 12.62%, 13.71%, and 11.74%)
compared to GMF on the four datasets, respectively. Those results confirm that
reviews can be used to learn fine-grained profiles of users/items and improve pre-
diction quality. This observation is in line with the results reported in several
review-based works [KPO+16, ZNY17, CZLM18, LWP+20].

Third, for the review-based baselines, PARL is the strongest one on all datasets.
It achieves the second-best performance on Arabic_MI, Arabic_PLG, Arabic_Auto,
and Arabic_IV datasets. We believe the reasons are as follows. First, its CNN text
processing architecture ensures that semantic features discussed in reviews can be
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extracted successfully for modeling users and items. This helps to accurately re-
flect the user’s preferences and item’s properties hidden in the reviews. However,
because A3NCF neglects the semantic information contained in reviews when
building the topic representations of users and items, its performance is inferior to
that of PARL. Besides, PARL exploits auxiliary reviews to deal with the sparsity
of original reviews based on a CNN structure. By leveraging such supplemen-
tary information, extra informative features can be extracted, improving thus the
prediction accuracy.

Fourth, our system reaches the best MSE and MAE scores across all datasets.
From the last columns, we can observe that the improvements gained by our sys-
tem over A3NCF and PARL baselines are consistent and stable. In particular,
our system performs much better than the best baseline on the Arabic_MI, Ara-
bic_PLG, Arabic_Auto, and Arabic_IV datasets in terms of MSE with improve-
ments of 1.02%, 0.84%, 2.37%, and 8.96%, respectively. Also, we can observe
that the relative improvement of the proposed RS against PARL in terms of MAE
on the four datasets are, respectively, 1.23%, 0.14%, 3,71%, and 3.79%. Those
results confirm that the proposed system is sufficiently appropriate and powerful
for rating prediction on Arabic datasets with different characteristics.

Through another set of experiments, we also analyzed the behavior of the pro-
posed RS and the baselines when changing the dimension size of users and items
latent representations. Figures 6.7 and 6.8 plot the performance of all systems by
varying the latent dimension size l in {16, 32, 64}. From the experimental results
shown in those Figures, we can observe that compared to GMF, review-based
methods (A3NCF and PARL) perform relatively well across all the range of l val-
ues on the four datasets. Also, PARL performs significantly better than A3NCF
with all the varying l values in all the datasets. However, although, PARL baseline
uses auxiliary reviews, which is the major extension of the adopted CNN archi-
tecture, it consistently performs worse than the proposed system. Contrary to our
system, PARL uses a FM which is a linear model to capture interactions between
user-item pairs. This fact makes it impossible to capture the non-trivial user-item
interaction patterns and thus limits the modeling performance of such models.
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Figure 6.7: Performance comparisons across different dimensions of latent vec-
tors on the four Arabic datasets in terms of MSE.
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Figure 6.8: Performance comparisons across different dimensions of latent vec-
tors on the four Arabic datasets in terms of MAE.
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The proposed RS achieves better performance (lowest MSE and MAE values)
than the baseline models across all l values range (i.e.,[16,64]). Even when vary-
ing the size of latent vectors, our RS maintains relatively stable performance. We
believe that the substantial improvement of our model over the baselines could be
credited to the fact that our RS reaps the benefits from an effective combination
of two components: a CNN-based representation learning and a MLP network for
capturing interactions between user-item pairs. From all the experimental results
in Tables 6.1, 6.2, and Figures 6.7, 6.8, we can confirm that these two indepen-
dent components complement each other. By leveraging convolution and pooling
layers in the CNN component, latent features of users and items were efficiently
captured from the Arabic-language reviews. This component allows capturing
relevant semantic features from the texts by considering contextual information,
which are essential for improving the understanding and modeling in the RS field.
Using the generated representations as inputs of the MLP component, deep user-
item interactions were captured by stacking two neural layers. This can efficiently
capture the complex nonlinear relations between user and item representations,
which conducts to a good prediction quality. Therefore, it is reasonable to con-
clude that the realized combination effectively predicts rating in the Arabic con-
text. More precisely, it is suitable for exploiting a significant volume of Arabic
data.

