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ABSTRACT

DEEP LEARNING-BASED MULTI-CONTEXT-AWARE MULTI-CRITERIA
RECOMMENDER SYSTEM

Ifra AFZAL
Department of Computer Engineering
Programme in Computer Science
Eskisehir Technical University, Institute of Graduate Programs, August 2024
Supervisor: Prof. Dr. CIHAN KALELI
(Co-Supervisor: Asst. Prof. Dr. BURCU YILMAZEL)

As digital information becomes ubiquitous, Recommender Systems (RSs) become
increasingly critical in navigating this vast landscape. In this dissertation, we propose a
novel deep learning-based approach to integrate multi-context and multi-criteria data into
a unified neural network model. A context-aware and multi-criteria recommender system
enhances traditional two-dimensional methods of RSs by incorporating context
awareness and multiple criteria. In our work, data from multiple contexts and multiple
criteria are intricately woven together within a single architecture, unlike traditional
approaches. Concurrent processing allows sophisticated interactions between context and
criteria, resulting in more accurate recommendations. When context-aware systems make
recommendations, they incorporate contextual factors, such as time and location, while
multi-criteria-based approaches utilize a broader range of evaluative criteria and offering
more relevant suggestions. For making recommendations, contextual information and
multi-criteria ratings have not been used together, despite both approaches having
advantages in producing more accurate and personalized referrals. To fill this gap, a
context-aware, multi-criteria recommender system is needed. We employ a deep learning
model that integrates context-aware recommendation systems with multi-criteria
recommendation systems, instead of processing each separately. Hence the system
becomes more adaptive and delivers more accurate recommendations, as contextual and
criteria-specific insights are combined to create personalized recommendations. The
proposed method provides more accurate predictions than state-of-the-art

recommendation techniques when applied to TripAdvisor and ITM-Rec datasets.

Keywords: Context-aware, Deep learning, Multi-criteria, Recommender systems.
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OZET

DERIN OGRENME TABANLI COKLU BAGLAMA DUYARLI COK KRITERLI
ONERI SISTEMI

Ifra AFZAL
Bilgisayar Miihendisligi Anabilim Dali
Bilgisayar Bilimleri Bilim Dal1
Eskisehir Teknik Universitesi, Lisansiistii Egitim Enstitiisii, Agustos 2024
Danisman: Prof. Dr. CIHAN KALEL]
Ikinci Damigman: Dr. Ogr. Uyesi BURCU YILMAZEL

Dijital bilginin yaygin hale gelmesiyle birlikte, Oneri Sistemleri (OS), bu genis bilgi
evreninde yol alabilmek i¢in giderek daha kritik bir rol uistlenmektedir. Bu doktora
tezinde, ¢oklu baglam ve coklu kriter verilerini tek bir sinir ag1 modeli altinda entegre
eden yenilik¢i bir derin 6grenme yaklagimi 6nerilmektedir. Baglam farkindaligina sahip
ve ¢oklu kriterli bir oneri sistemi, geleneksel iki boyutlu OS yéntemlerine gore, baglam
farkindaligini ve birden fazla kriteri bilinyesinde barindirarak onemli bir gelisme
sunmaktadir. Calismamizda, ¢oklu baglam ve kriterlerden elde edilen veriler, geleneksel
yaklagimlardan farkli olarak, tek bir yap1 igerisinde islenmektedir. Eszamanli isleme,
baglam ve kriterler arasinda gelismis etkilesimlere olanak tanimakta ve bdylece daha
isabetli Oneriler elde edilmektedir. Baglam farkindalifina sahip sistemler, Onerilerde
bulunurken zaman ve konum gibi baglamsal faktorleri dikkate alirken, coklu kriter tabanl
yaklasimlar, daha genis bir degerlendirme 6lgiitli yelpazesi sunarak daha ilgili oneriler
gelistirmektedir. Her iki yaklasim da daha dogru ve kisisellestirilmis Oneriler saglama
potansiyeline sahip olmasina ragmen, baglamsal bilgi ve ¢oklu kriter degerlendirmeleri
birlikte kullanilmamistir. Bu eksikligi gidermek adina, baglam farkindaligina sahip, ¢oklu
kriterli bir 6neri sistemine ihtiya¢ duyulmaktadir. Bu dogrultuda, her bir yaklasimi ayr1
ayri ele almak yerine, baglam farkindaligina sahip oneri sistemlerini ¢oklu kriter 6neri
sistemleri ile entegre eden bir derin 6grenme modeli gelistirilmistir. Boylelikle sistem,
baglamsal ve kriterlere 6zgii degerlendirmeleri birlestirilmesiyle daha uyarlanabilir hale
gelmekte ve daha dogru oneriler sunmaktadir. Onerilen yontem, TripAdvisor ve ITM-
Rec veri kiimeleri iizerinde uygulandiginda, giincel oneri tekniklerinden daha yiiksek
dogruluk orani saglamaktadir.

Anahtar Sozciikler: Baglama-duyarli, Derin 6grenme, Cok kriterli, Oneri sistemleri.



ACKNOWLEDGEMENTS

Firstly, I am deeply grateful to Almighty Allah, the Most Beneficent and Merciful,
for His blessings.

I am genuinely grateful to my supervisor, Prof. Dr. Cihan KALELI and, co-
supervisor, Assist. Prof. Dr. Burcu YILMAZEL, for their support and direction during
my research. It would not have been possible without their assistance. I consider it a great
honor for me to work under their supervision.

I would like to acknowledge the appreciation and constructive feedback provided
by Prof. Dr. Serkan GUNAL and Assist. Prof. Dr. Ziihal KARTAL during the
committee meetings, which motivated me to work harder.

Additionally, I am very grateful to Assoc. Prof. Dr. Alper BILGE and Assist. Prof.
Dr. Tugba TURKOGLU KAYA for their valuable contributions to my dissertation
committee.

I am deeply grateful for the love, support and prayers of my parents, especially my
beloved father Muhammad AFZAL, as well as my siblings, throughout my life. I also
appreciate the unwavering support and tolerance of my partner, Mansab Ali MOON,
during my research studies. And, a special note of love and thanks goes to my beloved
son ABDURRAHMAN who cheers me up every morning with his sweet and bright
smile.

Lastly, I am greatly indebted to to the TURKIYE BURSLARI program, funded
by the Government of Turkey, for providing me the financial support needed to complete

my doctoral studies. This invaluable platform made my PhD journey possible.

Ifra AFZAL

VI



09/08/2024

STATEMENT OF COMPLIANCE WITH ETHICAL PRINCIPLES AND RULES

I hereby truthfully declare that this thesis is an original work prepared by me; that
I have behaved in accordance with the scientific ethical principles and rules throughout
the stages of preparation, data collection, analysis and presentation of my work; that |
have cited the sources of all the data and information that could be obtained within the
scope of this study, and included these sources in the references section; and that this
study has been scanned for plagiarism with “scientific plagiarism detection program”
used by Eskisehir Technical University, and that “it does not have any plagiarism”
whatsoever. I also declare that, if a case contrary to my declaration is detected in my work
at any time, I hereby express my consent to all the ethical and legal consequences that are

involved.

Ifra AFZAL

VII



CONTENTS

Page
HEADER PAGE ...ucuoiiiiiinninnnsicsnissnnssissssssssssssssisssssssssssssssssssssssssssssssssssssssssssssssss I
FINAL APPROVAL FOR THESIS ....uuconiiniirinnninsnnssnnsanssnsssesssssssssssssssssssssssssssssssssses II
SUPERVISOR APPROVAL I
ABSTRACT v
OZET \'
ACKNOWLEDGEMENTS VI
STATEMENT OF COMPLIANCE WITH ETHICAL PRINCIPLES AND
RULES VII
CONTENTS ..uuoiiiiiiniinninsnnississsnssssssssssssssssssssssssssssssssssssssssssssssssssessssssssesssssssssssns VIII
LIST OF TABLES ....cciiiiiinninininsnninsisssnsssissssesssissssssssssssssssssssssssssssssssssssssssssss X
LIST OF FIGURES XI
GLOSSARY OF SYMBOLS AND ABBREVIATIONS XIII
1. INTRODUCTION ..ccuiiiiiinniisnissnnisssissncsssnsssssssssssssesssssssssssssssssessssssssssssssssssssssssasess 1
1.1. Traditional Types of Recommender SyStem ..........cccceeeesurescnissancssnnssancssscsnnns 1
1.1.1. Content-based recommendation systems 2
1.1.2. Collaborative filtering 2
1.1.3. Knowledge -based recommendation systems 2
1.1.4. Demographic -based recommendation SYStems.........cceeeeeseecsunccsurcssesnnen 2
1.1.5. Hybrid recommendation systems 2
1.2. Challenges and Issues in Traditional Recommendation Systems................... 3
1.2.1. Cold Start Problem .........cceeecisnccssnncsssnsessnscsssssssssssssssssssssssssssssssasssssassssnss 3
1.2.2. Privacy 3
1.2.3. Sparsity 3
1.2.4. Scalability .4
1.2.5. Shilling attacks 4
1.3. Problem Statement 4
1.4. Research Questions 6

VIII



1.5. Dissertation Contributions

1.6. Organization of the Dissertation 8
2. FUNDAMENTALS OF CONTEXT-AWARE RECOMMENDER
SYSTEM AND MULTI-CRITERIA RECOMMENDER SYSTEM..........ccceeceeuunnnes 9
2.1. Context-Aware Recommender System 9
2.2. Multi-Criteria Recommender System 18
3. LITERATURE ON CONTEXT-AWARE MULTI-CRITERIA
RECOMMENDER SYSTEM. .....cccovviinniicnsnicsssnissssnisssssssssssesssssssssssssssssssssssssssssssssasas 26
4. AN APPROACH FOR MULTI-CONTEXT MULTI-CRITERIA
RECOMMENDER SYSTEM BASED ON DEEP LEARNING 32
5. EXPERIMENTAL EVALUATION.....cccuvicesiicssncsssancsssssessssesssasssssasssssassssssssssases 39
5.1. Datasets and Evaluation Metrics .39
5.2. Implementation Details 40
5.3. Experimental Methodology 42
6. RESULTS AND DISCUSSION ....uuuiiiiiiiiinsnnnsnnssnncsssisssnsssssssssessssssssssssssssessssssssess 44
7. CONCLUSION AND FUTURE WORK 52
REFERENCES 54
APPENDIX
CURRICULUM VITAE

IX



Table 2.1.
Table 2.2.
Table 2.3.
Table 2.4.
Table 2.5.
Table 2.6.
Table 3.1.
Table S.1.
Table 5.2.
Table 6.1.

Table 6.2.

LIST OF TABLES

Page
Contextual rating On reStAUTANT .........coouveeiuierieriienieeiee st 10
CARS using DL teChniqUeS ..........ceoueeriiiiiiiiiiiiieniceeee e 17
Representation of multi-criteria ratings .........ccccceeevveeriveeniieeniiieeniieenieeene 19
MCRS tEChNIGUES ....eveeeiiiiiiiieeite ettt 21
MCRS using ML teChniqUes.........ccceeiiiiiiiiiiiiiiericeeeeeee e 23
MCRS using DL teChniqUeS .........ccceeriiiiiiiiiiiiieniceeeseeeee e 24
CMRS studies with their Imitations..........ccoceeeveeriernienieeieenieeeeneeeeee 30
Dataset deSCIIPLON ......eevvieiriieeriieerite et et e et et eeeireesiree st eesbeeesbeeenes 39
DINN SEELINES ..eeeuvteeeiiieeeiiteeeite et e st e st e ettt e ettt e ettt e ebeeesabteesabeeesabeeesaneenans 41
Comparative performance of proposed models with various predictive
models on TripAdviSOr dataSet .........ccoceieriiieriiieeriiieeniie et 44
Comparative performance of proposed models with various predictive
models on ITM-Rec dataset.........coocueeeriiiiiiiiiiiiiiiiiiiceeecceeeeee 45



LIST OF FIGURES

Page

Figure 1.1. Types of recommender SYStEIMS ..........eeeruveeerieeerireeniereenieeeeieeesreeesveeennveens 1
Figure 2.1, Pre-filtering.......ooooiiiiiiieeee e 12
Figure 2.2, POSt-fIlteriNg ......cccveiiiiiiiiieeiieeeeee et e 12
Figure 2.3. Contextual modelling ..........cccceeeiiiiriiiiniiieiiceeeeeee e 12
Figure 2.4. Classification of CARS teChniques ..........cccceevveeeviiieeiieeeieeeee e 13
Figure 4.1. Operational framework of the proposed model..............ccceevevieencrirenreennnne. 36
Figure 5.1. Flowchart of the DNN-based MCOMCRS. .........cccooviiiiiiiiiiiiiinieeeieeee 42
Figure 6.1. Model SUMMATY ........ccceiiiiiiiiiieeiieeeiieeeeeeeee et stee e e e sibee e e e 47
Figure 6.2. MCoMCRS on TripAdvisor: plot of the training vs validation loss

with multiple learning rates ........c..ccoovieiiiiiiiiiiiniieeeeee 48
Figure 6.3. MCoMCRS on ITM-Rec: plot of the training vs validation loss with

multiple 1€arning rates.........c.eoevieeriiieeiieeiieeeiieeeiee et 48
Figure 6.4. Performance of MCoMCRS against other groups of algorithms on the

