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Abstract

Since the emergence of Recommender Systems (RS), most of the research has focused on
improving the capability of a recommender system to predict and provide an accurate rec-
ommendation. However, the literature has demonstrated increasing evidence that providing
accurate recommendations is not sufficient to increase users’ acceptance of the provided
recommendations. Hence, it is vital for a recommender system to focus not only on the
accuracy of the provided recommendations but also on other factors that influence the ac-
ceptance of recommendations and the extent to which these recommendations are convinc-
ing or persuasive. Consequently, there becomes a need for new research paradigms to help
improve the capabilities of recommender systems, which goes beyond the recommendation
accuracy. One of the recently emerged research directions that consider this need fosters
the idea of adopting human-related theories from the social sciences domain, such as per-
suasiveness of social communication.

In this context, however, a challenging, non-trivial, and not fully explored issue that
arises is: how to integrate human-related theories into a recommender system to be one of
its intrinsic characteristics in order to improve its performance beyond its accuracy? This
thesis aims to address the above issue from two angles: first, it investigates improving rec-
ommender systems by increasing users’ acceptance of the recommendations. To achieve
this, the influence of persuasion principles on users of recommender systems is investi-
gated. Then a reference architecture framework to adapt and integrate persuasion features
as a substantial characteristic of recommender systems is proposed. The proposed frame-
work, named Personalized Persuasive RS (PerPer), adopts concepts from the social sci-
ences literature, namely personality traits and persuasion principles. In addition, PerPer
adapts machine learning concepts, in particular, the Learning Automata, to support its
learning capabilities.

Second, the thesis discusses evaluating recommender systems beyond their accu-

racy. Particularly, it proposes two evaluation approaches that aim to evaluate recommender
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systems in a comprehensive way that goes beyond evaluating accuracy only. The first eval-
uation approach is called the Comprehensive Performance evaluation (ComPer). It adopts
concepts from the human learning domain and provides a simple, thorough, and setting-
independent evaluation approach for recommenders. The essence of ComPer is to consider
a recommender system as a human being, and hence the former’s outcomes (i.e., recom-
mendations) can be evaluated and validated in a way similar to how humans’ learning out-
comes are evaluated. The second evaluation approach adopts goal-oriented modeling to
provide an evaluation that does not only assess recommenders beyond their accuracy but
also considers the multi-stakeholders of RSs. We demonstrate, empirically, and by user
studies, the feasibility and usefulness of the proposed approaches.

The contributions of the thesis are: (1) A characterization of recommender systems as
systems supported with human traits and features, which goes beyond the conventional
recommender systems known in the literature. (2) A user study that examines the impact
of persuasive principles on users of recommender systems. (3) A Personalized Persuasive
RS (PerPer) reference architecture framework to enrich recommender systems with per-
suasion capabilities that are personalized and adaptive for different users. (4) A mapping
between human’s cognitive skills and the recommendation process. (5) The Comprehen-
sive Performance evaluation (ComPer) framework to provide a comprehensive assessment
of recommender systems considering multiple evaluation dimensions other than accuracy.
And (6) a goal-oriented evaluation approach to assess the impact of multiple alternatives

for recommendation approaches on the satisfaction of RSs stakeholders’ goals.

Abstract iii



Acknowledgment

First and foremost, | thank ALLAH, the almighty, for helping me and giving me the
strength and patience to complete this work.

I would first like to express my sincere gratitude, appreciation, and respect to my
supervisor, Professor Thomas Tran, for his continuous support of my Ph.D. study and re-
lated research. His continuous support, encouragement, inspirational thoughts, valuable
guidance and assistance, patience, and careful review helped me in all the time of research
and writing of this thesis. He provided me with valuable support and gave his time and
experience generously. I could not have imagined having a better advisor and mentor dur-
ing my journey in the Ph.D.

| am also grateful to the University of Ottawa for providing all the required re-
sources to accomplish this achievement. | also appreciate the generosity of the University
of Ottawa for granting me the International Doctoral Scholarship and the Nicole Bégin-
Heick scholarship.

Special thanks to my Ph.D. committee members, Prof. Julita VVassileva, Prof. Nancy
Samaan, Prof. Tony White, and Prof. Stéphane Some, for their insightful comments and
feedback, which incited me to view my research from various perspectives. Their support
and help highly contributed to the success of this work. I am also grateful to Dr. Abdullah
Aref, Dr. Sanaa Alwidian, and Haoye Lu for the stimulating discussions and feedback that
had a positive impact on my thesis.

My heartfelt thankfulness goes to my lovely and always caring mother, Narjes, and
father, Nasir. My mother, the sweetheart, and the peaceful soul in our family. Without her
encouragement and prayers, this work would never exist. My father, Nasir, who has always
encouraged me towards success, tolerated me during my studies, and always directed me
to take the right path. My sincere thanks to my sisters: Areej, Alaa (whose name in English
has the same spelling as my name!), Ayat, Asmaa, Shaimaa, and Baraah. You were always

with me despite physical distances. Without your understanding and being around me all

Acknowledgment iv



the time, | would never complete this hard path. Furthermore, | deeply appreciate the en-
couragement and support shown by my parents-in-law, friends, cousins, and aunts.

Last but not least (or “Last a nub least,” as my daughter spells it!), A very big thank
you to my small family, Sanaa, Marie, and the little Lina. They were the main motivation
for me to continue. My heartfelt thankfulness goes to the life-long companion, my wife,
Sanaa. Without her help, support, and encouragement, | would never be here now. She was
the wife, the mother, the friend, and the colleague. She played all these rules just perfectly
despite her great busyness completing her Ph.D. studies. | will never forget your supportive
words, even when you were in very difficult situations. The Tim Horton's coffee that we
used to share in our next-doors offices has a special taste that will never be forgotten.

Acknowledgment v



Dedication

Challenging work needs the guidance of elders and the

support of those who are very close to our hearts.
For my guides and my supporters:
My parents for whom I did all this, and

My wife who was, is, and will be the main supporter

I dedicate this work

Dedication

vi



Table of Contents

AN o1 = (o! (PSP RP P OUPRR i
ACKNOWIBAGMENT ...ttt \Y;
=0 [ [or= 1 £ (o] o PP PPPPP Vi
Table Of CONTENTS ....cceviieie e s e e e st re e e e s erree s vii
LEST OF FIQUIES ...ttt ettt Xi
LISt OF TADIES ..o Xii
LEST OF ACTONYIMS ..ttt ettt ettt e bbb e ntee s Xiv
Chapter 1. INTrOQUCTION .....cuviiiiiiiieiie ettt 1
) B © 1Y =T V1= OO OUPRRRPPP 1
1.2, Problem Statement..........ooiiieiie e 2
e T |V o] £ 1Y 11 o] OSSP 4
1.4, ReSEArCh QUESTIONS ... ..ccciiiiiiei e ittt e s re e e s sbbe e e e e ereee s 7
e TR |V =11 Voo (o] (oo |V SRS 7
1.6, Thesis CONLIIDULIONS .......cccviieiiie e 9

) A V1 o] 1T L1 o] USSP 10
1.8, TheSIS OULHING ...ccoiiie e e e e 13
Chapter 2. Background and Literature REVIEW..........ccccccvveiiiiiiiiee e 15
2.1, ReCOMMENUET SYSIEMS ...c.uvieeiiieeiiee et e st e ete et e e stre e srre e e s be e e s aae e nnas 15
2.1.1  Personalized vs. Non-personalized Recommendations.............ccccevvvveevieeiiineesnnenn, 15
2.1.2  Categorization of RecOmmeENder SYSIEMS: .......cccveeiiiiiiiiee e e 16

2.2, ReView Methodology ......ccceeeiiiieiiie et 18
2.3, Background CONCEPLS .....cueeeiiieeiiiee et st e cte et et e e se e e b e e saaeeaeeas 19
2.3.1  Recommender Systems and Communication Theories ..........cccceeviveiiiveeiiineesnnnn, 20
2.3.2 USEI PEIrSONAIITY ....cooiviiiiiic ittt e s tbe e et e e anneeas 22
2.3.3  PErSUASIVE SITALEOIES ...ecivviieiiieeiitie e it e e sttt e e stre e ste e sre e et e e s te e e stba e e sareeesareesnbeeesnreeas 26

2.4, LItErature REVIEW.....ccuvii ettt et 28
2.4.1 Personality-Based Recommender SYStEMS........ccueeiiuiiiiieeiiiee i e e 29
2.4.2  Persuasion in Recommender SYSIEMS ........ccivviiiieeiiii et 33
243 The Combination of Personalization and Persuasion ............ccccccceeveeiiieesieeennennn 39