6.6 Chapter Summary

This chapter presented an Arabic RS designed for rating prediction in the Arabic
context. Its main goal is to leverage user reviews written in the Arabic language
for generating predictions. We have combined a CNN text processing method
with a MLP-based structure to develop our RS. These models were never fused
or used before to build a RS for rating prediction exploiting Arabic content. The
CNN architecture was employed to represent user preferences and item character-
istics according to their corresponding textual reviews. The obtained user’s and
item’s representations were used as inputs to a MLP network with a single hidden
layer to predict user preferences on items. The experimental results show that
the proposed RS consistently outperforms state-of-the-art alternatives over four
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Arabic datasets. Additionally, in the experiments, we demonstrated that our RS
maintains the most stable and strong performance in terms of prediction accuracy
by varying the dimension of feature vectors of users and items. This proved that
the realized combination (CNN+MLP) is promising in prediction quality in the
Arabic context, motivating us to continue working in this direction to advance the
Arabic RS field.
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Chapter 7

Conclusion and Perspectives
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7.1 Conclusion

The RS field has recently become one of the growing research areas. Research
on Arabic RSs has received minimal attention compared to studies on English
RSs. This thesis aims to boost and advance this field by exploring and examining
several major research questions summarized as follows:

• How about the Arabic content evolution and presence on the Internet?

• How about the importance of proposing and exploring new functionalities
to exploit the Arabic content?

• Are there RSs in the literature dedicated to handling Arabic content? If so,
how about their performance and efficiency compared to available RSs developed
to manage content in other languages like English?
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• Are there available datasets containing Arabic content for exploring RSs in
an Arabic context?

• Is it possible to apply recent RSs devoted primarily to English content to the
Arabic content? If so, how about their performance and efficiency when exploiting
such content?

• How should Arabic content be treated when integrated into RSs?

•How about exploiting recent paradigms in RS to propose a novel and modern
Arabic RS?

To answer those major questions, this thesis:

1) highlights the presence and the rapid increase of Arabic content on the web
recently. It also describes the importance of exploiting such content.

2) presents the state-of-the-art on RS field. It explains different paradigms
and concepts in this field, sheds light on the lack of researches and accessible
resources in the Arabic RSs, and exposes the various limitations of the very few
available works in this direction.

3) provides and makes accessible the four most large Arabic datasets to date,
devoted to RSs exploration and investigation in the Arabic context. Each dataset
consists of users reviews regarding a specific category of products in the Amazon
e-platform. Each record in each dataset contains the review text in the Arabic
language, the reviewer’s score on a scale of 1 to 5, and other characteristics about
the product/reviewer. The correctness of those datasets was implicitly proved
through the set of experiments realized in this thesis.

4) realizes a comprehensive experimental study about applying the recent rec-
ommendation paradigms in the Arabic context. Several RSs have been proposed
in the field of RSs. Such systems were devoted originally to English content
and have never been explored on Arabic content. Therefore, this proposed study
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explores applying those systems to Arabic content for clarifying and answering
particular research questions. The results demonstrated the promising potential of
the recent paradigms in the RS field when exploiting Arabic content in terms of
accuracy and performance. This study may lead to immediate improvements in
the Arabic RS field.

5) presents a modern RS for performing and improving rating prediction using
Arabic content. The proposed system was built based on a combination of neural
network technologies, namely CNN text processing techniques for modeling users
and items from the text of reviews and a MLP network for predicting their interac-
tions. Those techniques were never used before for performing those tasks in the
Arabic context. The results of experiments conducted on our developed Arabic
datasets showed the efficiency and effectiveness of this proposed combination in
terms of prediction accuracy over different state-of-the-art baselines.