TripAdvisor dataset, in terms of MAE .........ccoooiiiiiiiiiiiceee 49
Figure 6.5. Performance of MCoMCRS against other groups of algorithms on the

TripAdvisor dataset, in terms of RMAE.........ccccooiiiiiiiiiniieeeeee 50
Figure 6.6. Performance of MCoMCRS against other groups of algorithms on the

ITM-Rec dataset, in terms Of MAE .........oooviiiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeeeeeees 50

Figure 6.7. Performance of MCoMCRS against other groups of algorithms on the

ITM-Rec dataset, in terms Of RMAE ........euooiiiiiiieeeeee e 50
Figure 0.1. MCoMCRS on ITM: plot of the training vs validation loss with 0.001

JEAINING TALES ..ottt s e 60
Figure 0.2. MCoMCRS on TripAdvisor: plot of the training vs validation loss

With 0.001 1€arning rateS.......ccccuveeereeeriieeriieeeiieeeieeesiteeeieeesbeeesbeeesbeeenes 60
Figure 0.3. MCoMCRS on ITM: plot of the training vs validation loss with 0.01

JEAINING TALES ..ottt e 60
Figure 0.4. MCoMCRS on TripAdvisor: plot of the training vs validation loss

With 0.01 1€arning TateS......c..eeeruiieeiieeeiiieeeiiee e e eieeeereeeereeesbeeeeaeeesbeeens 61
Figure 0.5. MCoMCRS on ITM: plot of the training vs validation loss with 0.1

JEAINING TALES ....eeiveeniieeiieeieerte ettt 61

XI



Figure 0.6. MCoMCRS on TripAdvisor: plot of the training vs validation loss

With 0.1 1€arning Tates......ccovtiriiieieiiieeiieeeiteeeee ettt 61

Figure 0.7. MCoMCRS on ITM: plot of the training vs validation loss with 0.5

JEAINING TALES ..ottt ettt et s e e 62

Figure 0.8. MCoMCRS on TripAdvisor: plot of the training vs validation loss

with 0.5 learning rates

XII



AE
AEMC
AHP
ANFIS
CAMF
CAMF-C
CAMEF-CI
CAMF-CU
CARS

CB

CF
CMRS
CNN
CRESC
CRMC
DA

DB

DL
DL-CARS
DL-MCRS
DNNs

DS

FM

FNB
GNN

GP
HOSVD
IBCF
IMCCF
IR

LR

GLOSSARY OF SYMBOLS AND ABBREVIATIONS

Auto Encoder

Auto Encoder Multi-Criteria

Analytical Hierarchy Process

Adaptive Neuro-Fuzzy Inference Systems
Context-Aware Matrix Factorization

Context-Aware Matrix Factorization Context
Context-Aware Matrix Factorization Context-Item
Context-Aware Matrix Factorization Context-User
Context-Aware Recommender System

Content Based

Collaborative Filtering

Context-Aware Multi-Criteria Recommender System
Convolutional Neural Network

Contextual Rating Enriched by Similar Communities
Contextual Rating Multi-Criteria Communities

Data Analytics

Database

Deep Learning

Deep Learning based Context-Aware Recommender System

Deep Learning based Multi-Criteria Recommender System

Deep Neural Networks

Data Science

Factorization Machine

Fuzzy Naive Bayesian

Graph Neural Network

Genetic Programming

Higher-Order Singular Value Decomposition
Item-Based Collaborative Filtering

Item-Based Multi-Criteria Collaborative Filtering
Information Retrieval

Linear Regression

XIII



MAE
MC-CF
MCoMC
MCoMCRS
MCRS
MD

MF

ML
MLP
NCF
POI
ReLU
RMSE
RNN
RSs
SCoMCRS
SCoRS
SVD

TF
UBCF
UTAUT

Mean Absolute Error

Multi-Criteria Collaborative Filtering
Multi-Context Multi-Criteria

Multi-Context Multi-Criteria Recommender System
Multi-Criteria Recommender System
Multi-Dimensional

Matrix Factorization

Machine Learning

Multi Layer Perceptron

Neural Collaborative Filtering

Point of Interest

Rectified Linear Unit

Root Mean Square Error

Recurrent Neural Network

Recommender Systems

Single-Context Multi-Criteria Recommender System
Single-Context Recommender System

Singular Value Decomposition

Tensor Factorization

User-Based Collaborative Filtering

Unified Theory of Acceptance and Use of Technology

X1V



1. INTRODUCTION

In the decade of big data, the World Wide Web has been expanding dramatically
many websites (including Google, Yahoo!, Amazon, YouTube, Netflix, and others) have
steadily grown in size and complexity, making it harder and longer for their users to find
the items that they want. User-specific suggestions for items they might like are provided
by RSs (Gunes et al., 2014). At the beginning of the 90s, RSs were initially contrived
(Goldberg et al., 1992), and are now considered to be part of an independent research
field from Information Retrieval (IR) (Herlocker et al., 2000). The importance of
recommender systems cannot be denied, as they are considered an integral tool in filtering
online content. These systems have evolved from a luxury to a necessity. RSs analyze
users’ preferences and behaviors to help them find relevant goods, services, and content.
It has been widely used in a variety of applications. For example, movies (Netflix), e-
news (Yahoo! News Today), music (Spotify), e-commerce (Amazon.com), social
networks (Facebook), tourism (TripAdvisor), etc. Traditional recommendation systems
primarily employ a variety of approaches to predict user preferences, including Content-
Based (CB) filtering, Collaborative Filtering (CF), knowledge-based methods,
demographic-based methods, and hybrid recommendation approaches (Manouselis et al.,
2010),(Bobadilla et al., 2013). In the following section, a brief introduction and
challenges of these RSs are discussed.
1.1. Traditional Types of Recommender System
Recommender systems can be categorized into various types based on the methodological
approaches utilized to generate recommendations. A visual overview of the RS types is

presented in Figure 1.1.

Content Based

Demographic
Based

Knowledge
Based

Traditional Types

Hybrid

Collaborative
Filtering

Figure 1.1. Types of recommender systems



1.1.1. Content-based recommendation systems

Content-based recommendation systems suggest products based on the features of
the items and the user's past activities with similar items. These systems analyze the
content of the items and compare it to a user's profile, which is composed of their
preferences and past actions (Lops et al., 2011). For instance, a news recommendation
system that suggests articles to a user based on their previous reading and preference
history. This is done by analyzing the relevant keywords and topical content.
1.1.2. Collaborative filtering

Collaborative filtering systems make recommendations by investigating patterns of
user behavior such as ratings, clicks or purchases histories in order to identify similarities
between users or items (Schafer et al., 2007). There are two primary types of collaborative
filtering: 1) User-based Collaborative Filtering (UBCF) and 2) Item-based Collaborative
Filtering (IBCF). UBCF methods recommend items that have been preferred by users
with similar preferences while IBCF methods recommend items similar to those a user
has liked previously.
1.1.3. Knowledge -based recommendation systems

Knowledge-based RSs leverage domain expertise about users and items to provide
personalized recommendations (Burke, 2013). These systems often employ rule-based
approaches or case-based reasoning to align user needs with product features. For
instance, a financial services recommendation system may suggest investment products
tailored to a user's financial objectives and risk profile.
1.1.4. Demographic -based recommendation systems

Demographic-based RSs leverage user demographic data (age, sex, income,
education etc.,) to categorize users and provide recommendations tailored to these
demographic groupings (Safoury & Salah, 2013). This approach assumes that users with
similar demographic data have similar preferences. For instance, an advertising
companies that targets ads according to user demographics information.
1.1.5. Hybrid recommendation systems

Hybrid recommendation systems integrate multiple recommendation techniques to
capitalize on their respective advantages and offset their individual limitations. These

hybrid techniques can combine content-based RS with CF, or knowledge-based RSs.



1.2. Challenges and Issues in Traditional Recommendation Systems

Following are some commonly found challenges in traditional recommender
system.
1.2.1. Cold start problem

Cold start problems occur when new users or items are added to the system. As a
result, it becomes more difficult to predict either the taste or the purchase behavior of new
users, which results in less accurate recommendations. A number of solutions can be
found to resolve the cold-start problem, including asking the user to rate certain items at
the beginning, asking the users to express their preferences, or suggesting items based on
the collected demographic information. Traditional recommendation system approaches
are unable to accomplish this due to the inherent limitations of their underlying
methodologies (Lika et al., 2014). The employment of advanced recommendation system
techniques, like context-aware recommender Systems and multi-criteria recommender
system, which leverage more comprehensive user data, has resulted in enhanced
recommendation accuracy (Vu & Le, 2023).
1.2.2. Privacy

Providing personal information to recommender systems leads to better
recommendation services, but may pose privacy and security risks. The problem of data
privacy makes users uneasy about feeding data into recommender systems. Therefore, a
recommender system should create trust among its users. Traditional recommender
systems such as Collaborative Filtering are more prone to such issues because user data
is stored in a central repository which may cause misuse of data (Shao & Xie, 2019),
(Polat & Du, 2005).
1.2.3. Sparsity

A large amount of data about items in the catalog and the lack of willingness of
users to rate items lead to a dispersed profile matrix, creating less accurate
recommendations. Items are difficult to predict accurately because of the sparse rating. It
can be extremely challenging to provide accurate recommendations for very few rated
items that have multidimensional vectors (Y. Zhang & Wang, 2010). There are several
approaches to deal with this situation, including multidimensional recommendation
models (Batmaz & Kaleli, 2019). But this problem still needs to be addressed because,

with the growing use of social media, data is becoming more sparse.



1.2.4. Scalability

A scalability issue arises when the number of users and items in the system exceeds
the performance limits of traditional recommendation algorithms. As a result,
computational resources needed for processing become exceedingly high. To maximize
scalability, the original user-item rating matrix can be expanded to include additional
information such as user profiles, user social network activities, etc., which would then
enable the use of more advanced algorithms (Unger et al., 2020).
1.2.5. Shilling attacks

Shilling attacks occur when a malicious user or a competitor enters in a system and
starts giving false ratings to the items. The purpose of giving false ratings to some items
is to either increase or decrease their popularity (F. Zhang, 2010). RSs are vulnerable to
these attacks which can damage their trustworthiness as well as reduce the
recommendation quality and performance. CF techniques are a significant area of concern
in shilling attacks. Several methods can be employed to identify malicious activities and
a range of techniques can be used to identify and mitigate attacks (Gunes et al., 2014).
1.3. Problem Statement

The traditional recommendation system, which is a two-dimensional recommender
system, generates a list of suggestions based on user preferences. However, this approach
has limitations as it only considers 2D of information about users and items. Moreover,
traditional recommendation algorithms usually have cold start, data sparsity and
scalability problems resulting in incorrect predictions on top of the recommendations
suggested. Therefore, the accuracy of user recommendations is still a major academic
problem to improve. During the past decade, there have been recommended techniques
proposed by researchers to solve this issue. Multi-Criteria Recommender Systems
(MCRS) and Context-Aware Recommender System (CARS) suggest few of such
approaches that improved recommendation performance. MCRSs improve suggestions
by taking into account multiple user preferences while CARSs incorporate contextual
information such as time, location, and mood. Both individual RS approaches have shown
promising results in many studies (Santana & Domingues, 2020), (Bilge & Kaleli, 2014).
However, integrating these approaches is difficult and presents an opportunity for
innovation despite the best of their capabilities. In the problem statement we investigate

how MCRS and CARS can be integrated in single framework: Multi-context Multi-



Criteria Recommender System (MCoMCRS). The study uses Deep Neural Networks
(DNNs) to improve the precision of recommendations.

The efficiency of the model is a critical concern. The traditional practice of using
separate models to integrate CARS and MCRS suffers in efficiency (Vu & Le, 2023).
Most of the above-mentioned models are Machine Learning (ML) based. So, the
implementation of separate models for CARS and MCRS is a complex process in these
models (Zheng et al., 2019). Traditionally, ML algorithms deal with feature extraction
and classification separately. Therefore, to train, maintain and test two separate models
often increase the computational cost of these approaches. Also, using separate models
affects the ability to understand the primary motivation behind the system's
recommendations. Considering all these limitations, we have proposed a unified model
to handle both types of data (multi-context data and multiple criteria ratings), which
reduces the computational burden and simplifies deployment.