Table of Contents vii



2.4.4 Limitations of Closely-Related WOrK...........c.ccooiiiiiiiiiieiceeeece e 41

2.5, Chapter SUMMATY .......ooiuiiiiieiie ittt 43
Chapter 3. Impact of Persuasive Recommender Systems on USers ..........c.ccccevvee. 44
3.1, USer Study MOTIVATION. ..ot 44
3.2, User Study Methodology .........coouieiiiiiiieiiieiicesee e 45
3. 2.1 STUAY DESIN ...ttt 46
3.2.2  EthiCS APPIOVAL.....ooiiiiiiieie s 48
3,23 ParTICIPANTS. .. ettt 49
3.3.  Data Collection, Analysis, and ReSUItS .............ccccerviiiiiniiii e 49
33,1 Data FilteriNg .oooveee i 51
3.3.2  DeSCriptiVe ANAIYSIS. ....cc.eiiiiiiieiieiit et s 52
3.3.3  User-related, Context-independent ANalySesS..........cccooveiiiiiiiiienienieesee e 53
3.3.4  Context-dependent ANAIYSIS ........c.coiiiiiiiiiiiiie s 60
3.4.  Discussion and Design GUIAEIINES ..........ccveiiiiiiiiiieniiee e 68
3.5, Chapter SUMMANY .....coiiiiiiiiiie ettt 71
Chapter 4. Personalized Persuasive Framework for Recommender Systems .......... 72
4.1.  PerPer Main COMPONENTS ........oiuiiiiiiiieiiee sttt 73
4.2, PerPer OPEratiONS ........ccciiieiiiieiiiie et e sieeestee e s e e s rtae e s nrae e s snae e e e e e snaaeeanees 76
4.3, PerPer FOrmalization .........cccoiiiiiiiiiie it 79
4.4.  Machine Learning-based Implementation of PerPer...............cccccovvvevneennnen. 80
4.4.1  Learning AULOMALA.........cciueeiirieeiieeeiieeesiee s e se e stae e st e st e e sbeeesraeeateeesnraeennnes 81
4.4.2 Adapting Learning Automata in PerPer Framework ...........ccccooevveiveeiiiec e, 83
4,43 The DEPIOYMENL......ccciiiiiie it e e s ae e e e e aneeas 84
4.5, VaAlOALION ..o 89
4.5.1  EXPerimental DESION ......ccovii ittt 89
4.5.2 Participants and Data ColleCtion ............cccveiiiieiiii e 92
4.5.3 Data Analysis and RESUILS .........cccviiiiiiiiii e 93
4.6,  Chapter SUMMAIY .......cooiiiieiiiee ettt e e e re e e saaeeanenas 96
Chapter 5. Cognitive-Based Evaluation for Recommender Systems .............cc......... 99
R B 7011 () AP O PP PUT P PPPRPP PPN 99
5.2, ComPer PreliMiNaries .......cooveiiieiieiiie sttt 101
52,1  BlOOM’S TaXOMOMY ..ctttiiiiiieiiiieeiiiieaiieesiteeesiiee st e ettt e st eesnbeeessbeeessaeesieeesnneeenes 102
5.2.2  Phases of RecOMMENdEr SYSIEMS .........ccoiiiiiiiiieiiee e 103
5.2.3 Evaluation Dimensions of Recommender SYStems..........ccccocvveevieeeiieesinee v, 103
5.3, RelAted WOIK ....c.oeiiiieii e 105
5.4, COMPEr MaiN TABA......ccvieiiiieiie it 111
5.4.1 Recommender Systems and Humans: An Analogy........ccccccevveeviiveeiieesiie e, 111
5.4.2 Mapping Between Bloom’s Cognitive Domain and RS’s Phases.............ccccce.... 112
5.4.3 Correlating Bloom’s Learning Objectives and RS Evaluation Dimensions .......... 113

Table of Contents viii



5.4.4  Visualization of the Correlation Between ComPer Components............c.ceeeveenee. 119

5.5, FOrmal DefiNItIONS.......coiiiiie it 120
5.6, Chapter SUMMANY .....cooiiiiiiiiieiie ettt 122
Chapter 6. Validation of the Cognitive-Based Evaluation................ccccoceviinennnn, 123
6.1.  Methodology and ConfigQUIatioNS ...........ccceevriieriierie i 123
6.2.  Evaluation DIMENSIONS .....cccueiiiiieeiiieesiieesie et siee e e snaee e snneeesneeas 124
0.3, RESUILS ..ot 126
6.3.1 Results for a Single DataSet ..........c.coiviiiieiiiiiieiere e 126
6.3.2  The Effect of MUltiple Datasets ..........cccoueiiiiiieiieiieseesee e 129

6.4.  Chapter SUMMAIY ......ocoiiiiiiii ettt 131
Chapter 7. Goal Modeling-based Evaluation for Recommender Systems.............. 133
/4 B | 1€ oo [0 Tod 1 o] o ISP OPR 133
7.2. Goal Modeling for Recommender SYStEMS .........cccoovveriieiiieiiie e 135
7.2.1  Stakeholders of Recommender SYSeMS.........c.coouieiieiiieiiiieiie e 136
7.2.2  Goals of RECOMMENUEr SYSTEM .....ccuviiiiiiieiiieiieeiie et 137

7.3. Generic Goal Model Structure for Recommender System Evaluation ........... 138

F R 1111 ] (<1 4 T=T 1 - U1 o] PSSP 140
7.4.1  Evaluating Recommender Systems AIErnatives ...........cccccveviveevieeeiiee e 143
TA.2 ODSEIVALIONS ...ttt ettt e e et sbe e e en 145

7.5, DISCUSSION. ...eeitieiie ittt ettt ettt ettt et 147
7.6. Chapter SUMMANY ........ooiiiie ettt e e e e 149
Chapter 8. Conclusions and FUtUIre WOFK ...........ccceovie e 151
8.1.  Summary and ContribUtiONS...........cccovieeiiiie e 151
8.2, Threats to Validity.........ccoiieeiiii e 152
8.2.1  CONSIIUCE ValIItY .....oeiivieeiiie ettt s 152
8.2.2  INternal Validity ......c.oooiieiiiie e 152
8.2.3  EXternal Validity ........coooveiiiii i 153

8.3, Future Research DIFeCLIONS ........cccoivuieiieiiieiiiesie e 153
8.3.1  Future Work for Persuasive Recommender SYStemS .........ccccocveeviieeiiieesiieeennnnn, 154
8.3.2  Future Work for Evaluating Recommender SYStemS .........ccccovvveeviieeiiieeiiieeesnenn, 157
8.3.3  Other ReSearch DIreCLIONS ........ccouviiieiiieiie et 159
RETEIEINCES ...ttt et 161
Appendix A: Big Five Inventory (BFI-44) ..o 175
Appendix B: Persuasion QUESLIONNAITE..............coiiieiiiee e 176
Appendix C: Certificate of Ethics APProval .........ccccoviiiiiiiiiii e 178

Table of Contents iX



Appendix D: Data Significance ANalysIS ..........cccooiiiiiiiiieiieiee e 179

Appendix E: An Example of the Text used to infer the correlation between Bloom
and ReCOMMENAEN SYSTEIMS.......cciiieiiiieiiii ettt sbee e sbee e aneeas 185

Table of Contents X



List of Figures

Figure 1
Figure 2

Figure 3
Figure 4
Figure 5
Figure 6
Figure 7

Figure 8

Figure 9

Figure 10
Figure 11
Figure 12
Figure 13
Figure 14
Figure 15
Figure 16
Figure 17
Figure 18
Figure 19
Figure 20
Figure 21
Figure 22
Figure 23
Figure 24
Figure 25

Figure 26
Figure 27
Figure 28
Figure 29
Figure 30
Figure 31
Figure 32
Figure 33
Figure 34
Figure 35
Figure 36

List of Figures

The communication-persuasion paradigm [30], [31]........cccovviiviniiennns 20
The conceptual framework for persuasive recommender systems (PRS)
[20] e 22
Big Five personality traits as Spectrums [47] .......cccooeviiiiieiiienieeieen 24
Organization of the [Iterature reVIEW ...........cccooeeiiieiieiiee e 29
Mean rating values for the whole sample...........ccccoiiiini, 53
Mean rating based on gender (Female:35%, Male: 65%)..........cccccccvee.ne. 54
Mean rating based on age (16-25: 20%, 25-36: 40%, 36-45: 22%, >45:
L8Y0) ettt 55
Mean rating based on the culture (Asia: 27%, Europe: 6%, N. America:
YA F PP 56
Mean rating based on the personality traitS.............cccevvveeiiveeiiiee e, 58
Mean rating based on the application domain............cccccceeviveeviieesinnene, 61
Mean rating based on gender for both application domain...................... 62
Mean rating based on the age and the application domain ....................... 63
Mean rating based on the culture and the application domain.................. 65
Mean rating based on the personality traits and the application domain...67
Conceptualization of the proposed PerPer framework ............cccccccveenneen. 74
Main Operations Of PErPer .........ccoviii i 78
Main steps of deploying PerPer...........coccvevveiiiie s 81
An abstraction of learning automata ([112]) .....cceovvveevieeiiire e, 82
Proposed Automata Model for PErPer ..........ccccvveeiiee e 83
User interfaces 0f the CRS ........ooiiiiiiiee s 91
The user interface of the PerPer—-GRA and the PerPer-BRA................... 92
Mean ratings for CRS comparing to PerPer—GRA............cccceevvveeviineenne, 94
Mean ratings for PerPer—GRA comparing to PerPer-BRA ...................... 96
Main phases of recommender SYStEMS..........ecevveeeiieeeiieeeiieeesiee e s 103
The mapping between recommenders’ main phases and Bloom’s learning
(0] 0] [T (NSO PR PR 113
Mapping Dice similarity values to experts’ correlation labels................ 116
ComPer’s MaiN COMPONENES. .......veeiiiireiiieeiitieeeie e s e e e e e e sre e sreeesneeas 120
Conventional evaluation results using the FilmTrust dataset.................. 127
ComPer results over the FilmTrust dataset...........cccovvvviieiieiiieniiennns 128
Conventional evaluation results over the three datasets. ..............cccccve... 130
ComPer results over three datasetS .........ccoooveievenie e 131
An example of goals for a local hosting recommendation system.......... 137
General goal model for recommender systems evaluation ..................... 139
A goal model for recommender SYStEMS..........cccccovveeeiiiieeiiiee i 141
Assessing the Impact of Selecting KBRS alternative...............cccccouve.. 145
Assessing the Impact of Selecting CF alternative ............cccccoeevivieeeeee, 146