The above steps represent the entire work done in this research. Such as the
previous studies, this work is neither perfect nor comprehensive. The Advance-
ment in science will never cease. However, we expect this work to encourage the
researcher community and serve as a starting point for further studies to improve
the Arabic RS field. The Arabic RS field is still very little explored. Therefore,
many areas of improvement exist for boosting this field. The following section
presents the limitations of our work and different future directions and perspec-
tives.

7.2 Limitations and Perspectives

This section presents several future research lines that can be explored to improve
the new aspects presented in this thesis.

• Concerning the built datasets: in this work, we have used an MT tool to
translate reviews’ text from English into Arabic to create our datasets. Therefore,
the obtained datasets represent the Arabic versions of existing English datasets in
the Amazon repository. A possible next step is to build and make accessible Ara-
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bic language datasets by collecting reviews from the online Arabic stores. Such
datasets will allow exploring RSs in a real Arabic context because they contain
the textual reviews written by Arabic users.

• Concerning the exploratory study: In this study, we have evaluated the per-
formance of all adopted RSs using only one evaluation metric designed to measure
predictions’ accuracy. However, it would be interesting to investigate their perfor-
mance using other metrics to better understand those systems’ behavior when used
in the Arabic context. On the other hand, through the realized experiments, the
adopted RSs have been explored in the Arabic context for a specific recommen-
dation task, notably the rating prediction. However, it would be interesting in
future work to investigate them on other recommendation problems such as the
usage prediction or personalized ranking where the system’s goal is not to predict
missing ratings but to suggest items or find the best-ranked list for the target user,
respectively.

• Concerning the proposed RS: It has to be noted that the proposed system has
provided high-quality results for the rating prediction task compared to different
state-of-the-art models. However, our proposal has been employed for a specific
content language (Modern Standard Arabic). Future research will focus on ex-
tending our RS for managing other content languages such as Moroccan Arabic
and Amazigh. Also, the proposed RS has exploited two deep learning approaches
to perform text analysis and rating prediction tasks. In the future, we will extend
the proposed system by adopting other DL-based architectures and studying their
impacts on prediction quality. Another promising direction is to explore the pro-
posed RS by considering the case of cold-start or data sparsity. In such settings, it
will be essential to integrate into the proposal an appropriate mechanism that can
mitigate the negative impact of such issues on the rating prediction task. By tak-
ing all the aspects above into consideration, it will be interesting to commercialize
our proposal.
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Résumé 
À l'ère du big data, les Systèmes de Recommandation (Recommender Systems, RSs) sont devenus des outils de plus en plus 
utilisés. Ils constituent un type important d'algorithmes d'apprentissage automatique (Machine Learning, ML) qui contribuent 
principalement à préserver la fidélité des internautes, en mettant à leur disposition un contenu personnalisé sur les différentes 
plateformes électroniques telles que Amazon, Netflix, YouTube et Facebook. Les RSs sont bénéfiques à la fois pour les 
utilisateurs et les entreprises. Ils aident les utilisateurs à prendre des décisions, et les entreprises à faire plus de bénéfices. En 
fait, une grande partie des revenus de nombreuses entreprises est générée uniquement par les recommandations.  
    Plusieurs RSs ont été proposés dans la littérature, dont la plupart se sont principalement concentrés sur le contenu anglais.  
La recherche et les ressources concernant les RSs en d'autres langues notamment l’arabe sont restreintes. Ces derniers temps, 

le contenu arabe sur le Web a considérablement augmenté, et ce en raison du nombre croissant d'internautes arabes; l'arabe 
classée quatrième parmi les dix premières langues utilisées sur internet. Ce qui sollicite la nécessité de conduire des études 
portant sur le contenu arabe, plus particulièrement dans le domaine des RSs.  
    Cette thèse aborde les récents travaux réalisés dans le domaine des RSs, tout en mettant l'accent sur le manque de 
recherches concernant les RSs arabes. Par ailleurs, elle présente d'autres nouvelles contributions visant à améliorer ce 
domaine peu exploré jusqu'à présent.   
    La première contribution porte sur l'exploration et l'investigation des RSs récents initialement consacrés au contenu 
anglais, lorsqu'ils sont appliqués au contenu arabe. Elle envisage d'expérimenter des RSs de pointe à partir de trois aspects à 