An important limitation of existing integrated MCRS and CARS studies is their
inability to fully capture the complete context of user needs (Rodriguez & Viktor, 2013),
(Vu & Le, 2023), (Ramchandani et al., 2020). A single context, such as location or time,
is typically examined in these studies while other contexts which can play a significant
role in recommendations are ignored. This narrow focus can significantly impair the
quality of recommendations. For instance, a user looking for a movie to watch on a
weekend. A location-based CARS may only suggest nearby theaters, rather than
suggesting a family friend's movie based on the user's current contextual preference.

Existing integration also faces the challenge of merging the diverse data
requirements of CARS and MCRS. However, handling large-scale data efficiently is
crucial, particularly when there is a need to process multi-context and multiple criteria
information simultaneously. Moreover, the contextual embedding process is also
important in CARS, as analyzing and evaluating contextual information is challenging.
Similarly, making recommendations is difficult when the data is multi-dimensional and
complex due to the presence of multiple ratings in MCRS.

The contribution of this thesis is to develop a unified DNN that integrates the
processes of context embedding and recommendation generation that based on multiple
ratings with accurate results. Through a DNN architecture, the MCoMCRS framework

addresses above mentioned limitations. There are several advantages to this unified model



that are discussed in Dissertation Contribution Section. We will learn more about the
problem in the coming chapters.
1.4. Research Questions
The vast volume of data available on the internet has undoubtedly become a
challenge for conducting effective and relevant searches. Online activities have become
a fundamental necessity, as exemplified by the increased preference for online shopping
during the COVID-19 pandemic. Consequently, the need for more accurate and relevant
item recommendations on the internet has become a ubiquitous aspect of daily life. To
address this issue, we have proposed a novel method based on Deep Learning (DL),
MCoMCRS, which integrates well-known approaches in the field of recommender
systems, CARS and MCRS. The key research questions are:
L. Does the proposed model deliver improved performance outcomes
compared to the non-contextual RS?
il. Does our approach more effective than MCRS based on ML technique?
1ii. Is our proposed approach superior to single-context and multi-context
CARS techniques that typically use traditional ML algorithms?
iv. Does our unified DNN model outperformed when it compared to individual
DL-based CARS and DL-based MCRS models?
V. Additionally, is the performance of MCoMCRS more favorable compared
to the DL-based single-context with MCRS?
Vi. How can the DNN model be trained efficiently given the large and
potentially sparse datasets typical of recommender systems?
vii.  Is this unified DNN model overfitted to large complex datasets?
viii. How can the robustness of the unified DNN model be ensured when
handling multi-context and multi-criteria data?
To answer these questions, we need to compare the performance of the proposed
MCoMCRS system with traditional and existing recommendation systems.
1.5. Dissertation Contributions
A novel DL-based approach proposed by (Afzal et al., 2024) integrates multiple
contextual conditions and multi-criteria ratings. This advanced unification allows us to
leverage multiple contextual features and preference criteria to provide more personalized

recommendations.



The study utilized a single DNN model to more accurately predict the overall rating.
We evaluate the performance of our approach with a real-world dataset in comparison to
state-of-the-art methods published in related literature. This rigorous evaluation shows
the benefits and performances of the proposed method. Also, we perform a comparative
analysis of our MCoMCRS approach with a single context-based MCRS. The results
indicate the importance of using multiple contextual conditions in recommendation tasks.
The contribution of the dissertation is discussed as follows.

First, the proposed MCoMCRS obtains a deeper understanding of user needs by
considering information from multiple contexts, allowing it to provide more personalized
recommendations. Second, comparing the MCoMCRS to discrete models of CARS and
MCRS, achieves efficient learning and improves interpretability. This integrated
framework simplifies the broader system design and enhances the understanding of how
multiple contextual conditions and different user preferences influence the final
recommendations. Additionally, this proposed method mitigates the computational cost
compared to developing and maintaining two unconnected model for CARS and MCRS.

The concept of integration is obtained from traditional ML algorithms, where
feature extraction and integration are separate tasks. DNNs perform these tasks as one
operation using complex data from various sources. It can capture intricate relationships
between multi-criteria ratings and contexts through extensive training. In other words, a
single DNN model handles both multi-contextual and multi-criteria information to deliver
personalized content seamlessly.

Our model has exhibited adaptability across an array of applications involving
multidimensional user preferences. This is evidenced by the successful implementation
and assessment of the model on multiple data sources such as travel and educational
domains, underscoring the model's robustness and adaptability.

Various studies (Yeung et al., 2012), (Gasparic & Ricci, 2015), (Nguyen & Nguyen,
2015), (Ashley-Dejo et al., 2016), (Toledo et al., 2019), (Ramchandani et al., 2020),
(Sassi et al., 2021), (Zheng, 2019a), (Zheng et al., 2019), (Dridi et al., 2022), (Dridi et
al., 2019), (Rodriguez & Viktor, 2013), (Vu & Le, 2023) explored combining CARS
and MCRS. However, most research focused on single contexts and primarily used
traditional ML methods. This indicates to further explore the integration of CARS and
MCRS using DL. To date, no literature review has analyzed the integration of Context-

aware Multi-criteria Recommender Systems (CMRS). This study also aims to address



this gap by providing a targeted examination of CMRS as discussed in Chapter 3. It
emphasizes how integrating context awareness and multi-criteria approaches can
meaningfully contribute in the improvement of recommendation accuracy.
1.6. Organization of the Dissertation

Chapter 2 explains the background of context-aware recommender systems and
multi-criteria recommender systems. Chapter 3 presents a detailed description and
analysis of the integration of the context-aware multi-criteria recommender system. The
deep learning-based multi-context aware multi-criteria recommender system proposed in
this dissertation is thoroughly detailed in Chapter 4. Chapter 5 presents the experimental
evaluation of the proposed technique, and Chapter 6 discusses the results, analysis, and
insights gained from this technique. Finally, the dissertation concludes with an

exploration of future research directions in Chapter 7.



2. FUNDAMENTALS OF CONTEXT-AWARE RECOMMENDER SYSTEM
AND MULTI-CRITERIA RECOMMENDER SYSTEM

The two primary approaches in the field of recommender systems are context-aware
recommender systems and multi-criteria recommender systems. It is essential to begin
with a discussion of these approaches in order to understand how they can be integrated.

This chapter presents a detailed examination of CARS and MCRS.

2.1. Context-Aware Recommender System

(Abowd et al., 1999) defined “context” as any information that can be used to
characterize an object’s situation. So, CARS takes advantage of contextual situations
(such as time, weather, and location) that influence user preferences to optimize the value
of recommendations. RSs need to be aware of context because user preferences vary
according to the context. Contextual information was originally added as additional
information to recommender systems (Adomavicius & Tuzhilin, 2005a), and they
demonstrated how it significantly impacted the effectiveness of recommendations. Up to
now, CARS has played a significant role in recommendation systems and considerably
improved RS performance in various domains. After adding context into two-dimensional

RS, the rating function of CARS becomes,

R:User X Item X C{ X C, X (3 X ...X C, = Rating 2.1

Where C; to C,, indicate contextual conditions.

In order to clarify how contextual factors, affect recommendations, let's take a look
at an example. There are two users Ul and U2, two restaurants R1 and R2, and three
different contexts with their contextual conditions. The location (home, work), weather
(sunny, cloudy, rainy, snowing), and mood (happy, sad, angry, surprise) are presented in
Table 2.1. In different contexts, the same user provides different ratings for the same
restaurants. It is clear from Table 2.1 that context is important for suggestions. For
example, Ul rates R1 differently based on context (Home, Sunny, Happy) than context
(Work, Snowing, Anger), even if it is the same restaurant. It is also the case with U2. We
can see from these illustrations that contextual information can significantly affect the
results of recommendations because users need to be provided relevant recommendations

according to their location, time, current activity, emotional state and past behaviors.



Table 2.1. Contextual rating on restaurant

User Item Rating Mood Location Weather
Ul R1 2 Happy Home Sunny
U2 R2 5 Sad Work Cloudy
Ul R1 4 Angry Work Snowing
U2 R2 3 Surprise Home Rainy

The integration of contextual information is vital for enhancing the functionality
and efficacy of recommender systems. By incorporating contextual data, CARS can
deliver highly personalized, relevant, and timely recommendations. Following is a
discussion of how context is important in the RS.

Incorporating contextual information enables CARS to deliver highly personalized
recommendations that are more relevant and appealing to users based on their current
situation. For instance, a user may prefer different types of books when traveling in the
morning as compared to reading at home at night.

Contextual information in RS supports users to make more informed decisions by
offering suitable options for their circumstances. For example, based on the user's fitness
level, he/she could be advised to eat lighter meals during lunchtime or more intensive
workout routines.

Context factors can also help to determine and filter out those recommendations
that are unlikely, inappropriate, or irrelevant for a specific context. For example, to
suggest outdoor activities, but not in the case of bad weather.

To better understand the usually complex and multi-faceted demands of users,
contextual information is essential. In fact, by considering a variety of context related
factors, CARS creates recommendations that are more suited to user-specific needs.

Moreover, the use of contextual information gives a more detailed perspective
towards how users are behaving which might not look obvious in traditional
recommendation techniques.

The context allows recommender systems to adapt dynamically to changes in user
behavior and the environment. Adapting recommendations in real-time ensures that they
remain relevant as the user's situation changes. For example, an event or restaurant that

is near your location can be suggested through a location-based service.
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For new users with limited interaction history, contextual data can be pivotal in
generating initial recommendations. For instance, location-based suggestions can be
provided even when the user has not disclosed substantial personal information.
Contextual factors assist in addressing the cold start challenge by leveraging external
contextual data, such as current geographic location or device type.

After understanding the context and its importance, it is necessary to know the types
of contexts because in the recommendation process this categorization help us how to use
contextual information under different circumstances. According to changing behavior,
context can be categorized as static and dynamic. While one the basis of how much a
recommender system know about context it can be classified as fully observable, partially
observable and unobservable context (Zheng & Mobasher, 2018).

In the development of a recommender system, the first step is to collect contextual
data. The process of gathering contextual information is referred as context acquisition.
This can be done using explicit, implicit, and inferential methods (Suhaim & Berri, 2021).
The explicit context acquisition is directly by the user e.g., asking questions to the users.
On the other hand, the implicit acquisition consists of identifying and extracting hidden
information or factors that influence the user. For instance, mobile devices constantly
obtain user location. The majority of implicit factors are dynamic. Therefore, it is difficult
to handle them and also have significant impact on the performance of recommendation
system. To acquire the context information through inference, advanced approaches
including data mining, statistical computations, and artificial intelligence algorithms are
used (Salau et al., 2022).

When the context acquisition process is done the next step is how and when to use
this context in recommendation process. The context-aware recommendation contains
three different paradigms for integration, including pre-filtering, post-filtering, and
contextual modeling (Campos et al., 2013), (Haruna et al., 2017). In pre-filtering (shown
in Figure 2.1), the dataset is filtered before applying conventional recommendation
algorithms with the help of contextual information. (Adomavicius & Tuzhilin, 2005) is
an illustration of prefiltering in which all prioritized suggestions are calculated using
traditional techniques such as CF, and then, based on contextual information, they are re-
ranked for each user. In post-filtering (shown in Figure 2.2), a conventional 2D
recommendation system is used to predict the ratings by ignoring the contextual

information initially, adjusting as the last step the resulting set of recommendations for
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each user by using contextual information (Panniello et al., 2009). The contextual
modeling (shown in Figure 2.3), directly incorporates contextual information as a
significant component of the 2D recommendation system. Pre-filtering and contextual
modeling are the most popular and effective methods of building CARS, while post-

filtering is rarely researched.

L
L Contextualized
Data
L
Recommendation
L Contextual
Recommendation

Figure 2.1. Pre-filtering

Contextual
Recommendation

Figure 2.2. Post-filtering

Data

Context

Contextual
Recommendation

Figure 2.3. Contextual modelling

Here we provide a comprehensive overview of the diverse techniques employed in

the development of recent CARS based on DL from 2018 to 2024. Additionally, a brief
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discussion on traditional RS techniques in CARSs also part of this section. The Figure
2.4 provides a visual representation of these techniques. The studies reviewed in Table

2.2 are categorized based on the different techniques utilized in DL based CARS.