Xi



List of Tables

Table 1 Big Five Personality Traits and their corresponding adjectives................ 24
Table 2 Major differences between previous work and this thesis ........................ 43
Table 3 Persuasive sentences presented in the qUESLIONNAINES. ..........cccvevveerinenne. 47
Table 4 Participants’ demographic information (N=279) .........cccccceviiiiiniiennnn, 49
Table 5 PErPEr COMPONENTS. ......eeiiiiiie ettt 76

Table 6 Mapping the big five personalities and the six weapons of influence....... 88
Table 7 Mapping the big five personalities and the six weapons of influence
(NOrmalized VAIUBS).........oeiiieiiiiiie e 88
Table 8 Participant's demographic information (N=44) ..........cccccceriiiiiienieininnnnn. 93
Table 9 Recommender System evaluation dimensions and their categories [6]...106
Table 10  Correlating Evaluation dimensions & Learning objectives (NLP results)

............................................................................................................. 115
Table 11  Correlating Evaluation dimensions & Learning objectives (experts results)

............................................................................................................. 116
Table 12  Mapping SimDice values to the correlation labels (N, P, or S)............. 117
Table 13  Consistency table between the experts and the NLP correlations........... 118
Table 14  The Correlation Matrix (Learning objectives & Evaluation dimensions)119
Table 15  Datasets PrOPErtiES.....c.uiiiureeiiieeeiieesitieeeitreeesee e e e e e e e e saeeesaeeesneeens 124
Table 16 ~ ANOVA significance test and Effect Size based on users’ gender ......... 179
Table 17  ANOVA significance test based on USers’ ages ......ccceevvveevivveeriveeerinnnens 179
Table 18  ANOVA significance test based on users’ culture ...........cccccveeviveeinnnnnn 179
Table 19  Effect Size based on users’ culture (A=Asia, E=Europe, N=North

N 01 1=] T | PSPPSR SUSRSRR 179
Table20 ANOVA significance test based on users’ personality traits .................. 180
Table 21  Effect Size based on users’ personality............cccveeviuveeiieeeiiieeesineesinnnens 180
Table22 RM-ANOVA significance test and Effect Size based on the application

domain (the Whole sample) ........cccooiiveiiii e 180
Table 23  ANOVA significance test based on the domain & gender (Female)....... 181
Table 24  ANOVA significance test based on the domain & gender (Male) .......... 181
Table 25  Effect Sizes based on the domain & gender............ccccocvvveeviveeviiieeiinnnen, 181

Table26  ANOVA significance test based on the domain & age (16-25 years old)181
Table 27  ANOVA significance test based on the domain & age (26-35 years old)181
Table 28 ANOVA significance test based on the domain & age (36-45 years old)181
Table29  ANOVA significance test based on the domain & age (45 years and older)

............................................................................................................. 182
Table 30  Effect Sizes based on the domain & age..........ccceeevvveeiieeeiiiee e 182
Table 31  ANOVA significance test based on the domain & culture (Asia)........... 182

Table 32  ANOVA significance test based on the domain & culture (Europe)....... 182
Table 33  ANOVA significance test based on the domain & culture (North America)

............................................................................................................. 182
Table 34  Effect Sizes based on the domain & Culture............cccooviiiiiiiiiceiinnns 183

List of Tables Xii



Table 35  ANOVA significance test based on the domain & Personality trait

(EXIFAVEISION) ..ttt ettt et e et e et e et eeanes 183
Table 36  ANOVA significance test based on the domain & Personality trait
(AQreEaDIENESS) .....eiiiieiiieiee e 183
Table 37  ANOVA significance test based on the domain & Personality trait
(CONSCIENTIOUSNESS) ...ttt ettt ettt 183
Table 38  ANOVA significance test based on the domain & Personality trait
(NBUFOTICISM) ...ttt 183
Table 39  ANOVA significance test based on the domain & Personality trait
(OPBNNESS) ...ttt eeiieeeeieeeete ettt et e e st e e st e e et aeansaeeesreeeensaeeenneeeennes 184
Table 40  Effect Sizes based on the domain & culture............cccocoevviiiieniiciienn, 184

List of Tables Xiii



List of Acronyms

Acronym
ANOVA
AUC
BFI
BRA
CALA
CARS
CBRS
CFRS
ComPer
CRS
CVM
ELM
ERS
ERW
FALA
FFM
FNR
FPR
GRA
GUTH
HCI
HRS
IPIP
JASP
KBRS
LA

Lri

MAE
MAP
MRR
NLP

PA

PE
PerPer
PerPer—-BRA
PerPer-GRA
PIS
PLSA
PP

List of Acronyms

Definition

Analysis of Variance

Area Under Curve

Big Five Inventory

Boosted Reinforcement Approach
Continuous Action-Set Learning Automata
Context-Aware Recommender Systems
Content-based Recommender System
Collaborative Filtering Recommender System
Comprehensive Performance Evaluation
Conventional Recommender System
Comprehensive Veracity Measure
Elaboration Likelihood Model

Educational Recommender Systems

Equal Relative Weights

Finite Action-Set Learning Automata

Five Factors Model

False-Negative Rate

False-Positive Rate

General Reinforcement Approach
Gamification User Types Hexad
Human-Computer Interaction

Hybrid Recommender System
International Personality Item Pool
Jeffrey’s Amazing Statistics Program
Knowledge-Based Recommender System
Learning Automata

Linear Reward-Inaction

Mean Absolute Error

Mean Average Precision

Mean Reciprocal Rank

Natural Language Processing

Persuasion Agent

Persuasion Engine

Personalized Persuasive Framework
PerPer Framework with Boosted Reinforcement Approach
PerPer Framework with General Reinforcement Approach
Product Importance Score

Probabilistic Latent Semantic Analysis
Persuasion Pool

Xiv



PPRA
PPS
PRS

REB
RMSE
RS
RTD&C
SDT
TAM

Ul

UM

List of Acronyms

Persuasive Product Recommendation Agents
Product Preference Score

Persuasive Recommender Systems
Research Ethics Board

Root Mean Square Error

Recommender System

Round-Table Discussion and Consensus
Self Determination Theory

Technology Acceptance Model

User Identity

User Model

XV



Chapter 1. Introduction

This chapter provides a brief overview of recommender systems and their types, discusses
the problem specification, the motivation, as well as the objectives and scope of this thesis.
Furthermore, the research questions, methodology, and a list of existing contributions and
publications that are derived directly from this research are discussed. Finally, the organi-
zation of this thesis is outlined.

1.1. Overview

Recommender Systems (RSs) are software systems that assist users in finding information,
products, services, and more based on users’ personal preferences [1]. An RS aims
basically to reduce information overload by estimating relevance between recommended
items and users’ preferences. Since the mid-1990s, several approaches of recommender
systems have been proposed and implemented in a wide range of application domains.
Examples of such applications include, but are not limited to, recommending music in
Last.fm?, and Spotify.com?, suggesting friends on Facebook?, and LinkedIn? recommend-
ing courses to be taken in Coursera.com?®, and EdX.com®. In these applications and others,
RSs have proven their usefulness as supportive tools to recommend highly accepted items
despite the enormous amount of information available on the web. Hence, RSs systems
have become one of the most useful and critical means for online systems.

According to Jannach et al. [1], RSs can be broadly classified into four main cate-
gories based on how recommendations are made. The first category is the Collaborative
Filtering Recommender Systems (CFRS), which is the most popular approach. The main

idea of CFRS is to recommend items that are liked by other users with preferences (or

! https:/fwww.last.fm/

2 https://www.spotify.com/ca-en/
3 https://www.facebook.com/

4 https://www.linkedin.com/

5 https://www.coursera.org/

& https://www.edx.org/
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tastes) similar to the preferences of the currently targeted users. Second, Content-Based
Recommender Systems (CBRS), in which the system recommends items similar to those
that were liked by the same user in the past. Third, Knowledge-Based RS (KBRS), which
makes recommendations based on explicit knowledge about the available items, user pref-
erences, and recommendation criteria. Usually, KBRSs are applied in domains where
CFRS and CBRS cannot be applied and where explicit knowledge acquisition is required,
such as in cars and home sales websites. Finally, the Hybrid Recommender System (HRS)
approach, which, as its name indicates, involves any combination of two or more of the
above-mentioned recommenders’ categories.