savoir, l'applicabilité, l'impact du prétraitement et la performance lors du changement de la langue du contenu. En réalisant 
cet ensemble d'expérimentations, l'apport de cette première contribution réside aussi dans la construction et la mise à 
disposition de quatre datasets arabes de taille permettant l'exploration des RSs dans un contexte arabe. Elle permet ainsi de 
combler le manque énorme de ressources arabes dédiées aux RSs. 
    La deuxième contribution est consacrée à l'enrichissement du domaine des RSs arabes en proposant un nouveau système 
de recommandation moderne, adapté au contenu arabe. La mise en œuvre du système proposé a été réalisé en combinant des 
modèles indépendants d'apprentissage en profondeur (Deep Learning, DL) en un seul système, à savoir des Réseaux de 
Neurones Convolutifs (Convolutional Neural Networks, CNNs) avec un Perceptron Multi-couche (Multi-Layer Perceptron, 

MLP). Ce système a pour principaux avantages, la capacité d'améliorer efficacement la précision des prédictions, et à traiter 
un grand volume de données. 
    Des expérimentations approfondies ont été menées en exploitant les datasets arabes construits dans cette thèse. Les 
résultats obtenus de notre exploration et de notre proposition garantissent des aboutissements prometteurs, pouvant inspirer la 
communauté des chercheurs à mener des études supplémentaires dans ce sens. 

Mots-clefs (5) : Big data, Systèmes de Recommandation, Arabe, Prédiction de notes, Apprentissage profond. 

 

Abstract  
In the era of big data, Recommender Systems (RSs) have become growing essential tools. They represent important Machine 
Learning (ML) algorithms that keep users engaged with personalized content in different e-platforms like Amazon, Netflix, 
YouTube and Facebook.  RSs are beneficial to both users and businesses. They help users make decisions, besides assisting 

companies to make more profits. A large chunk of many businesses' revenue is generated from recommendations alone. 
    Several RSs have been proposed in the literature, and most of them have primarily focused on English content. However, 
research and existing resources remain very limited for content in other languages like Arabic. Recently, the Arabic content 
on the Web has significantly increased because of the growing number of Arabic web users. Arabic came fourth in the top ten 
Internet languages. This highlights the need for exhaustive in-depth work on Arabic content, especially in the RS field. 
    This thesis describes the different works about RSs in general while emphasizing the lack of research on Arabic RSs. 
Furthermore, it presents several new contributions aiming to improve this field, little explored until now. 
    The first contribution explores and investigates recent RSs initially devoted to English content when applied to Arabic 

content. It plans to experiment with state-of-the-art RSs from three aspects: the applicability, the impact of the preprocessing, 
and the performance when changing the language of the content. By conducting this set of experiments, this contribution also 
makes four Arabic datasets available to explore RSs in an Arabic context. It thus allows addressing the considerable lack of 
Arabic resources devoted to RSs. 
    The second contribution is devoted to enriching the field of Arabic RSs by proposing a new modern recommendation 
system adapted to Arabic content. The implementation of the proposed system has been achieved by combining independent 
Deep Learning (DL) models into one system, namely Convolutional Neural Networks (CNNs) with a Multi-Layer Perceptron 
(MLP). The main advantages of this system are its capacity to effectively improve the accuracy of predictions and deal with a  
large volume of data.      

    Extensive experiments have been carried out exploiting the Arabic datasets constructed in this thesis. The results obtained 
from our exploration and our proposal ensure promising findings, inspiring the research community to carry out additional 
studies in this direction. 
Keywords (5): Big data, Recommender Systems, Arabic, Rating prediction, Deep Learning. 
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