CARS Technigques

Traditional State-of-Art
Technigues Techniques

L Content Based L Deep Leamning

Collaborative
Filtering

L Hybrid

Figure 2.4. Classification of CARS techniques

In traditional recommender systems, recommendations are generated based on user
preferences, item characteristics, and user-item interactions. CF, CB, and Hybrid
approaches are often used in these systems. This section discusses how we can utilize
these traditional techniques to combine additional information in the form of context.

The CB is a widely used recommendation approach based on a classic 2D
recommender system. The main concept underlying this method is to use the content of
each item to make recommendations. It leverages user preferences and item attributes to
identify items that are similar to those the user has liked previously. With the flexibility
of accepting more information into the recommendation process, contextual data can be
integrated into CB.

CB CARS starts with identifying elements in the available data that will define the
common dimensional space for describing item characteristics and user preferences. The

rating R(u, i) in content-based recommender systems is defined in Eq. (2.2).

R(u,i) = (user profile(u), context(i)) (2.2)
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u : u represent user profile that represents the user's preferences, behavior, past
interactions with the system, and other relevant information that can assist in
understanding the user's tastes and interests.

i: represents the context of the item. Context of the items includes features of the
item as well as external variables that may impact the user's interaction with the items.

This traditional CARS approach uses various techniques, such as TF-IDF,
ontology-based methods, clustering algorithms, Matrix Factorization (MF), probabilistic
models, and Tensor Factorization (TF) to build user profiles and suggest relevant items.

Another traditional approach, collaborative filtering is widely used in CARS. The
CF method is capable of serving common items to users, as it allows simple
communication among people who have the same tastes and preferences. This popular
recommendation approach includes primarily two different methods: the memory-based
and the model-based (Ricci et al., 2011).

Memory-based CF is only based on user-item interactions. The core mechanism
behind this method is to find similarities between users (user-based filtering) or items
(item-based filtering) and predict what users might like. In user-based filtering, the
systems suggest things those similar users have liked before. And in item-based filtering
suggested items that users liked in the past. Distances of these similarities are often
calculated by Cosine similarity, Pearson correlation or Euclidean distance (Schafer et al.,
2007). Memory-based CF is simple to implement as it does not need to train complex
models. Although a limited number of users or items may interact in complex datasets, it
has problems with scalability and sparse data.

Model-based CF uses ML algorithm to predict user preferences. Unlike memory-
based methods which directly operate on user-item interaction data, model-based
techniques are based on algorithms such as MF, Singular Value Decomposition (SVD)
and latent factor models to unveil underlying patterns and relationships in the data
(Adomavicius & Kwon, 2007). By capturing latent features of items and users, these
models are able to predict ratings for items for which users have never interacted before.
It can handle large datasets efficiently and provide personalized recommendations with
better accuracy. However, model-based CF requires substantial computational resources
for training the models and may face cold-start problems (Lika et al., 2014), (Shao & Xie,
2019).
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The combination of multiple techniques into hybrid RSs leads to improved
recommendation accuracy. Therefore, hybrid approaches overcome the limitations of CF
and CB techniques by combining user-item profile data, including both ratings and
features.

The use of DL techniques has transformed predictive and analytical models, giving
them the ability to act as automatic learners. It makes recommendations more relevant
based on context. The main objective of developing DL-based CARS is to improve RS
significantly and address the existing issues. The existing literature has presented
different DL approaches like Deep Neural Network (DNN), Recurrent Neural Networks
(RNN), Convolutional Neural Networks (CNN), and Auto-Encoder (AE).

(Unger et al.,, 2020) proposed three deep CARS models based on explicit,
unstructured, and structured latent representations of various types of contextual data.
They empirically shown that these DL-based context-aware models outperformed other
ML-based CARS models. Another DL-based model developed by (Liao et al., 2018)
integrates multi-context data with a deep neural network model to predict user future
locations. This location-based model used both recurrent and feedforward neural
networks for identifying sequential behaviors of users with their preferences.

CF is the most widely used traditional RS technique. It is also used in CARS. A
CARS-based CF approach is presented by (Jawarneh et al., 2020) that is based on the DL
method to incorporate contextual information through a hybrid algorithm. This approach
used Neural Collaborative Filtering (NCF) and item-splitting technique to effectively
enhance contextualization in recommendations. It also improved recommendation
accuracy while handling data sparseness. DeepCARSKit (Zheng, 2022) is an open-
source, DL-based recommendation library that includes the implementation of AE,
Factorization Machines (FM), and NCF.

CNNs have become a crucial component in the field of RS. Neural Networks with
convolution layers and pooling operations are particularly suitable for processing data
structured in a grid-like structure. RS can effectively process contextual information using
CNNs because they can capture both local and global features efficiently. CNNs have
been investigated as a potential development for CARS by Gill et al. (Philosophy, 2022).
Recently, another offering of CNN in CARS was introduced by (Hien et al., 2024). They
developed a new DL model that combined CNN and MF to improve RSs. This hybrid

model combined the benefits of both methods, as a result of which the recommendations
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became more precise and personalized. The model works well with complex contextual
features and shows good results.

In the field of RS, RNNs also have an important composition like CNN. It is best
for modeling image data, as they are suitable to work on sequence type. RNNs are
different from traditional feed forward neural networks in the sense that it has loops.
Those loops have memory of previous computations. Therefore, in the field of RS
especially in CARS, the idea of RNN is to model how users past sequential behavior
affects user recent action. RNNs with the latent cross (Beutel et al., 2018) used various
contextual information inside the RNN model. Latent Cross embedded the context
information before and after RNN model hidden states. It was a model formulated in the
video domain, taking into account contextual information such as the web page, device,
and time of viewing. In (Wu et al., 2022) they applied RNNs and Multilayer perceptron
(MLP) for session-based recommendation systems. This work emphasizes utilizing
multilayer perceptron to capture the complex dependencies between user, item, and
context features. Another context-aware restaurant recommender model using Deep
RNNs (Boppana & Sandhya, 2021) achieves 99.6% accuracy.

Auto-encoder is another deep learning technique used in CARS. They are primarily
used to reduce the dimensions of input data and to extract their characteristics. (Abinaya
& Devi, 2021) proposed a context-specific sentiment analysis-based model along with
stacked AEs to enhance effective top-N recommendations. This approach combines user
ratings and reviews to address conflicting feedback and creates context-based simulated
items. It also tracks user behavior over time as well as conducts sentiment analysis to
predict user preference better. Another DL-based context-aware recommendation model
presented by (Jeong & Kim, 2022) integrates the AE and NN to extract multiple
contextual conditions and predict user preferences.

Recently, a context-aware recommendation model that considers the problem of
recommendations as link prediction in a bipartite graph was proposed by (Sattar &
Bacciu, 2023) where they present Graph Neural Networks (GNN). The model has
incorporated user nodes and item nodes along with context. They particularly focus on
the dynamic context influences on the user-item interactions. They also integrate user
opinions, static features, and context data into a unified framework. This model

significantly outperforms traditional methods by using different types of embeddings.
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Moreover, (Jeong & Kim, 2023) suggested a recommender system based on the
evolving preference of users. It used a preference transition matrix to capture the changes
in preferences of its users and segment data based on time units for temporality.

In this sub-section, we described in detail the work about context-aware
recommendation systems. It is now evident that context is crucial in making a user-based
recommendation, and the variety of methods helps employ useful types of contexts to
generate the desired output for a particular user. In the frameworks of CARS, the types
of existing methods include content-based RS, collaborative filtering, hybrid, and deep
learning. Although some of the traditional methods can be less effective, deep learning is
currently the most appropriate one in terms of dealing with complex data and obtaining

users’ patterns.

Table 2.2. CARS using DL techniques

References Context Techniques Domain
(Hien et al., 2024) MD CNN Movie
(Jeong & Kim, 2023) MD NCARS, MF Cafeteria
(Sattar & Bacciu, 2023) MD GNN Entertainment
(Wu et al., 2022) Behavior MLP, RNN News
(Philosophy, 2022) MD Synthetic Data
(Jeong & Kim, 2022) MD AE Entertainment
(Zheng, 2022) AE, FM,
NCF

(Abinaya & Devi, 2021) MD AE Shopping
(Boppana & Sandhya, 2021) MD DRNN Restaurant
(Unger et al., 2020) POI DNN Restaurant
(Jawarneh et al., 2020) Time, Location, DL-NCF Movie, Travel

Trip Type
(Liao et al., 2018) Location, Time DNN Travel
(Beutel et al., 2018) Time, Device RNN YouTube Videos

There are several reasons why traditional CB and CF systems do not necessarily
equate to CARS. CB recommendation approaches are limited by their inherent static
nature and lack of contextual understanding. These systems are not designed to
accommodate the dynamic and context-specific preferences of users, resulting in less
effective context-aware recommendation systems. For instance, a user with a preference
for action movies may have a content-based recommender suggest more titles within that
genre. However, if the user is currently seeking a family film to watch with children or

wife, the system would still recommend action movies, which may not be suitable in that
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particular context. Furthermore, traditional recommendation systems like CF often
struggle to adapt to the dynamic and context-specific preferences of users. For example,
when a user is searching for restaurant options, a traditional CF system might suggest
restaurants similar to ones the user has liked previously. However, if the user is traveling
with friend and prefers local food, or reached late at night and requires 24-hour options,
these recommendations may not be suitable. In contrast, a CARS would consider the
current situation and suggest more appropriate suggestions.

While traditional hybrid recommendation techniques integrate the benefits of CF
and CB to enhance accuracy, they fall short in adapting to dynamic and context-specific
user preferences. Without the ability to incorporate real-time contextual information,
these systems cannot fully address the diverse and evolving needs of users in different
situations. Like in the previous example, a user searching for restaurant recommendations
while traveling to a new city may prefer local food, but a traditional hybrid system may
still suggest old city restaurants that are similar to those in the user's home location,
disregarding the relevant travel context.

CARS can benefit from DL techniques by dynamically adapting to changing
contexts, handling high-dimensional and complex data, automatically learning relevant
features, learning non-linear relationships, scaling well, and incorporating diverse data
sources. Consequently, DL delivers highly personalized and contextually relevant

recommendations, surpassing traditional methods such as CB, CF, and Hybrid methods.

2.2. Multi-Criteria Recommender System

Recommender systems are commonly assessed based on a single metric, such as
the overall rating a user assigns to an item. However, this approach is limited, as users
typically consider various factors when selecting an item (Adomavicius & Tuzhilin,
2005b), (Manouselis & Costopoulou, 2007), (Adomavicius & Kwon, 2007). Multi-
criteria recommender systems seek to address this limitation by predicting item ratings
across multiple criteria, offering more detailed insights into user preferences (Bilge &
Kaleli, 2014). These multiple criteria ratings represent various and important preferences
of users. This makes MCRSs more informative and useful since they make accurate
recommendations.

The Conventional recommendation systems employ a two-dimensional matrix to
model the relationship between users and items, where a user's overall rating of an item

is denoted in Eq.(2.3).
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R:Users X Items — R, 2.3)

These systems primarily rely on the overall rating when making recommendations

to users, but the information provided by overall ratings is often inadequate to capture the

specific reasons underlying user preferences. In contrast, MCRSs aim to predict an item's

rating across multiple factors or criteria, which can provide more meaningful insights.

The various criteria ratings represent distinct and essential aspects of user preferences.

Consequently, MCRSs appear more informative and valuable as they make accurate

recommendations while considering multiple user preference dimensions, ultimately

leading to enhanced recommender system performance (Bilge & Kaleli, 2014). While

some multi-criteria recommendation systems may omit the overall rating and concentrate

solely on individual criterion ratings, the rating function in a MCRS can be formulated in

Eq. (2.4) and Eq. (2.5), irrespective of whether an overall rating is present or not.

Or

where:

R:User X Item —» Ry X Ry X R; X ....X R, 2.4)

R:User X Item - R{ X R, X R3 X ...X R, (2.5)

R, : represents the overall rating.

R, to R, : represent the MC ratings.

Incorporating multi-criteria user ratings can enhance the efficacy of

recommendation systems by reflecting the nuanced nature of user preferences. An

example of a multi-criteria rating is presented in Table 2.3.

Table 2.3. Representation of multi-criteria ratings

User Ratings
User 5 2288
User » 5 8822
User 3 6 (3399
User 4 7 (5599
User s 4 882.1)
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Let Suppose Table 2.3 contains user-item ratings data for a restaurant dataset,
where users rate restaurants based on various criteria like service, location, cleanliness,
and overall rating. These multi-criteria ratings provide a more comprehensive
understanding of user preferences, leading to more accurate recommendations. For
instance, if predictions are made for User 2, the overall rating may suggest similarity to
User 1. However, when considering multi-criteria ratings, User 2 is more similar to User
5. This shows how the overall rating can obscure users' underlying preferences for
different aspects of a particular item. Moreover, ratings based on multiple criteria can
provide more targeted and practical recommendations. Therefore, in the field of
recommender systems, the importance of MCRS has been acknowledged as a distinct
area of research and development (Adomavicius & Tuzhilin, 2005b), (Adomavicius et
al., 2011), (Manouselis & Costopoulou, 2007). Various web-based applications,
including platforms such as Buy.com, Yahoo! Movies, and Zagat's Guide, employ MCRS
to offer users efficient and reliable recommendations (Adomavicius et al., 2011).