In general, an RS may generate non-personalized or personalized recommenda-
tions. Non-personalized recommendations, usually found in newspapers or magazines, are
less popular and much simpler. A typical example of this type of recommendation is to
recommend the top-n selection of items (e.g., the most-watched movies) without neces-
sarily targeting a particular user. Personalized recommendations, on the other hand, mean
that different items are recommended to different users based on their personal preferences.

The majority of RS approaches (whether they are CFRS, CBRS, KBRS, or HRS)
make recommendations with the main focus of accurately matching the recommended item
with users’ preferences, without taking into account additional factors such as a user's
mood or her personality [2]. According to Ricci et al. [3] however, all components of RS
(such as, for example, the recommendation algorithm and the graphical user interface)
should be customized to provide useful and personalized suggestions for users. This means
that an RS should not only focus on providing accurate recommendations but should also

take into consideration other important factors that help users in their decisions.

1.2. Problem Statement

Recommender Systems have gained vital importance in the literature, and they became one
of the essential topics discussed in most of the top-tier venues [4]. Most of the RS-related
research had focused on one particular aspect, namely on improving recommender’s accu-

racy’. In the context of this thesis, accuracy means the capability of a recommender to

7 In the literature, “Accuracy” and “Correctness” are synonyms and used interchangeably to express the
same concept.

Chapter 1 — Introduction 2



predict and provide recommendations that are close to users’ preferences [5], [6]. Despite
its importance, researchers have recognized that providing accurate results is not always
sufficient to increase users’ acceptance of the provided recommendations and/or to evalu-
ate the overall performance of these systems [7]-[10]. For instance, recommending a highly
purchased item or an item with the highest ratings is considered an accurate recommenda-
tion. Nevertheless, it does not necessarily lead to this recommendation being accepted by
a new user. This is because this item might already be seen/purchased by that user, and it
is not of her interest anymore, or that the user has already rated the item, and she is no
longer interested in buying it again.

In addition, Jannach et al. [11] compared several recommendation algorithms in an
offline experiment. Different splitting protocols and metrics were considered. The authors
considered two evaluation dimensions, accuracy and coverage. Surprisingly, the results
show that some of the commonly used algorithms, which achieve high accuracy, tend to
recommend popular items only. These items are probably not very interesting for the users
in reality. Therefore, the authors concluded that it is not advisable to compare different
algorithms by relying only on accuracy measures. Recommending popular items does not
always lead to the desired sales or persuasion effects, although it leads to high accuracy
[12]. The recommendation of only popular items can, in addition, lead to limited system-
wide diversity and coverage,

Realizing the above-mentioned shortcomings, researchers started to investigate
other factors to be considered during the design of recommender systems for the purpose
of mitigating the non-sufficiency of accuracy as a sole factor in the designing and the eval-
uation of RSs. Gkika and Lekakos [13], for instance, indicate that accompanying persua-
sive explanations with a recommendation has the potential to increase users’ acceptance of
that recommendation.

To emphasize and summarize the problem: the literature witnesses a consensus
that recommendation accuracy is insufficient to enhance users' experience with RSs.
Hence, it is vital for RSs to focus not only on the Accuracy of the provided recommendation
but also on other factors that influence the acceptance of recommendations and the extent
to which such recommendations are convincing or persuasive. In addition, considering ac-

curacy as the only dimension for evaluating and comparing the performance of RSs is not
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sufficient. Other dimensions should be taken into consideration to evaluate the
performance of these systems comprehensively.

1.3. Motivation

This work is motivated by the challenges discussed in Section 1.2. It is also inspired by the
recently emerged research direction, which fosters the idea of adopting human-related con-
cepts in the context of RSs. In particular, several researchers suggest that some patterns of
human-human interactions can be deployed and utilized for human-computer interactions,
even though computers do not have the same communication skills as humans [14]. For
instance, Fogg [15] suggested that computer interactions with users become more accepted
if the computer (as a source of the interaction) is perceived as credible and likable by the
user (as a receiver of the interaction). In addition, users can be more persuaded by systems
that possess human-like features, for example, a chatting robot with a human-being name
and style of conversation [15].

Wang and Benbasat [16] investigated the social role of RSs and suggested that RSs
should be treated as social actors with human characteristics, such as integrity. Zanker et
al. [17] argued that interactions with RSs should be viewed not only from a technical per-
spective but also from social and emotional perspectives. Aksoy et al. [18] found that there
is a higher chance that a user accepts recommendations if the RS generates them in a way
similar to the user’s decision-making process. Thus, they suggest that the similarity rule is
also applied when humans interact with RSs. Furthermore, as Bauernfeind [19] stated,
building a trust relationship between users and RSs is an important factor to assist users in
making a decision, and it increases users’ intentions to adopt the RS [16].

Many other studies in the literature also supported the concept of “Recommenders
as Social Actors.” For instance, Bonhard and Sasse [20] contended that in order to generate
more trustworthy, useful, and understandable recommendations, understanding the social
embedding of a recommendation is a vital key. Similarly, Al-Natour et al. [21] argued that
online shopping assistants could be perceived as social actors, and hence, can be viewed as
users with personality attributes and behavioral traits. Finally, According to Yoo et al. [22],
applying human-human communication theories to RSs opens up a new avenue for com-

prehending the role of these systems and their interactions with users.
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Despite this increased attention towards the social aspect of RSs, the existing liter-
ature still lacks a comprehensive view for understanding RSs as a social actor [22]. Many
of the important factors that help developing social RSs have not been examined yet [22].
Motivated by the aforementioned research directions, this thesis investigates some of the
unexplored factors of social (or human-like) RS to mitigate the problem mentioned in Sec-
tion 1.2. In particular, this thesis aims to mitigate the aforementioned issues from two an-
gles, as follows:

Enhancing User’s Acceptance

The classical communication theories in general, and the persuasive technology literature
in particular, suggest that people would be more convinced or persuaded by a recommen-
dation if the source of communication displays persuasive cues during the communication
process [22]. In addition, some studies in the context of human-computer interaction (HCI)
suggest that various aspects of human-human communication, when adopted and deployed,
would have the potential to improve the quality of interactions between humans and tech-
nology [14], [23], [24]. Inspired by these theories and studies, we perceive an RS to be a
source of communication whose task is not only to recommend items conventionally but
more than that, to persuade users and convince them about why they should accept the
recommended item.

We are not the first one to investigate this research direction. Researchers, such as
Zanker et al. [17], Nguyen et al. [25], Gretzel and Fesenmaier [26], and Yoo [27] investi-
gated the persuasive role of recommenders and suggested that in order to increase the ac-
ceptance of a recommendation, the recommender itself should be persuasive. However,
despite the researchers' findings and conclusions, there are still remaining research gaps
and challenges that are not fully explored and addressed yet [22]. Among these gaps is the
research question: how to embed and integrate persuasive features into recommender sys-
tems' characteristics to increase users’ acceptance?

The first contribution of this thesis is to answer this question by proposing an ap-
proach to enrich RSs with persuasive capabilities. The goal of this approach is to increase
users’ acceptance of recommendations while preserving the system's accuracy. It is worth

mentioning that the proposed solution in this direction does not replace the existed
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recommendation algorithms. Instead, it supports them by augmenting persuasion features
to the recommender. The goal of doing so is, as mentioned above, to increase user’s ac-
ceptance. Although RSs recommends items based on previous interactions with the user
(which normally reflects the user’s preferences), the user may not have enough motive to
use the recommended items. In such a case, persuasion plays an essential role in influenc-
ing the user’s decision and, therefore, increasing acceptance. To this end, we can say that
the proposed solution can be used with most RSs when the use of persuasion is accepted.
This includes a wide range of application domains, such as eCommerce, Movie, Music,
Learning, and health.

Evaluating Recommender Systems Comprehensively

As mentioned in Section 1.3, RSs are evaluated and compared based mainly on their accu-
racy. However, RS's ability to meet its user's requirements ( and hence their perceived
acceptance of the recommendations) depends on different aspects ( other than accuracy)
related to the application area or domain, recommender's behavior, and the user's infor-
mation needs [28]. Thus, there becomes an increasing consensus that a single metric (ac-
curacy in this context) is insufficient to evaluate the actual performance/effectiveness of
recommenders [29].

Inspired by the idea that an RS can be seen as a human, we posit that an RS can
also be analyzed and evaluated in the same way that human cognitive abilities are evalu-
ated. As will be discussed in Chapter 5, the recommendation process of RSs is a learning
process that can be analogized to humans' learning process. The outcomes of this learning
process are the recommendations suggested by the system. Accordingly, we imply that an
RS learning outcome (i.e., its predictions or recommendations) can be assessed in the same
way that human learning outcomes are assessed. Based on that, this thesis proposes a cog-
nitive-based evaluation method that aims to provide a comprehensive evaluation of RSs.
To do so, the proposed method considers multiple evaluation dimensions instead of con-
sidering recommendation accuracy only. That is, it aggregates different evaluation dimen-
sions into a single, yet comprehensive evaluation criteria.