Multi-criteria ratings have recently received great attention and found real-life
applications in the next generation of recommendation systems. An increasing number of
recommender systems have integrated their system with multi-criteria ratings to improve
the quality of recommendations produced by these systems (Zheng et al., 2019).
Therefore, a variety of recommendation techniques and algorithms targeted at
recommender systems that may benefit from multiple ratings have been developed. As
MCRSs have been developed as an extension of CF-based RSs, recommendation
techniques based on multi-criteria ratings can be divided into two types: heuristic-based,
also called memory-based and model-based approaches, all of which intend to predict and
recommend either an overall rating or individual criterion ratings. (Adomavicius et al.,
2011). The similarity in memory-based methods for multiple criteria can be calculated in
two different ways (Adomavicius & Kwon, 2007). The first approach uses a standard
method to compute the similarity between each criterion rating individually and then uses
an aggregation method, such as the average, worst-case, which aggregates the values.
And, the second way calculates the distance between multi-criteria ratings using
multidimensional distance metrics including (Euclidean, Manhattan, and Chebyshev
distance metrics). On the other hand, statistical or machine-learning methods are

frequently used by model-based approaches to construct predictive models. The learned
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model is then applied to predict the utility of unknown items for recommendation
purposes.

Various significant algorithms have been widely used in different research studies
in MCRSs based on memory and model-based techniques (Monti et al., 2021), (Wasid &
Ali, 2018). A brief literature review of MCRS techniques is also a present of this chapter,
which is divided into two sub-parts: MCRS using machine learning techniques and
MCRS using deep learning techniques. Table 2.4 lists studies using different techniques

in MCRS.
Table 2.4. MCRS techniques

Techniques References

ML (Gupta and Kant 2020), (Esteban, Zafra, and Romero 2020), (Nilashi et al. 2019),
(Zheng 2019b), (Wasid and Ali 2018), (Kant, Jhalani, and Dwivedi 2018), (Zheng 2017),
(Ranjbar Kermany and Alizadeh 2017), (Shambour, Hourani, and Fraihat 2016), (Jhalani,
Kant, and Dwivedi 2016)

DL (BATMAZ and KALELI 2022), (Shambour 2021), (Nassar, Jafar, and Rahhal
2020b), (Nassar, Jafar, and Rahhal 2020a), (Batmaz and Kaleli 2019a), (Tallapally et al.
2018), (Hassan and Hamada 2017)

Various studies that have been listed in Table 2.5, different ML techniques, such
as CF methods, regression techniques, clustering algorithms, and classification methods,
in order to increase the performance of MCRSs. These techniques have allowed
researchers to develop more sophisticated recommender systems. They may capture
better user preferences as well as understand complex relationships between items, and
provide more personalized suggestions to users.

ML-based MCRS study proposed by Kant et al. (Kant et al., 2018) leverages a
Fuzzy Naive Bayesian (FNB) approach to address the uncertainties inherent in user
preferences and the correlation-based similarity challenges encountered in traditional
collaborative filtering methods. Another, (Jhalani et al., 2016) presents a MCRS that uses
multi—Linear Regression (LR) approach to determine the weights for the different criteria
and aggregate the similarities between ratings. Further, an Item-based Multi-Criteria
Collaborative Filtering (IMCCEF) algorithm for personalized recommendation systems is
proposed by (Shambour et al., 2016). The IMCCF method leverages both the semantic
information of items and the multi-criteria ratings provided by users. It overcomes the

limitations of traditional item-based CF techniques, such as data sparsity.
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In MCRS, Genetic Programming (GP) is also used to learn weights for each
criterion. (Gupta & Kant, 2020) proposed a genetic programming-based multi-criteria RS.
Another ML-based MCRS approach is presented in (Wasid & Ali, 2018), they calculated
similarities between users based on different criteria by using Euclidean distance. After
that, results are used for k-means clustering to generate overall recommendations.
Typically, MCRS approaches predict ratings independently for each criterion, and then
aggregate them to predict user preferences. In contrast, the criteria chains approach
(Zheng, 2017) considers the interdependencies between the various criteria by predicting
the ratings for each criterion sequentially. It uses the previous predictions as contextual
information.

Some hybrid approaches based on ML are also used in MCRS. A hybrid item-based
ontological semantic filtering technique was proposed by (Ranjbar Kermany & Alizadeh,
2017). They explore the complex relationship between multi-criteria ratings and overall
ratings using demographic information. Another hybrid approach was introduced by
(Nilashi et al., 2019) to provide recommendations for travelers. This technique combines
dimensionality reduction through Higher-Order Singular Value Decomposition
(HOSVD) and predictive modeling using Adaptive Neuro-Fuzzy Inference Systems
(ANFIS). The HOSVD is employed to decompose the high-dimensional hotel rating data
and identify similarities among users, while the ANFIS is used to predict the overall
ratings. The hybrid approach (Esteban et al., 2020) for MCRS integrates CF and CB
filtering for student data. In this study, authors use a genetic algorithm to optimize the
weights of different criteria.

(Zheng, 2019b) proposed a utility-based multi-criteria recommendation algorithm
where user preferences were learnt with the help of different learning-to-rank methods.
He introduces the vector space model approach that describes similarity or distance
between a multi-criteria rating. The author also compares their utility-based models with
several baseline approaches such as matrix factorization, linear aggregation, hybrid

context, criteria chain and flexible mixture model.
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Table 2.5. MCRS using ML techniques

References Techniques Domain

(Gupta & Kant, 2020) GP-MCRS Movie

(Esteban et al., 2020) Hybrid Education
(Nilashi et al., 2019) HOSVD, ANFIS Tourism
(Zheng, 2019b) Utility-based MCRS Tourism, Movie
(Wasid & Ali, 2018) Clustering Movie

(Kant et al., 2018) FNB Movie

(Zheng, 2017) Multiple methods Movies, Tourism
(Ranjbar Kermany & Alizadeh, 2017) Ontology Movie
(Shambour et al., 2016). IMCCF Movie

(Jhalani et al., 2016) LR Movie

DL algorithms are capable of working with a large and complicated set of data as
well as complex non-linear interrelationships between multiple criteria. However, ML
algorithms like LR or MF often assume linearity and sometimes explicitly model
interactions which does not scale well. Hence, DL techniques, like DNNs, RNNs and AE
are able to realize superior performance in MCRS against ML techniques. Moreover, they
have the advanced capability to model intricate relations that are non-linear between
many factors. By applying DL techniques, MCRS can offer a more accurate and vast span
of recommendations to the users.

In MCRS, DNN is the most frequently used deep learning technique. A DNN-based
model is presented in (Hassan & Hamada, 2017). It enhances the predictive performance
of MCRS. This model is trained using simulated annealing algorithms and then integrated
it with single-rating recommender systems. A novel deep MC-CF model for
recommendation systems is proposed by (Nassar et al., 2020a). This model also used the
DNNs framework to predict the multi-criteria ratings and learns the aggregation function
between the multi-criteria ratings. Another study, (Nassar et al., 2020b) presents an MC-
CF recommendation system that integrates DNN and MF. The proposed model consists
of two components, the first one employs an integrated DNN and MF approach to predict
the multiple criteria ratings, while the second one uses a DNN to predict the overall rating.

Another DL technique is auto-encoders that enhance MCRS by reducing
dimensionality and improving prediction accuracy. An AE architecture is designed by
(Tallapally et al., 2018) to address the limitations of traditional RSs. MC ratings are used

as inputs to this model, which uses it to learn how to give better recommendations based
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on the relationship between the criteria ratings and the overall ratings. Another MCRS
approach using the AE technique is presented in (Batmaz & Kaleli, 2019). This model
predicts user ratings for each criterion independently, and a multilayer perceptron model
is used to estimate the overall rating.(BATMAZ & KALELI, 2022) also proposed a new
similarity-based MC-CF algorithm called AE-sim MCCEF that leverages AE to address
the sparsity issue in MCCF systems. The experimental findings of the proposed model
demonstrate that it can better overcome the negative effects of sparsity compared to other
baseline MCCF methods, in terms of accuracy and coverage. Another study presented in
(Shambour, 2021), is also based on AE recommendation algorithm. This algorithm is
used to capture the complex, nonlinear relationships between users and items. Table 2.6

shows MCRS that uses deep learning techniques.
Table 2.6. MCRS using DL techniques

References Techniques Domain
(BATMAZ & KALELI, 2022) AE-sim MCCF Movie
(Shambour, 2021) AEMC Movie, Tourism
(Nassar et al., 2020b) DNN & MF Tourism
(Nassar et al., 2020a) DNN Tourism
(Batmaz & Kaleli, 2019) Auto-encoder MCCF Movie
(Tallapally et al., 2018) Auto-encoder Movie, Tourism
(Hassan & Hamada, 2017) NN Tourism, Movie

In this sub-section, we provided a detailed overview of MCRSs. We conclude that
MCRS emphasizes the important role of supplementary information in generating
personalized recommendations. We also examined the capabilities of ML and DL
approaches for MCRSs. These techniques are designed to deliver tailored suggestions that
align with users' individual preferences.

MCRS that uses DL algorithms especially DNN have various benefits over
traditional ML algorithms. These benefits comprise the ability to seamlessly handle
massive amounts and variations of data, pattern discovery automatically as well
representing sophisticated non-linear correlations among multiple factors. In contrast,
many ML models such as LR or MF often make linearity assumptions and need to
explicitly model interactions which can be unwieldy and less optimal. Deep learning
algorithms also support various data sources and can scale with ease to distributed training
on large-scale datasets, fully understanding the end-to-end recommendation process. We

know that ML algorithms usually have complex coordination of different models for
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different data types. Further, does not scale well to large datasets and needs a lot of

computation and experience with optimization tricks as well.
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3. LITERATURE ON CONTEXT-AWARE MULTI-CRITERIA
RECOMMENDER SYSTEM

CARS and MCRS are shown to outperform traditional RSs for a variety of
scenarios (Odi¢ et al., 2012). Although the CARS and MCRS approaches have made
significant progress, they still need to be improved further to allow seamless
implementation in a wide range of real-time applications. The combination of these two
approaches has become a focus of recent research to improve the accuracy of results. The
integration of CARS and MCRS has already been investigated in 13 studies. However,
there is no literature review on Context-aware Multicriteria recommendation systems.

This chapter aims to argue the significance of CMRS in predicting and improving
RS performance by illustrating the efficiency gained from integrating both CARS and
MCRS that would offer a step further for enhancing accuracy. This chapter addresses
CMRS studies in the time range 2012-2023 that explore context, criteria and integration
techniques, datasets as well as evaluation metrics.

Criteria have been used as context in some studies of CMRS. Like, a context-aware
framework named JHPeer (Yeung et al., 2012) is intended to facilitate the development
of context-aware applications in mobile settings. This employs a peer-to-peer network
architecture and offers components for managing context, including sharing and
distributing context information across disparate applications. Additionally, the
framework enables the proactive delivery of information to users. The paper proposes an
AHP-MCR recommendation approach that incorporates additional contextual factors
(criteria) into the ranking process using the Analytic Hierarchy Process (AHP). The
implementation of a proactive, personalized news recommendation application is
presented to demonstrate the viability of the proposed framework and approach. Another
study (Zheng, 2019a) presented criteria as context to enhance the effectiveness of MCRS.
Evaluations of three real-world datasets reveal that the methods using criteria preferences
as context generally outperform traditional MCRS techniques.

Some studies have not explicitly defined criteria. They used context as the criteria.
(Nguyen & Nguyen, 2015) developed a CARS that leverages multi-criteria communities.
This system employs two algorithms, Contextual Rating Multi-Criteria Communities
(CRMC) and Contextual Rating Enriched by Similar Communities (CRESC), to generate
personalized recommendations based on users' dynamic contexts. CRMC identifies the

most relevant community, while CRESC enhances the selected community with similar
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communities to improve recommendation quality. (Ashley-Dejo et al., 2016) proposed a
context-aware active recommendation system for tourists that used location, time, and
weather data as context to recommend relevant destinations. The authors used a hybrid
MC-CF approach to provide personalized recommendations based on user ratings across
multiple contexts. The system architecture consists of a client-side and a server-side,
where the client transmits contextual information to the server, which then generates user
profiles to deliver personalized recommendations.

A few CMRS studies have not used real-world datasets for their experiments.
(Rodriguez & Viktor, 2013) a study introduced a personalized, location-aware multi-
criteria recommender system that constructs user preference models by considering
various factors, such as user demographics, item attributes, distance, and travel time. The
system first establishes a user profile by determining the demographic clusters the user is
associated with and the weights the user assigns to different item attributes. It then
evaluates the utility of each recommended item based on the user's location, mobility
level, and the established preference model. The performance of the system was assessed
through an offline experiment involving 30 participants. The results show that the system
can accurately identify the demographic groups a user belongs to and generate accurate
recommendations that align with the user's preferences. Another food recommendation
system presented by (Toledo et al., 2019) considers both nutritional information and user
preferences. This system uses multi-criteria decision analysis techniques such as the AHP
and AHPSort to evaluate a food's nutritional suitability based on factors like protein,
sodium, cholesterol, and saturated fats. It also takes user preferences into the
recommendation process and uses an optimization-based method to create menus. The
paper evaluates this approach through a case study.

A number of CMRS studies omitted empirical investigations. Like in (Gasparic &
Ricci, 2015), they presented an advanced command prediction system that takes into
account various criteria and contextual elements in order to improve the quality of
recommendations. With this model, users' preferences and diverse contextual factors are
combined to provide more relevant suggestions to software developers. This model is
based on the Unified Theory of Acceptance and Use of Technology (UTAUT). It
incorporates performance expectancy, effort expectancy, and social influence to
anticipate a developer’s willingness to utilize a suggested command. A developer's

acceptance probability is evaluated based on these characteristics, which are considered
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distinct criteria within the model. The authors consider four types of contexts: current
practices, environments, interactions, and the presentation of recommendations. The
study lacks experimental findings or results. (Ramchandani et al., 2020) presented a
CMRS designed for farmers. The system provides personalized recommendations based
on multi-criteria like soil fertility, crop type, soil composition, and weather conditions.
The study aims to boost productivity by making recommendations tailored to farmers'
specific needs. The system uses a weighted method to evaluate crop suitability and uses
cloud computing to make the recommendations ubiquitously accessible to farmers.
However, the study does not include empirical findings.

Most CMRS studies have been based on ML algorithms. A context-aware and
multi-criteria decision-making framework in the educational field (Zheng et al., 2019). It
explores several machine learning-based approaches to incorporate contextual
information into the processes of predicting and integrating multi-criteria ratings. The
findings indicate that the integration of CARS and MCRS can enhance recommendation
performance compared to using either approach individually. A multi-criteria context-
aware music recommendation approach is presented in (Sassi et al., 2021). This approach
addresses problems in the music recommendation process, such as playlist diversity,
scalability, and cold start. It evaluates the relevance of contextual information and uses a
weighted aggregation technique to combine user ratings. To recommend matching genres,
and generates diverse playlists it employs a clustering-based model. Experiments show
the approach outperforms traditional and context-aware baselines in precision, recall, and
F-measure. (Dridi et al., 2019) introduces a novel contextual multi-rating system
approach that simultaneously clusters users' situational contexts and the criteria by which
they evaluate items. The authors maintain that their strategy takes advantage of both
contextual information and multi-dimensional ratings to generate more precise
predictions. For the task of rating prediction, the paper employs matrix factorization as
the algorithm operating on the sub-matrices obtained from the co-clustering step. While
matrix factorization is utilized for the multi-criteria rating prediction, the specific
algorithm used for the context-aware component is not specified. Another contribution in
CMRS by Dirdi et al. (Dridi et al., 2022). They proposed an ML-based model that
leverages the relationships between users, contextual situations, and item criteria to
provide personalized recommendations. Model completion involves the following key

steps: (1) modeling the multi-dimensional data as a tripartite graph, (2) performing high-
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order co-clustering on the graph to partition users in similar contexts and their evaluated
criteria, (3) introducing an improved rating prediction method that considers user-context
dependency and criterion correlation, and (4) aggregating the predicted multi-criteria
ratings into a single overall item rating. Evaluation of real-world datasets demonstrates
the model's superior recommendation performance compared to baseline approaches of
CMRS.

A DL-based CMRS presented in (Vu & Le, 2023), This study used two DNNs. The
first model predicts criteria ratings and the second model is used for overall ratings. A
key contribution of this approach is leverages DL techniques to enhance accuracy and
personalization in context-aware MCRS. The authors used a contextual pre-filtering
method to predict criteria ratings and evaluate them individually with the DNN model.
Another DNN model is used to predict the overall rating, utilizing the output from the
initial neural network as its input. The results show that contextual pre-filtering and the
integrated DNN model outperform standalone DNN models in MCRS.

We investigated various integrated techniques for CARS and MCRS in this section.
Existing studies on integrating CARS and MCRS have primarily utilized traditional ML
techniques. However, these existing works have certain limitations, such as focusing on
a single context (e.g., only considering user preferences or item features), using context
as criteria or criteria as context without a clear distinction, lacking thorough experimental
validation to assess their performance, and relying solely on conventional ML algorithms
that may not fully capture the complex relationships between various contexts factors in

CARS and MCRS, as shown in Table 3.1.
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Table 3.1. CMRS studies with their limitations

References Context Criteria Limitations
ML
(Yeung et al., X v v Criteria
2012) were based on
context. There is no
separate context
available.
(Rodriguez & v v v A pilot study
Viktor, 2013) was conducted for
the experiment
instead of a real-time
dataset.
(Gasparic & v v v No
Ricci, 2015) empirical study was
performed.
(Nguyen & v X v Absence of
Nguyen, 2015) Multi-criteria rating.
(Ashley-Dejo v X v Criteria are
et al., 2016) not mentioned.
(Toledo et al., v v v The research
2019) was conducted
through a case
study-based
experiment, rather
than a real-time
dataset.
(Dridi et al., X v v There is no
2019) defined approach for
CARS.
(Zheng et al., v v v Researchers
2019) used traditional ML
algorithms.
(Zheng, X v v This  study
2019a) employed a single
approach, as it used
criteria  as  the
context  for its
analysis.
(Ramchandani v v 4 No
et al., 2020) experimental results
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(Sassi et al.,

2021)

(Dridi et al.,
2022)

(Vu & Le,
2023

The study is
based on traditional
ML algorithms.

This
research also used
machine-learning
techniques.

This  study
utilized a single-
context, which may
not be the most
optimal choice for
analyzing a
multidimensional

dataset in DL.
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4. AN APPROACH FOR MULTI-CONTEXT MULTI-CRITERIA
RECOMMENDER SYSTEM BASED ON DEEP LEARNING

This section presents the architecture of our proposed recommender system. It
consists of two distinct but interconnected components. First, we carefully extract
contextual conditions and multicriteria item ratings and feed them into a DNN-based
composite model. In the second phase, a sophisticated DNN-based MCoMCRS is used.
Through the processing and synthesis of multiple contextual factors and criteria-based
evaluations, this model predicts overall item ratings.

By considering the context in which the recommendation is made and multiple
criteria for evaluating items, this approach utilizes the strengths of both CARS and
MCRS. To our knowledge, our research is the first to apply multi-contextual data within
a DNN-based MCRS.

Furthermore, we observed that our proposed model leads to significant
improvements over other state-of-the-art methods based on experiments on real-world
Trip advisor and ITM-Rec datasets that will provide in chapter 6.

The Proposed Algorithm

In our study, we develop an advanced Multi-Context Multi-Criteria (MCoMC)
algorithm based on deep learning. This algorithm is characterized by a sophisticated
neural network architecture that has been carefully designed to integrate numerous
contextual variables with a multidimensional set of criteria. The primary objective of our
study is to develop a detailed and accurate projection of anticipated user preferences. The
model we have developed employs a multi-faceted rating system alongside various

contextual factors, which can be combination of Eq. (4.7) and Eq. (4.2).

R : User X Items — Cr{ X Cr, X Cr3 X ...X Cy 4.1

R : User X Items — Co; X Co, X Coz X ....X Coy 4.2)

In the first equation, we model a MCRS where function R captures the relationship
between user-item interactions and multiple criteria ratings Cr; to Cry. And, the second
equation represents a CARS, where user-item interactions are mapped to various
contextual factors Co, to Coy.

By integrating the Eq. (4.1) and Eq. (4.2), the resulting proposed formulation is
presented in Eq. (4.3).
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R: co X cr X x X y = Rating 4.3)

R signifies the predictive rating function, targeting an item y for a user x, factoring
in criteria cr within a specific context co. This integrated function offers a prediction
across various conditions. It utilizes the strengths of both CARS and MCRS by analyzing
the context of the recommendation and evaluating items based on multiple criteria.

The development of a deep learning-based MCoMC algorithm involves a
multistage process to integrate ratings derived from multiple contexts and criteria. This
process comprises four steps i) dataset preparation ii) model architecture design and
training iii) loss function formulation and iv) model evaluation. These preprocessing steps
are essential for preparing the data to maximize the effectiveness of the subsequent
modelling steps, ensuring that our model can learn from well-structured and consistent
input data. The detailed description of pseudo-code for the algorithm is delineated in
below.

This section provides a detailed analysis of each individual process of the proposed

algorithm.
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Algorithm: The proposed MCoMC algorithm

Input: dataset Rey x or x xx y € CO: context, c: rating criteria, x: user, y: item
Output € overall prediction of ratings
Phase 1: Multi-context, Multi-criteria Dataset Preparation
1) Extract the number of criteria, context, users, and items from Reg x ¢r x x x y
2) For each criterion, context Do:
a) Fill missing values with Mean
b) Split dataset into the random train, validation, and test sets
Phase 2: Deep Neural Network Construction
1) Define input and output layer sizes based on feature dimensions
2) Define the architecture of hidden layers (e.g., number of layers, neurons per layer)
3) Initialize weights (consider advanced initialization techniques)
4) Define activation function: ReLU
5) Define regularization (Dropout = 0.2, explore other regularization methods)
6) Define optimizer: Adam
7) Define loss function: MAE, RMSE
8) Define the number of epochs
Phase 3: Training Validation and Testing
1) For each epoch Do:
a) Input contexts, criteria, user, and item features into the neural
network
b) Forward pass through the layers
c¢) Calculate loss
d) Update weights and biases using backpropagation and Adam
optimizer
2) Compute the overall rating for the test set using the trained model

3) Calculate test set loss

4) Report model performance

Step 1: Multi-context, Multi-criteria Dataset Preparation

In order to construct a dataset suitable for our deep learning model, we devised a
methodical approach utilizing Python to extract and preprocess data encompassing
multiple criteria and multiple contexts. This technique is designed to be adaptable to any

dataset enhanced with diverse user-generated content, with a focus on ensuring the
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algorithm's resilience across various application domains. The preparatory process entails
several pivotal steps to optimize the data for our model:

i) Data Extraction

We extract and analyze a wide set of relevant features indicating contextual
information and multiple evaluative criteria to provide a comprehensive assessment. The
result of this analysis provides us with a comprehensive dataset in the form of multiple
contexts, multiple rating criteria, and overall ratings. The contextual situations include
time, location, and companion that influence user preferences. Whereas criteria capture
multiple aspects of rating. For example, quality, service, and value, etc. The user includes
individual identifiers for each user, while the item dimension includes unique identifiers
for each rated item. We identified at least four contextual conditions to capture user
preferences within the datasets. This results in a robust and multi-faceted dataset that
enables us to gain deeper insights into the factors, shaping user experiences and behavior.

ii) Handling Missing Values

It is essential to deal with missing values before entering data into the DNN model.
This process ensures data quality and integrity. It also improves the performance and
reliability of the model. Unhandled missing values can change the statistical properties of
the dataset, leading to biased findings and inadequate model performance. To mitigate
the effects of missing data, we employed Mean Imputation. It utilizes all available data
points, maintains dataset size, and preserves the overall data distribution. When a user
omits to provide a rating for a specific item, the dataset automatically substitutes a mean
value, maintaining continuity and uniformity in the interpretation of the data. This simple
and efficient method helps the DNN to learn meaningful patterns without disrupting the
learning process.

iii) Data Encoding

To capture and leverage contextual information, data encoding is a crucial aspect
of DNNs. This encryption leads to improved model performance, enhanced
generalization capabilities, and a strengthened ability to uncover complex relationships
within the data. We used One-hot encoding technique that converts categorical data into
a numerical format for our model. Our model treats each contextual condition as a binary
vector with a single 'l' element, making it able to process contextual data without

assuming ordinal relationships. The categorical nature of the data is preserved by this
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technique and each category is treated as a unique feature. Resultantly, this enhances the
model's ability to learn from context and improves accuracy.

iv) Feature Scaling

Normalizing the data ensures that all features receive equal attention during the
training process. It also accelerates the model's convergence and enhances its overall
effectiveness. So, we employ Min-Max scaling across all features to transform the data
into a uniform scale. This crucial step prevents the dominance of features due to their
original range, which could affect the learning process of the model.