Besides, an RS is a multi-stakeholders system, where each stakeholder has goals

that usually conflict with the goals of other stakeholders. Chapter 7 proposes a goal-
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oriented evaluation approach to assess the impact of multiple alternatives of recommenda-
tion approaches on the satisfaction of RSs stakeholders’ goals. The contribution of this
approach is that it does not only consider multiple evaluation dimensions (in addition to
accuracy) but also takes into consideration multi-stakeholders goals.

It is worthwhile to mention that this part of the work (i.e., the evaluation of RS
presented in Chapter 5 to Chapter 7) proposes two multidimensional evaluation solutions.
This part is intended to introduce new research directions for evaluating RS. Therefore, the
work is still preliminary, and the proposed approaches still need further analysis and vali-
dation to be mature enough. Nonetheless, we hope that this work will be extended further

when there are more researchers interested in these new directions.

1.4. Research Questions

This research aims to answer the following research questions:
RQ1: How users’ acceptance of recommendations is influenced by different persua-
sive strategies?
RQ2: How can we deploy human-related theories to enhance users’ acceptance of
recommendations?
RQ3: How to integrate and embed persuasiveness as intrinsic characteristics of a
recommender system to increase users’ acceptance of the recommendations?
RQ4: How can we adopt humans-learning evaluation theories to evaluate RSs in a
multidimensional manner beyond reliance on the recommendation accuracy alone?
RQ5: How can we evaluate RSs beyond their accuracy while considering all stake-
holders’ goals?
Chapter 3 discusses a user study that aims to answer RQ1 and RQ2. Chapter 4 build on the
results of Chapter 3, and it continues addressing RQ2 in addition to RQ3. Chapter 5 and
Chapter 6 consider RQ4, while Chapter 7 addresses RQ5.

1.5. Methodology

This thesis follows the directions of March and Smith [30]. it aims to provide a construct,

which is a new paradigm of recommender systems that supports more effective,
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personalized, persuasive, and highly accepted recommendations. The provided is
introduced to address a specific problem, which is addressing the lack of persuasive
features in RSs, which affects the perceived acceptance of the provided recommendations
negatively, and also avoid reliance on accuracy as a single parameter used often in the
literature to evaluate the performance of recommender systems, which has been shown to
be an insufficient evaluation dimension.

The underlying research methodology for this thesis is inspired by the design
science research methodology [31]. This methodology is an approach towards research in
information systems. Following this methodology, a literature review in the context of rec-
ommender systems and their evaluation is provided first. This review aims to highlight
basic concepts, the current state of the art, and gaps in the literature in this context. Then,
a conceptual characterization of RSs as systems supported with human traits and features,
which goes beyond the conventional RSs known in the literature, is identified (using in-
spiring analogies and theories from other well-investigated domains).

The problem is then identified and scoped, and further illustrated through repre-
sentative scenarios and examples. After building a knowledge base for the research, we
characterize the requirements of the solution needed to tackle the identified problem. In
particular, we propose a new RS paradigm, augmented with persuasive features, to provide
more convincing recommendations, which, in turn, increases the user’s perceived ac-
ceptance of the suggested recommendation. In addition, we propose evaluation approaches
that support the comprehensive evaluation of RSs.

We also identified the most crucial features of the proposed solutions that distin-
guish them from other existing approaches. Finally, the feasibility of the proposed ap-
proaches is evaluated empirically and with user studies. The evaluation aims to assess the
feasibility of using the proposed solutions to tackle the motivating problems.

The importance of using the design science research methodology lies in the fact
that the results of each activity were exploited to improve the next activity and refine its
outcomes. For example, in the evaluation step, the obtained results are used as input to the
next step, and they are feedback to refine or improve the proposed solutions. For instance,
based on the outcomes of the user study presented in Chapter 3, we noticed that following

static guidelines is insufficient. Thus, we refined this solution by proposing the adaptive
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framework (proposed in Chapter 4). Then, based on the evaluation of the first implemen-

tation proposed in Chapter 4, we proposed the second approach that aims to overcome the

shortcomings of the first approach. In addition, after proposing the ComPer evaluation

(Chapter 5) and evaluating it, we noticed that it did not handle the requirements of multiple

stakeholders. Thus, we suggested the goal-modelling-based solution (Chapter 6).

1.6.

Thesis Contributions

The main goal of this thesis is to investigate the social role of RSs and to show the feasi-

bility of adopting human-related theories to derive the development of recommender sys-

tems forward. By addressing the research questions mentioned above, this research pro-

vides the following scientific contributions:

A user study that investigates the relationship between users’ characteristics and
persuasive strategies used in the context of RS. The study also aims to investigate
the effect of different context factors, such as application areas, on this relationship.
The results of this user study are used as input for one of the proposed algorithms
used to enrich RS with persuasive capabilities. (RQ1)

A reference architecture framework to enrich recommender systems with persua-
sive features, taking into consideration the importance of making these features
personalized. In particular, this research proposes the Personalized Persuasive RS
(PerPer) framework. The PerPer framework provides not only persuasive recom-
mendations but also personalized ones tailored and adapted based on each person’s
personality and preferences. This approach can be used by designers of RSs who
aim to add persuasive capabilities to their systems. (RQ2, and RQ3)

The Comprehensive Performance evaluation (ComPer) framework to provide a
comprehensive evaluation of recommender systems considering multiple
evaluation dimensions. ComPer is a cognitive-based method inspired by the idea
that a recommender system can be perceived as a human being with cognitive skills.
Hence, the output of the recommendation process can be evaluated the same way

as the human learning process is evaluated. (RQ4)
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e A goal-oriented evaluation approach that assesses the impact of different recom-
mendation algorithms on the satisfaction of RSs stakeholders. The proposed ap-
proach not only considers multiple evaluation dimensions (in addition to the accu-
racy) but also considers multi-stakeholders’ goals. These goals are sometimes con-

tradictory or conflicting. (RQ5)

1.7. Publications

In relation to my research, this work has led to the following published and submitted arti-

cles so far:

Published Papers

e Alaa Alslaity, and Thomas Tran. (2020). “On the Impact of the Application Do-
main on Users’ Susceptibility to the Six Weapons of Influence.” In: Gram-Hansen
S., Jonasen T., Midden C. (eds) Persuasive Technology. Designing for Future
Change. PERSUASIVE 2020. vol 12064. Springer, Cham. (Best paper award).
(Discussed in Chapter 3)
This paper investigates the effect of the application domain on RS users’
susceptibility to Cialdini’s persuasive principles. It presents the results of a
within-subject study that is conducted to draw the relationship between the
application domain and the persuasive principles. Two application domains

were considered, namely an e-commerce RS and a movie RS.

e Alaa Alslaity, and Thomas Tran. (2020). “The Effect of Personality Traits on Per-
suading Recommender System Users.” Joint Workshop on Interfaces and Human
Decision Making for Recommender Systems, ACM RecSys2020. (Discussed in
Chapter 3)

This paper explores the influence of the Big Five Personalities on recom-
mender system users’ susceptibility to six persuasive principles. The study
contains two parts; the impact of personality traits as an independent varia-
ble and the impact of personality traits in conjunction with the application

domain.
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e Alaa Alslaity, and Thomas Tran. (2019). "ComPer: A Comprehensive Perfor-
mance Evaluation Methodology for Recommender Systems." International Journal
of Information Technology and Computer Science (IJITCS). 11(12):1-18. (Dis-
cussed in Chapter 5 and Chapter 6)

This paper introduces and explains the details of the proposed evaluation
method, which is called (ComPer). It discusses, in detail, all the aspects of
the method. Also, it provides the results of our experimental evaluation.

e Alaa Alslaity, and Thomas Tran. (2019). “Towards Persuasive Recommender Sys-
tems.” International Conference on Information and Computer Technologies
(ICICT, 2019). Hawaii, USA. (Discussed in Chapter 4).

This paper introduces the framework that we proposed for enriching RSs
with personalized persuasive capabilities. It defines the problem, gives the
general definitions along with the formal definition, describes the basic

ideas, and provides an illustrative example.

e Alaa Alslaity, and Thomas Tran. (2018). "Towards a Comprehensive Evaluation
of Recommenders: A Cognition-Based Approach.” Advances in Artificial Intelli-
gence: 31st Canadian Conference on Artificial Intelligence, Canadian Al 2018, To-
ronto, ON, Canada, Proceedings 31. Springer International Publishing, 2018. (Dis-
cussed in Chapter 5)

This paper presents the foundation of the proposed evaluation method for
RSs. It discusses the main idea and describes the inferred mapping between
humans and RSs. In particular, this paper shows how the recommendation
process can be seen as a learning process, where the outcomes can be eval-

uated as we evaluate the outcomes of a human learning process.

e Alaa Alslaity. (2018). "A Unified Evaluation Framework for Recommenders."
Graduate Symposium @ 31% Canadian Conference on Avrtificial Intelligence, Ca-
nadian Al 2018, Toronto, ON, Canada, May 8-11, 2018, Proceedings 31. Springer
International Publishing, 2018. (Discussed in Chapter 5).
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This paper presents my research agenda on proposing a cognitive-based

evaluation approach for recommender systems.