The step-by-step process underlying our model, ranging from the preliminary stage
of data acquisition to the final stage of generating predictive outputs, is systematically

depicted in Figure 4.1.

Multi-Criteria ratings H Overall ratings

Overall Ratings
Multi-Criteria ratings
based on Multi-Contextual conditions

catenated feature yeetors

Inpul con

Input layer Hidden layers Output lyer

Figure 4.1. Operational framework of the proposed model

The initial stage of our research framework basis upon the careful compilation of
datasets. This stage captures contextual factors and multiple criteria, all of which are
subject to user ratings. This preparatory phase requires the careful construction of a
multidimensional data structure, drawing from the Trip Advisor (Batmaz & Kaleli, 2019)
and ITM-Rec (Zheng, 2023). These datasets contain several contextual variables along

with their overall ratings. We have integrated this multi-context, multi-criteria rating
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approach as a fundamental component throughout the development of our deep learning
model.

Step 2: Deep Neural Network Construction

After the preparation of the dataset, we developed a DNN-based multi-criteria and
multi-context recommendation system. This network is not just a set of layers, but a
carefully designed system of interconnected nodes. Each node plays an important role in
processing and interpreting complex data patterns. The network architecture includes an
input layer that serves as the entry point for the multi-criteria and contextual data. After
this, multiple hidden layers allow the network to discover and learn complex data
relationships. These layers are a deliberate choice based on the complexity of the dataset
and the problem at hand. For our particular application, we have chosen three hidden
layers. As an activation function, we choose the Rectified Linear Units (ReL.U), described

in Eq. (4.4).

ReLU (z) = max(0,z) (4.4)

where (z) represents any hidden layer’s input. The utilization of the ReLU
activation function is a purposeful choice because of its proven efficacy in introducing
non-linearity. By doing so, the network can model complex functions more effectively.

To strengthen the network's resilience and improve its generalization capacity, a
dropout regularization strategy with a 0.2 dropout rate is implemented, thus preventing
overfitting. Moreover, to optimize the model's performance Adam optimizer is integrated
into the network, recognized for its efficiency and robustness to noisy data.

Step 3: Loss Function

Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and other loss
functions are critical in stimulating the training activities of neural networks. The network
tries to minimize these, during its training phases. Continuous adjustment of the network's
internal parameters in the training process improves the performance of the model and
allows it eventually to converge upon the best possible setting. For target accuracy to its
desired standard, these loss functions are vital to the network's learning process.

MAE and RMSE are excellent statistical measures that provide respective rationale
to a predictive model in general. Therefore, we included these metrics in our evaluation.

Step 4: Neural Network Training and Testing
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The final stage of the model is subjected to extensive training and rigorous testing
protocols utilizing the previously compiled dataset. The dataset is purposefully divided
into distinct segments, with 70% allocated for training purposes, 10% for validation, and
the remaining 20% for testing purposes.

There are two main objectives of this phase 1) to optimize the neural network
parameters for minimal loss function values and ii) to enhance the model's predictive
performance.

Empirical investigation revealed that 150 training iterations represented the
optimal number. Following the completion of the training process, the model's predictions
integrate multiple assessment criteria and diverse contextual factors to generate an
aggregated prediction for each item, as depicted in Figure 4.1.

Step 5. Model Evaluation

As a final step, the model is thoroughly evaluated, juxtaposed against other baseline
models to determine its performance. Ascertaining the efficacy and superiority of our
proposed MCoMCRS algorithm over existing algorithms requires this comparative
analysis.

The proposed MCoMCRS integrates two promising techniques of RS to provide
more personalized and accurate recommendations. This DNN model captured the users,
items, contexts, and multiple criteria ratings to generate recommendations. The model
enables the assessment of user preferences across a wide spectrum of dimensions, which
can enhance personalization, and improve the accuracy of evaluations. This model is
particularly well-suited for applications in which wuser preferences exhibit a

multidimensional as well as influenced by contextual conditions.
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5. EXPERIMENTAL EVALUATION
The proposed technique, which uses DNN, multi-contextual data, multi criteria
ratings, must be compared to the existing methods, which use DNN on MCRS and CARS.
In this section we described a comprehensive evaluation of the proposed
MCoMCRS method, using two publicly available datasets that are discussed in the

following sections.

5.1. Datasets and Evaluation Metrics

n this section, we describe the datasets that were used for evaluating the proposed
MCoMCRS model. We also discussed the context and the scale used in these datasets.
The datasets showed that the model handled multi-criteria and multi-context data
effectively in real-world settings.

TripAdvisor and ITM-Rec datasets are used in experiments. The detailed
description of these datasets is provided in Table 5.1. Based on reviews from 3,494 users,
the TripAdvisor dataset contains 3,708 ratings across 485 hotels, sourced from(Batmaz
& Kaleli, 2019). Specifically, the datasets contain four contextual dimensions: trip
companion, trip reason, meal, and season (for example, trip companion includes nine
conditions, such as family, friend, etc.). A further six criteria are incorporated into the
dataset, namely location, cleanliness, value, rooms, service, and sleep quality, with a
rating scale of 1 to 5.

From 2017 to 2022, the ITM-Rec dataset (Zheng, 2023) includes 5,230 ratings from
454 users for 70 students. Three contextual dimensions are included: Courses (Database
(DB)/Data Science (DS)/Data Analytics (DA)/Semester (Spring and Fall) and the
lockdown periods during COVID-19 (PRE, DUR, POS). In addition to the overall score,

three criteria ratings are considered: App, Data, and Ease.

Table 5.1. Dataset description

TripAdvisor ITM-Rec
No. of Users 3494 454
No. of Items 485 70
No. of Ratings 3708 5230
Rating Scale 1-5 1-5
Contextual Dimensions 4 3
Contextual Conditions 33 8
Data Sparsity 99.78% 83.54%
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The extensive collection and multifaceted nature of these data sources underscore
the reliability and rigorous nature of our experimental results, further demonstrating the
capability of our model to effectively manage complex, large-scale data environments.

For a comprehensive evaluation of the model's performance across different
configurations, we divided each dataset into training, validation, and testing segments
using a (70/10/20) ratio respectively. It was necessary to include one-hot encoding of
categorical variables and normalization of continuous variables to ensure uniform input
scales for the neural network as a preprocessing step.

For our evaluation, we selected MAE and RMSE as the primary metrics, in
alignment with the accepted standards in the field of rating prediction studies (Shani &
Gunawardana, 2011). MAE assesses bias within ratings by quantifying the absolute
deviation between predicted and actual ratings. In contrast, RMSE emphasizes the impact
of significant errors. It represents the standard deviation between the predicted and actual

rating values. These metrics are defined in below Eq. (5.7) and Eq. (5.2), respectively,

ap — S (® —x)? 5.1
n
~ (5.2)

n

Where:

x; 1s the actual rating.

X; is the predicted rating.

n is the total amount of rating data in the testing dataset.

Therefore, lower values in both metrics indicate higher prediction accuracy.

5.2. Implementation Details

The proposed MCoMC recommendation algorithm has been developed and
implemented using the Python programming language, in conjunction with the Keras
2.11.0 and TensorFlow frameworks.

In order to find the best parameter configurations, the values of parameter have

been established as fixed constants following empirical evaluations. The process involves
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carefully analyzing the results of the evaluations and selecting the values that would give
the best overall performance.

The DNN architecture used for training the MCoMCRS datasets features an input
layer with 64 neurons and a three-layer hidden structure (128—128—64). The network
utilizes several predefined hyperparameters such as batch size of 50, the activation
function ReLLU, and a learning rate of 0.01. Moreover, the DNN model incorporates a
dropout regularization rate of 0.2 to deal with overfitting in the training process. For both
(TripAdvisor and ITM-Rec) the MCoMCRS datasets, the training was conducted over a
standardized duration of 150 epochs. A single neuron is used at output layer of network
which is responsible for generating overall rating score. The details are shown in Table
5.2. To optimize the performance and improve the accuracy of the predictions, the DNN

model employs MAE and the RMSE as the loss functions.
Table 5.2. DNN settings

Datasets Parameters Values
Input layer 64
Hidden layers (128—128—64)
TripAdvisor/ITM-Rec Dataset Output Layer 1
Batch Size 50
Epoch 150

The proposed DNN-based MCoMCRS model is visually described with the help of
a flowchart in Figure 5.1. It provides a comprehensive overview of the model's
operational framework.

The training of this DNN model includes multiple key stages. First, we
preprocessed data and partitioned it into suitable training and testing subsets. After that,
the model’s inputs are initialized, and the training process starts. On the completion of
training, the performance of the model is evaluated. To achieve the minimum error
threshold, iterative hyperparameter tuning is performed. This repetitive process ensures

the continuous refinement of the model.
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Figure 5.1. Flowchart of the DNN-based MCoMCRS.

5.3. Experimental Methodology
To validate the effectiveness of the proposed MCoMCRS model, a set of
experiments is performed on tourism and educational datasets. This section provides

benchmarking against five distinct baselines within the CARS and MCRS systems.

1. Matrix Factorization is used in the baseline SCRS (Single Criteria
Recommender System) as defined in (Koren et al., 2009).

1. In the MCRS, MF is used to predict individual criterion ratings and to
determine the weight of each criterion linear regression is used (Majumder
et al., 2017). After that, these criterion-specific ratings are combined using
linear regression to predict the overall rating..

1ii. Including single-context(Single-Context Recommender System, SCORS)
and multi-context (MultiContext Recommender System, MCoRS) both
scenarios have been considered for CARS. The models selected for
comparison include Item Splitting-BiasdMF, User Splitting-BiasdMF, User
Item Splitting-BiasdMF, CAMF (Context-aware Matrix Factorization),
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1v.

CAMF-C, CAMFCI (CAMF Context-Item), and CAMF-CU (CAMF
Context-User), all referenced from (Zheng et al., 2015).

To determine if a DNN-based integration of CARS and MCRS
outperformed existing DL techniques in terms of predictive accuracy,
separate implementations of CARS and MCRS were carried out as specified

(Nassar et al., 2020a).
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6. RESULTS AND DISCUSSION

The main objective of this study was to develop a novel rating prediction model
that integrates CARS and MCRS based on multi-context principles to enhance prediction
accuracy. Besides the development of this integrated model, the other primary task was
to evaluate whether this integration was capable of outperforming traditional RS,
including SCRS, MCRS, and CARS. The comparative analysis, presented in Tables 6.1
and 6.2, evaluated two specific models: (i) a DNN-integrated single-context MCRS and
(i1) a DNN-integrated multi-context MCRS. RMSE and MAE were used as performance
evaluation metrics. The datasets used in experiments are TripAdvisor and ITM-Rec. It is
obvious in Table 6.1 and Table 6.2 that the proposed models are more effective with

their lower values of MAE and RMSE.

Table 6.1. Comparative performance of proposed models with various predictive models on TripAdvisor

Algorithms Models MAE RMSE
MF SCRS 1.4955 1.7603
MF_LR MCRS 1.1892 1.3698
User-Splitting 0.8339 1.0860
Item-Splitting 0.8443 1.0884
UI-Splitting 0.8416 1.0822
Biased MF SCORS 0.8268 1.0599
CAME-C 0.8791 1.1163
CAME-CI 0.9048 1.2295
CAMF-CU 0.8720 1.1349
User-Splitting 0.8384 1.0845
Item-Splitting 0.8478 1.0892
UI-Splitting 0.8517 1.1076
Biased MF MCoRS 0.8565 1.0907
CAME-C 0.8447 1.0637
CAMF-CI 0.9309 1.2435
CAMF-CU 0.9994 1.3455
DL-CARS 0.7855 1.0806
DL-MCRS DL 0.5942 0.7403
SCoMCRS 0.4994 0.6759
MCoMCRS Proposed Model 0.4737 0.6495
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Table 6.2. Comparative performance of proposed models with various predictive models on ITM-Rec

Algorithms Models MAE RMSE
MF SCRS 1.4563 1.7195
MF_LR MCRS 1.3700 1.5695
User-Splitting 1.1003 1.4367
Item-Splitting 1.0889 1.4213
UI-Splitting 1.0864 1.4268
Biased MF SCORS 1.0911 14376
CAMEF-C 1.1420 1.4644
CAMF-CI 1.0815 1.4130
CAMEF-CU 1.1400 1.4823
User-Splitting 1.1101 1.4550
Item-Splitting 1.0519 1.3927
UI-Splitting 1.1074 1.4516
Biased MF MCoZ8 1.1097 1.4484
CAMEF-C 1.0705 1.3950
CAMEF-CI 1.0598 1.3872
CAMF-CU 1.0789 1.4334
DL-CARS 1.2137 1.5516
DL-MCRS DL 0.6340 0.8466
SCoMCRS 0.6232 0.8436
MCoMCRS Proposed Model 0.6054 0.8399

Both dataset’s results demonstrate that the proposed MCoMCRS model scored the
lowest MAE and RMSE. With such consistent results across two different data sources -
one from TripAdvisor, and the other from an educational context - we can conclude that
the model is both robust and adaptable. This suggests that the underlying methodology of
MCoMCRS represents the nuances of user preferences and item characteristics across
diverse domains in an effective way, possibly through advanced feature handling or
sophisticated interaction modelling.