Submitted Papers (Under revision)

e Alaa Alslaity, and Thomas Tran. (2020) “The Impact of Persuasive Techniques on
Users of Recommender Systems: A User Study.” the Journal of Proceedings of the
ACM on Human-Computer Interaction (PACMHCI). (Discussed in Chapter 3)

This paper diagnoses the extent to which users of different characteristics
get influenced by various persuasive principles that a recommender system
uses and how the context can affect the influence of these principles. It also
provides general guidelines for designing persuasive RSs.

e Alaa Alslaity, and Thomas Tran. (2020). “Personalized Persuasive Recommender
System: A Framework and a Machine Learning-based Implementation.” The Jour-

nal of Expert Systems with Applications (Discussed in Chapter 4).
This paper discusses the PerPer framework for augmenting RSs with per-

suasive features. It also discusses the evaluation results of PerPer.

e Alaa Alslaity, and Thomas Tran. (2020). “Goal Modeling-based Evaluation for
Recommender Systems.” ACM User Modeling, Adaptation, and Personalization
UMAP 2021 Conference. (Discussed in Chapter 7).

This paper aims to develop the basis of an approach that uses goal modeling
to support the selection of a recommendation algorithm. It shows through
an illustrative example that it is feasible to model the recommendation al-
ternatives and their contributions to multiple stakeholders’ goals so that the

selected algorithm is well-aligned with the overall system requirements.

e Alaa Alslaity, and Thomas Tran. (2020). “Evaluating Recommender Systems: A
Systemized Quantitative Study.” International Journal of Intelligent Information
Technologies (1JIIT).

The objective of this paper is to assess the uniformity of the evaluation de-

signs of RSs presented in practice and their consistency with the theoretical
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sides of recommenders’ evaluation. Also, it aims to enclose the boundaries

of recommenders’ evaluation settings (offline evaluation, in particular). It

shows the results of a quantitative survey of articles published in the last

decade in the recommendation field. In addition, it introduces the Recom-

mender Evaluation Guidelines (REval) that presents a roadmap for those

who are intending to evaluate recommender systems. The work presented

in this paper is related to the theme of Chapter 5.

1.8. Thesis Outline

The rest of this thesis is organized as follows:

Chapter 2:

Chapter 3:

Chapter 4:

Chapter 5:

Chapter 6:

Chapter 7:
Chapter 8:

presents the theoretical background and definitions of the concepts that
are adopted from the social sciences into the RS area and will be used in
this work. Also, it provides a literature review about these concepts in
the RSs context.

discusses the user study conducted to examine the impact of Persuasive
Recommender Systems (PRS) on different users.

Builds on the findings of Chapter 3 and discusses the personalized per-
suasive framework for RSs.

presents the second main aspect, which is the cognitive-based evaluation
method of RSs.

provides the validation for the cognitive-based evaluation.

discusses the goal-oriented evaluation approach of RSs.

concludes the main points of this research, with more elaboration on the

thesis’ contributions and future work.
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Chapter 2. Background and Literature Review

This chapter surveys the related work relevant to the main theme of this thesis and its re-
lated concepts and situates my work in the literature. Section 2.1 provides a brief introduc-
tion to recommender systems. Section 2.2 introduces the review methodology. Section 2.3
discusses background concepts, which include recommender systems-related concepts and
other concepts from social sciences and persuasive technology that were initially designed
for different domains, but were adopted by, or adapted to, the context of recommender
systems. Section 2.4 surveys the state-of-the-art related to persuasive and personality-based
recommender systems. Finally, Section 2.5 provides a summary of the chapter.

2.1. Recommender Systems

Recommender systems are software mainly used to assist users in selecting items that are
of their interest [1]. System’s recommendations are usually referred to using the term
“Item”[3]. Normally, each RS focuses on a specific type(s) of items, such as movies or
news. RSs have shown great success in a wide range of application domains, which include,
but are not limited to, recommending music or movie on streaming websites, suggesting
friends on social media, recommending learning materials in learning support systems, and,

of course, recommending items in eCommerce systems.

2.1.1 Personalized vs. Non-personalized Recommendations

In a very broad classification, recommender systems generate personalized or non-person-
alized recommendations. The personalized recommendation is the most common approach
in the literature. In such an approach, the system provides suggestions that are tailored to
the current user (or group of users). That is, different users receive different items based
on their personal preferences Such recommendations are selected based on different factors
such as users' similarities or items' properties. Thus, some sort of information about the

items and the users is needed to provide personalized recommendations [32].
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Non-personalized recommendations, on the other hand, give the same recommen-
dation of items to all the users. Thus, they do not require knowledge about users or items.
Instead, these systems provide general recommendations either randomly or based on other
factors, such as popularity (i.e., how many times the item was used). Non-personalized
recommendations are less popular; they are commonly found in newspapers or magazines.
A typical example of this type of recommendation is to recommend the top-n selection of
items (e.g., the most-watched movies) without necessarily targeting a particular user. Non-
personalized recommendations are not typically addressed in the literature despite their

effectiveness in some scenarios.

2.1.2 Categorization of Recommender Systems:

There various types of recommender systems that are different in terms of domain,
knowledge used, or, most importantly, the recommendation algorithm used. The literature
distinguishes between six different categories of recommendation approaches [3], which
are: Content-Based, Collaborative Filtering, Knowledge-based, Demographic-based,
Community-based, and Hybrid approaches. According to Jannach et al. [1], RSs can be
broadly classified into four main categories only. Therefore, this section focuses on these

four categories.

Collaborative Filtering Recommender Systems (CF)

Collaborative Filtering (CF) is the most popular approach [3]. Its main idea is to recom-
mend items that are liked by other users with preferences (or tastes) similar to the prefer-
ences of the currently targeted users. The rating history is fed to the algorithm to calculate
the similarities between users. One of the common ways to implement CF is the neigh-
bourhood-based method, which focuses on the relationship between items or users. CF is
domain-independent. It is typically used when it is difficult to describe the items [33]. CF
techniques are further divided into model-based and memory-based [34], [32]. Memory-
based, in turn, is divided into user-based and item-based. Examples of the known learning
algorithms used in CF are the Association rule [35], Clustering [36], Decision Trees [37],
and Avrtificial Neural Network [38].
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The advantage of CF is that it can be used in domains where there no enough infor-
mation or feature about the items. Also, CF recommenders can recommend items that are
relevant to the user even if they are not in the user’s profile [39]. However, CF suffers from
the Cold-start problem (i.e., new users with very few ratings) [40], and Sparsity of data
(i.e., only a limited number of items are rated by users) [34], [41]. Examples of CF appli-
cations include GroupLens, Amazon, and Ringo [42].

Content-Based Recommender Systems (CBRS)

Content-based approaches rely on the similarities between items. That is, they recommend
items similar to those that were liked by the same user in the past. The similarity between
items is mainly calculated based on the attributes or features of the items. For instance, in
amovie domain, the movie genre, year, and actors can be used to calculate similarity. Thus,
CBRS is domain-dependent [33]. The recommendation process is done based on features
extracted from the content of the items the user has evaluated in the past [34], [35]; the
system recommends items that are mostly related to the items that are highly accepted by
the user.

CBRS uses different types of models to find similarities between documents in or-
der to generate meaningful recommendations. Different techniques are used to extract the
similarities between items. The most common techniques are Vector Space Model (e.qg.,
Term Frequency Inverse Document Frequency (TF/IDF) or Probabilistic models such as
Nai1've Bayes Classifier [43]), Decision Trees [44] or Neural Networks [45]. The advantage
of using CBRS is that it does not need knowledge about other users’ profiles. However, it
needs a deep knowledge of the items. CBRS is widely implemented and studied in the
literature (e.g., NewsDude [46], and LIBRA [47])

Knowledge-Based RS (KBRS)

As the name indicates, Knowledge-based approaches rely on knowledge of a specific do-
main to know how items meet users’ requirements. That is, they make recommendations
based on explicit knowledge about the available items, user requirements, and recommen-
dation criteria. There are different types of KBRS, such as case-based [48] and Constraint-
based [49]. Usually, KBRSs are applied in domains where CFRS and CBRS cannot be
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applied and where explicit knowledge acquisition is required, such as in cars and home
sales websites.

Hybrid Recommender System

Hybrid recommendation systems, as its name indicates, involve any combination of two or
more of the above-mentioned recommenders’ categories. The main idea behind using hy-
brid approaches is that they benefit from the advantages of one approach to overcome the
limitation of the other one [3]. For instance, CF approaches suffer from the cold-start prob-
lem (recommending items to new users or recommending new items that have not been
rated yet). Content-based approaches, on the other side, have the capability to overcome
the cold-start problem. Based on that, several hybrid approaches have been proposed. The
most common approaches are [33]: 1) Weighted hybridization: combining the results of
different algorithms by integrating the scores from each algorithm. 2) Switching hybridi-
zation: the algorithm switch between multiple algorithms. And 3) Cascade Hybridization:
in this model, the output of each algorithm is input to the next algorithm, which in turn
refine it and output the refined results. Examples of Hybrid recommendations include P-
tango [50], DailyLearner [51], and EntreeC [34].

2.2. Review Methodology

This thesis investigates the work proposed in the literature that is related to adapting
persuasion and personality traits theories from social sciences into the domain of
recommender systems. In particular, we articulate the search queries according to the
following questions:
e Question 1: What work was done that supports the adoption of persuasion theories
in the RS domain?
e Question 2: What work was done that adopt personality traits theories in the RS
domain?
In addition, since the second part of the thesis discusses evaluating RSs, we also investigate
the following question:
e Question 3: What work was done that supports the evaluation of RSs beyond their

accuracy?
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This chapter focuses on surveying the literature that addresses the first and second
questions. For organization purposes and to enhance comprehension of the subject matter,
the third question is discussed in Chapter 5, closer to the related chapters that discuss
evaluation approaches of RSs.

The search process was a combination between manual inspection and snowballing
strategies. | manually searched the proceeding of the annual ACM RecSys conference,
which discusses RSs related issues. Then, | searched the following databases (Scopus,
IEEE, ACM digital library, and Google Scholar). For further exploration, | used the snow-
balling strategy through surfing the referred papers. The search was restricted to peer-re-
viewed articles published in English-language.

Following are the general search queries for each search question:

e Question 1:
(“Recommend* System?” OR “Recommend* Algorithm” OR “RS?” OR “Collabo-
rative?Filtering”) AND
(“Persuas™ OR “Influence”) AND
(“Strateg®™ OR “Principle?” OR “Technique?” OR “Methodolog™”)

e Question 2:
(“Recommend* System?” OR “Recommend* Algorithm” OR “RS?” OR “Collab-
orative?Filtering”) AND
(“Personality?trait?” OR “User*Characteristics” OR “Five?Factor?model” OR
“Big?Five?personality”)

e Question 3:
(“Evaluat™ OR *Assess” OR “Compar*’) AND
(“Framework” OR “Model” OR “Protocol” OR “Strategy” OR “Method*” OR “Ap-
proach”) AND
(“Recommend* System?” OR “Recommend* algorithm” OR “RS?” OR “Collabo-

rative?Filtering”)

2.3. Background Concepts

This section introduces the necessary background concepts required to understand this re-

search. In particular, Section 2.3.1 discusses the traditional communication theories and

Chapter 2 — Background and Literature Review 19



how they can be connected to the field of recommender systems. Sections 2.3.2 and 2.3.3
provide an overview and theoretical definitions of human-related theories from the social
sciences utilized in this thesis, namely personality types and persuasive strategies.

2.3.1 Recommender Systems and Communication Theories

The literature in communication theories suggests that a persuasive communication process
involves the following parts: (1) source of a communication, (2) target, or destination, of
a communication, (3) the message to be communicated, (4) the context, which affects the
whole communication process, and (5) the effect, or impact, of the communicated message.
These five components, together, as shown in Figure 1, are called the communication-per-
suasion paradigm [52], [53]. The last part (i.e., the effect) represents the outcome of the
communication process. The features of all other parts influence this outcome. As it is
depicted in Figure 1, each part has multiple factors that influence the extent to which a
component is convincing. Consequently, the outcomes of a persuasive communication pro-

cess are influenced by the combination of multiple factors from all parts.

/ Context \

(Medium, Timing, Repetition, Audience Reaction)

Effect

+ Change attitude
* Reject message
+ Counterargue

+ Suspend judgment

* Derogate sourcy

Figure1 The communication-persuasion paradigm [52], [53]

Source

* Expertise
+ Trustworthiness
+ Attractiveness

* Discrepancy
* Fear appeal
* 1-or 2-sided

* Intelligence
¢ Involvement
+ Forewarned

Applying the communication-persuasion paradigm to the context of recommender systems,
a recommendation provided by any recommender system can be seen as persuasive com-
munication. The overall effect of the recommendation process is to persuade or convince

the target (i.e., the one for whom a recommendation is created). Hence, and based on the
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communication-persuasion paradigm, the ability of a recommendation to convince a re-
ceiver depends on four components: the source of the recommendation and the formers’
characteristics, the form and the content of the recommendation (i.e., the message), the one
who receives the recommendation and his/her characteristics (i.e., the target), and the con-
textual factors [52]. A mapping (or an analogy) between the communication-persuasion
paradigm and persuasive recommender systems is illustrated in Figure 2.

According to Yoo et al. [22], the communication-persuasion factors discussed in
the communication literature have recently gained increased attention in a technology-me-
diated communication context. Researchers have concluded that these factors are also im-
portant when people communicate with technology [14]-[17]. Besides, studies indicated
that we could make technology-based interactions more persuasive by incorporating the
persuasive cues explored in human-human communication [22].

RSs are typical examples of such applications that involve technology-based inter-
actions between users and computerized systems. These systems mainly concern about
providing recommendations to their users (i.e., advising users). According to Fogg [14],
when computer systems take the role of advising users, it becomes significant to understand
the social role of these systems. Since RS is an important example of such systems, tradi-
tional persuasive factors could provide a useful framework to study the communication
between RS and its users [22].

Yoo et al. [22] adopted the communication-persuasion paradigm to the RS domain
to provide a general view of a recommender system as a social actor with persuasion capa-
bilities. The conceptual framework of a Persuasive Recommender System (PRS) is de-
picted in Figure 2. Analogously to the traditional communication process, this framework
suggests that the RS itself is the source of the communication, its recommendation is the
message, and the user is the target of that message. All these components reside in a par-
ticular context with many properties that can influence the outcome of the communication.
The output of this communication process is an effect that encourages or discourages users
from accepting the provided recommendation and from deciding to reuse the system again

or not.
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Effect

Recommendation acceptance/rejection, Deferred judgment,
Counter-argumentation, Dismissal, Reuse

Figure 2  The conceptual framework for persuasive recommender systems (PRS) [22]

This framework is the source of inspiration for the work proposed in Chapter 3 and Chapter
4 of this thesis. According to Yoo et al. [22], this framework outlines the relationships
between the key constructs of a PRS. However, this framework is still preliminary and
needs more enhancements, as many human-human communication factors are still not ap-
plied yet into the RS domain. To this end, this work aims to investigate further factors and
to integrate more of the existing, but not applied, human-related theories to the recommen-

dation process to feed more details and advance findings to this framework.

2.3.2 User Personality

User personality can be defined as “a set of characteristics possessed by a person that
influence his or her cognitions, emotions, motivations, and behaviors in various situations”
[52]. Psychologists have extensively studied humans’ personalities and their characteris-
tics. As a result, different books have been written [54]-[56], and an abundant number of
articles have been published [57], [58]. Also, different theories have been stated, such as
the International Personality Item Pool (IPIP)8 [59], the Self Determination Theory (SDT)

8 https://ipip.ori.org/
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[60], Gamification User Types Hexad [61], and the one of special importance for this work,
the Five-Factor Model (FFM) [62].

The Five-Factor Model (a.k.a., the Big Five personality traits)® was initially intro-
duced in 1961 by Tupes and Christal [63]. FFM is a hierarchical organization of the per-
sonality traits of humans. We choose to adopt the FFM model in this thesis due to multiple
reasons: firstly, it is an identified and well-established model [64], and it is the most widely
accepted model of personality [65]. Secondly, the literature witnesses a consensus that
these five factors are able to describe the wide range of personalities [55]. Thirdly, this
model categorizes all people into five dimensions only, and its comprehensiveness has been
supported theoretically and practically [60]-[62]. Finally, the FFM appears suitable for us-
age in recommender systems as it can be quantitatively measured.

The FFM contains five dimensions or personality traits, namely Openness, Consci-
entiousness, Extraversion, Agreeableness, and Neuroticism. These five dimensions
represent differences among personalities [66], where each dimension (or trait) represents
a relatively stable pattern of frequent interpersonal situations that characterizes human life
[56]. According to John and Srivastava [67], each personality trait involves many charac-
teristics, or adjectives, that distinguish it from other traits. The authors stated that: “the Big
Five structure does not imply that personality differences can be reduced to only five traits.
Yet, these five dimensions represent personality at the broadest level of abstraction, and
each dimension summarizes a large number of distinct, more specific personality charac-

teristics”. Table 1 lists the five personality traits, along with their adjectives [62].

® Five Factor Model (FFM), and Big Five personality traits (BF) will be used interchangeably through this
thesis.
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Table 1  Big Five Personality Traits and their corresponding adjectives

Factor Adjectives (Facets)

Openness Artistic, Curious, Imaginative, Insightful, Original, and Wide interest

Conscientiousness  Efficient, Organized, Planful, Reliable, Responsible, and Thorough

Extraversion Active, Assertive, Energetic, Enthusiastic, Outgoing, and Talkative.
Agreeableness Appreciative, Forgiving, Generous, Kind, Sympathetic, and Trusting
Neuroticism Anxious, Self-Pitying, Tense, Touchy, Unstable, and Worrying.

Each of the five personality traits in FFM can be represented as a spectrum, where an indi-
vidual’s personality may fall anywhere on the spectrum, as depicted in Figure 3. The figure
shows each trait as a spectrum, where personalities can be either low, high, or anywhere in
between that trait spectrum. For instance, a person cannot be said as purely Extraversion.
Instead, she is placed on the scale between Introverted and Extroverted. A higher place on
the scale (e.g., closer to the Extroverted end) means that the Extraversion facets are high.
Having said that, an individual may hold properties of multiple traits that collectively form

her personality [68].