The performance of deep learning-based model DL-MCRS and Single-Context
Multi-criteria Recommender System (SCoMCRS) is also excellent, particularly when
compared to traditional matrix factorization methods like MF-LR and MF-MF. Due to

deep learning models' ability to capture nonlinear relationships and complex patterns in
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the data, traditional linear models miss this difference in performance. These models have
shown high performance, particularly when used with the TripAdvisor dataset. It
indicates that deep learning approaches are more capable at capturing complex, non-
obvious patterns in user-item interactions.

Different strategies for splitting items, users, and Uls have resulted in varying levels
of model success in SCoRS and MCoRS, suggesting that data partitioning and processing
can significantly affect the performance of the model. These strategies have improved
upon basic matrix factorization approaches, but they are still unable to match the efficacy
of deep learning models. Because they are unable to fully represent the interactions
between users and items.

CAMF variants with context-aware mechanisms show mixed results. Depending on
the type of data and the specific context, their performance varies between datasets.
Therefore, context-aware models would need to be adjusted to the particular features and
characteristics of the dataset.

There is less performance gap among models in the ITM-Rec dataset, indicating
that datasets are not structured exactly like TripAdvisor data. ITM-Rec datasets might be
more homogeneous or less sparse because the results consistently show the same level of
accuracy on different models.

It has been observed that most models perform similarly across both datasets,
indicating they are robust and generalizable. DL-CARS in the ITM-Rec dataset, the
exceptions observed raise important questions about possible overfitting of the model or
how it adapts to different types of user-item interaction data.

Therefore, hyper-parameter tuning is performed on both datasets with the proposed
MCoMCRS to prevent overfitting and underfitting. The procedure involves tweaking the
method's parameters, such as the learning rate, training epochs, number of layers, etc., to
see if the performance changes. After that, choose a model that contains the fewest errors.

This study uses a three-layered model, as explained in Section 5. There are 64
neurons in the input layer, (128—128—64) neurons in the three hidden layers, and 1
neuron in the output layer. "ReLLU" activation function is used for the input and hidden
layers. Our model uses a deep learning framework like Keras to build a sequential neural
network. This model has several dense (fully connected) layers and dropout layers. Image
6.1 illustrates the interconnections between layers in the model. The number of

parameters is calculated by multiplying the number of inputs by the number of outputs
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and adding the number of biases in the layer. Based on the calculation, the input layer has
((40 x 64) + 64 = 2560) parameters. To prevent overfitting, the dropout layer with a
dropout rate of 0.2 randomly sets 20% of input units to O during training. There are three
hidden layers with the parameters ((64x128) + 128 = 8320), ((128x128) + 128 = 16512)
and ((128 x 64) + 64 = 8256) respectively. The output layer has (64 x1) + 1 = 65
parameters. The total parameters for this model are 35713. We trained parameters using
Keras's "model.fit()" method. The model.summary() method produces the summary

output shown in Figure 6.1.

Layer (type) Output Shape Param #
:5::;:(:;;;:;::::::::(:0:::':(:;):::::::::2:5:;8::::::
dropout (Dropout) (None, 64) 0
dense_1 (Dense) (None, 128) 8320
dropout_1 (Dropout) (None, 128) 0
dense_2 (Dense) (None, 128) 16512
dropout_2 (Dropout) (None, 128) 0
dense_3 (Dense) (None, 64) 8256
dense_4 (Dense) (None, 1) 65

Total params: 35713 (139.50 KB)
Trainable params: 35713 (139.50 KB)
Neon-trainable params: 0 (0.00 Byte)

Figure 6.1. Model summary

As part of our efforts to evaluate the generalization ability of our model, we
conducted a series of experimental studies with multiple learning rates comparing the
training loss to validation loss over a number of epochs for both datasets, as illustrated in
Figure 6.2 and Figure 6.3. These images clearly show how the learning rate affects the
training process. There is a difference in convergence speeds and stability of loss values
resulting from different learning rates. Loss curves are shown with multiple learning rates
between 0.001 and 0.5. It is observed that the proposed model on both datasets shows the
loss decreases rapidly during the initial epochs and stabilizes thereafter. In particular, the
proposed model trained with a learning rate of 0.01 attains the lowest stable loss,
signifying an optimal balance between convergence speed and stability. However, the
higher learning rate of 0.5 initially reduces the loss rapidly. It causes erratic behavior and
a higher final loss, suggesting overshooting. In order to ensure efficient and effective

model training, it is imperative to choose an appropriate learning rate.

47



Also, we can see from these plots that the gap between training and validation loss

remains stable as the number of epochs increases, indicating our model has robust

generalizability.
Train vs. Validation Loss
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Figure 6.2. MCoMCRS on TripAdvisor: plot of the training vs validation loss with multiple learning rates
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Figure 6.3. MCoMCRS on ITM-Rec: plot of the training vs validation loss with multiple learning rates

In Figure 6.2 and Figure 6.3, the MCoMCRS model is represented, showing the
validation and training losses for the TripAdvisor and ITM-Rec datasets with multiple
learning rates. The X-axis represents the number of epochs while the Y-axis indicates the
loss levels. It is observed that both training and validation losses in our model (with 0.01
learning rate), decreased sharply within the initial 20 epochs and continue to decline more
gradually up to 150 epochs. The low gap between the training and validation losses and
their concurrent reduction suggests effective handling of overfitting.

We used dropout regularization, batch normalization, and early stopping to reduce

the overfitting in our deep neural network. During training, randomly dropping units
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prevents the model from becoming too dependent on any specific one or few neurons.
Batch Normalization (BN) is an optimization technique that normalizes a layer's input to
stabilize and speed up the training process of the network. Finally, early stopping
monitors the validation loss and stops the training process if the loss increases.

The effectiveness of these techniques is further supported by the consistent decrease
in loss across both datasets without significant spikes in validation loss. The graphical
analysis confirms our model's high accuracy, which validates the mitigation of overfitting
risks. Thus, ensuring the reliability and performance of the model across varied datasets.

In general, the results of the proposed MCoMCRS model indicate that deep learning
models can be used efficiently to deal with real-world complex datasets. The MCoMCRS
1s significantly more accurate in predicting outcomes than all other groups with the lowest
MAE and RMSE. Using multi-context with multi-criteria on TripAdvisor dataset, the
proposed technique significantly improves recommendation accuracy, surpassing all
other algorithms in different categories as demonstrated in Figure 6.4 and Figure 6.5.
Similarly, the proposed MCoMCRS shows the lowest MAE and RMSE in Figure 6.6 and
Figure 6.7 for the ITM-Rec dataset. It is clear that both TripAdvisor and Educational
datasets perform consistently better with our proposed algorithm, demonstrating its
versatility and adaptability. Due to its flexible architecture and universal applicability of
its preprocessing steps, our model can be applied to a wide range of domains. Our
experiments were conducted in the travel and educational sectors, but the methods we
employed are applicable to a wide range of scenarios that require personalized
recommendations, such as healthcare for personalized patient recommendations or e-

commerce for product recommendations that are dynamic.

MCoMCRS - MAE Comparison on TripAdvisor Dataset
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Figure 6.4. MCoMCRS performance with other algorithms on TripAdvisor dataset, in terms of MAE

49



MCoMCRS - RMSE Comparison on TripAdvisor Dataset
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Figure 6.5. MCoMCRS performance with other algorithms on TripAdvisor dataset, in terms of RMSE

MCOMCRS - MAE Comparison on Educational Dataset
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Figure 6.6. MCoMCRS performance with other algorithms on ITM-Rec dataset, in terms of MAE

MCoMCRS - RMSE Comparison on Educational Dataset
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Figure 6.7. MCoMCRS performance with other algorithms on ITM-Rec dataset, in terms of RMSE

Using these findings, we highlight not only how dataset-specific characteristics
must be considered when developing and selecting models, but also how the model can
be extended to other domains, enabling us to test its flexibility and effectiveness in
different contexts and criteria. The factors contributing to the superior performance of
MCoMCRS would be valuable for future research. By gaining a deeper understanding of

the model's inner workings, practical strategies could be developed to handle various

scenarios of recommendation.
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A more customized and efficient recommendation system could also be created by
probing the reasons underlying the inconsistent performance of context-aware models
across datasets and the apparent underperformance of certain strategies. Consequently,
these findings contribute significantly to recommendation systems, showing the
advantages of selecting models based on dataset characteristics and showing the potential

of deep learning methods.
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7. CONCLUSION AND FUTURE WORK

Deep learning techniques are used in recommender systems as a modern approach
to improving recommendations. Extensive research has leveraged deep learning-based
approaches to enhance recommendations within individual multi-criteria and context-
aware recommender systems. However, the integration of contextual information with
multi-criteria ratings within deep learning-based recommender systems is still in its
infancy. This study investigates the potential for deep learning techniques to incorporate
contextual data into multi-criteria recommender systems that leverage multiple contextual
factors, as existing research has predominantly combined single contextual elements with
traditional machine learning methods. We specifically used the DNN model to predict the
multi-criteria ratings based on multi-context. We have conducted extensive empirical
studies and experiments on a diverse range of real-world datasets to comprehensively
evaluate the performance and effectiveness of our novel recommendation methods. The
results of this thorough analysis demonstrate that our state-of-the-art approach
significantly outperforms the existing leading methods in terms of generating high-
quality, personalized, and tailored recommendations that cater to the unique preferences
and needs of individual users.

This is the first attempt to use DL methods for combining multiple contextual
conditions into MCRS. The goal of this integration is to provide a more comprehensive
understanding of user preferences which may lead to enhanced recommendation
accuracy. Our research work will be compared with other DL-based methods such as
autoencoders, CNN and RNN.

In contrast to using separate models for predicting individual multi-criteria ratings,
we used a single DNN model for the MCRS. The current approach captures the complex
relationships and interdependencies between different criteria. Future work will be
extended using multiple models to predict multi-criteria ratings. This may offer deeper
insights into the reasons behind user preferences, rather than relying solely on the overall
rating.

Furthermore, the DL-based MCoMCRS will be integrated with other well-known
recommendation approaches, such as Group-aware Recommender System (GARS) and
Personality-aware Recommender Systems (PARS). By integrating these established
approaches with the proposed model, researchers will be able to develop a more robust

and versatile recommendation framework that can meet the diverse needs of the users.

52



Recognizing the inherent challenges of data sparsity and the cold start problems,
which are common in recommender systems and could impact prediction accuracy, our
subsequent efforts will address these issues. Future developments will include the
implementation of advanced learning algorithms and novel strategies specifically
designed to manage these challenges, ensuring that our system provides superior.

Additionally, the proposed model can also be evaluated and validated by applying
it to other real-world datasets with diverse and multifaceted features from various
disciplines. In this way, the model's effectiveness and adaptability can be evaluated more

comprehensively.
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APPENDIX
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Figure 0.1. MCoMCRS on ITM: plot of the training vs validation loss with 0.001 learning rates
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Figure 0.2. MCoMCRS on TripAdvisor: plot of the training vs validation loss with 0.001 learning rates
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Figure 0.3. MCoMCRS on ITM: plot of the training vs validation loss with 0.01 learning rates
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Figure 0.4. MCoMCRS on TripAdvisor: plot of the training vs validation loss with 0.01 learning rates
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Figure 0.5. MCoMCRS on ITM: plot of the training vs validation loss with 0.1 learning rates
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Figure 0.6. MCoMCRS on TripAdvisor: plot of the training vs validation loss with 0.1 learning rates
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Figure 0.7. MCoMCRS on ITM: plot of the training vs validation loss with 0.5 learning rates
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Figure 0.8. MCoMCRS on TripAdvisor: plot of the training vs validation loss with 0.5 learning rates
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