Low High
Introverted< Extraversion > Extroverted
Hostile < Agreeableness >Agreeab|e
Spontaneous < Conscientiousness > Conscientious
Stable < Neuroticism >Neurotic
Closed < Openness > Open

Figure 3  Big Five personality traits as spectrums [69]

The next subsection discusses assessing personality traits and how an individual’s person-

ality can be determined according to the FFM.
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User Personality Test

In the literature, there are different methods to acquire personality traits. These methods
include (1) Story-based method, which involves creating a story from a group of statements
that are related to each personality dimension [70], (2) Text-based method, which is con-
ducted by analyzing written texts or spoken languages [57], (3) Keyboard-based method,
which involves analyzing people typing features on keyboards or by monitoring how they
use the mouse [71], [72], and (4) Questionnaire-based method, performed by asking dif-
ferent questions through which experts can infer a user’s personality [73]. The last method
(i.e., Questionnaire-based) is the most popular approach to obtain the BF personalities.
Hence, we relied on it for this thesis work, as will be discussed in Chapter 3 and Chapter
4,

Several questionnaires have been proposed and deployed to evaluate personality
traits. These questionnaires differ in their questions and sizes (i.e., number of questions).
Some of these questionnaires focus on measuring the facets of each personality type. Such
questionnaires, however, are usually time-consuming due to the number of questions that
are required to measure the facets [74]. Thus, we did not consider such tests.

One of the most popular questionnaires is the Big Five Inventory (BFI), which was
introduced in the late 1980s [75], [76]. It consists of 44 short-phrase items, the reason why
it is known as BFI-44. This assessment can be answered in about five minutes. In the be-
ginning, it was debated that such a short questionnaire is sufficient to measure the BF di-
mensions [75]. This perspective, however, has been changed later, where the BFI-44- ques-
tionnaire was no longer considered short; instead, it was viewed to be tediously long. This
shift in perspectives is mainly due to researchers are faced with a limited assessment time.
Thus, there has been an increasing trend towards using a shorter assessment [75]. As a
result, many super short (1 to 10-items instruments) have been introduced in the literature.
For instance, The BFI-10 is a shorter version of the BFI-44 assessment that consists of only
ten items [75].

Many of the proposed assessments have been discussed, and they have shown
promising results suggesting that they can be feasible options for conducting question-
naires. Nonetheless, we decided to use the BFI-44 for several reasons: first, it is a short

version of the Neuroticism-Extraversion-Openness-Personality-Inventory-Revised (NEO-
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PI-R), which is the most accurate and popular inventory in the literature [77]. Second, this
questionnaire has been recognized as a well-established measurement of personality traits
[78]. Third, the BFI-44 is preferred, especially when the test time is limited. RS is an ex-
ample of such a case because, usually, users feel bored when asked to do many steps, which
in turn consumes their time. It is worth mentioning that BFI-10 is shorter than BFI-44;
hence, it takes less time. However, there are tradeoffs between a shorter and more accurate
assessment. The more questions asked in the assessment, the more accurate the observation
of traits [73]. Given that the standard BFI contains only 44 short phrases, it is not recom-
mended to use the shorter version unless there are exceptional situations [76].

The 44 short-phrase items of the standard BFI are rated on a five-step scale from 1
(Strongly disagree) to 5 (Strongly agree). Then, the individual’s rank of each personality
trait is calculated using a particular equation. The BFI-44 questionnaire and its calculation
instructions are presented in Appendix A.

2.3.3 Persuasive Strategies

In social sciences, persuasion is defined as a style of communication designed to influence
the actions and behaviors of individuals [79]. The use of technology to influence the be-
havior and the attitude of users is called Persuasive technology [80]. Behavioral scientists
have shed considerable light on how some interactions lead people to cede, comply, or
alternate [81]. The research findings imply that there is a wide range of means for persua-
sion and social influence. Consequently, researchers and practitioners have proposed dif-
ferent taxonomies of persuasion strategies, such as the 40 strategies that have been de-
scribed by Fogg [14], the six principles of Cialdini [81], and over 100 groups suggested by
Kellermann and Tim [82].

This thesis deploys Cialdini’s six persuasion principles (a.k.a., the six weapons of
influence!®) [81]. We considered these principles because they have been widely used in
the literature, and they have been verified as global persuasive approaches [68]. In addition,
as stated by Gkika et al. [68], these principles provide a solid framework in order to inves-

tigate the persuasive power of messages as peripheral cues in recommender systems. The

10 In this thesis, the terms “six principles of influence”, “Cialdini’s principles, and “six weapons of influ-
ence” are used as synonyms.
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six influence strategies, along with their definitions adopted from Cialdini [81], are as fol-
lows:

1. Reciprocity: “People repay in kind.” People have the tendency to return a favor. So,
humans are more inclined to follow recommendations made by a person the re-
ceiver is in debt to. For instance, if your friend sent you a birthday gift, then you
owe that friend a gift to be sent in the future. This principle is used in many com-
puterized systems such that they give new users a gift (such as a voucher or a free
service for a limited time)

2. Scarcity: “People want more of what they can have less of.” People consider what-
ever is scarce as more valuable. Therefore, they want more of scarce things. Dis-
playing numbers of availability for products is an example of implementing this
principle. eCommerce websites (e.g., Amazon) use this principle by providing a
limited-time-only promotion, often presented as a countdown timer showing the
time remaining before the offer expires.

3. Authority: “People defer to experts.” People are more inclined to accept recommen-
dations made by a legitimate authority. For instance, it is more likely to give change
for a parking meter to a stranger if she wears a uniform rather than casual clothes,
and it is more likely to buy a toothpaste if a well-known dentist recommends it.

4. Social Proof: “People follow the lead of similar others.” Usually, people have a
tendency to do what others do. So, people are most likely to accept recommenda-
tions if they are aware that others have accepted as well. When people are uncertain,
they look to the actions of others to decide. The widespread deployment of this
principle is checking the reviews of others. For instance, when people want to book
a reservation in a resort, they usually check out the reviews of that resort. This prin-
ciple is widely implemented in the computerized system, and it is implemented in
different ways, such as showing ratings, emphasizing the number of followers or
fans, or presenting testimonials.

5. Liking: “People like others who like them.” People are most likely inclined to accept
requests made by somebody (or in a way) they like. For instance, people may prefer

one store over the other because they like the employees in that store. In online
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communication, the systems also need their customers (or users) to enjoy the ser-

vice. So, the service or product should be presented attractively.

6. Consistency (or Commitment): “People align with their clear commitment.” People
have the tendency to commit to their previous or reported opinion or behavior. The
basis of this principle is that if people commit to doing small requests, it will be
easier to persuade them to do larger requests. Commitment is implemented online
by different means, such as asking the customer to test a new feature in the appli-
cation for free and to write a review about it. If the customer used the application
and wrote a good review of the service, she would be more likely to continue using
this service as a kind of commitment.

These principles provide approaches that cause one person to say yes to another one. That
is, appropriately implementing these principles can increase the acceptance of your re-
quests or your products. Recently, a seventh principle was added to these six principles
[83]. The new principle is called “Unity,” and it focuses on leveraging the “We” concept
(i.e., acting together and being together) to influence behavior [84]. This thesis focuses on
the original six principles.

The essence behind these principles is that different persons can be influenced dif-
ferently. That is, there is no master persuasive technique, which can influence all people.
So, these principles describe different ways of persuasion. Furthermore, each principle can
be implemented in many ways. For instance, two different implementations of the Con-
sistency principle are either asking customers to start from small things or by rewarding

them for investing time and effort in your brand.

2.4. Literature Review

Throughout the review of the recommendation literature, we noticed increasing attention
towards the social aspects of RSs. This direction is manifold, such that various theories are
used to handle different issues for many recommendation approaches. For instance, user
personality has been incorporated into RSs for different goals such as to increase accuracy
and diversity, to mitigate the cold-start problem, and to make group recommendations.
Moreover, researchers use different aspects (such as personality traits, demographic infor-

mation, temperament, lifestyle, and emotions) to present different personality styles or
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properties [85]. This is just a simple example that demonstrates the high dimensionality of
this topic.

To mitigate this issue and narrow down the review, we focused on the most related
articles to the thesis topics. Consequently, we divided the literature review into three parts.
Each part discusses articles that are related to one of the topics depicted in Figure 4. The
rest of the section is organized as follows: Section 2.4.1 discusses personality-based RS,
Section 2.4.2 discusses persuasion in the RS domain, and section 2.4.3 discusses works

that combine personality and persuasion in the RS domain.

Social Sciences

Personality

Theories Personality &

Persuasion in
RS

Personality in

/ :

Section 2.4.3

Section 2.4.1 Recommender Systems

(RS) .
Section 2.4.2

Figure 4  Organization of the literature review

2.4.1 Personality-Based Recommender Systems

Different researchers have studied the importance of personality-based recommendations.
These studies consider different aspects as indicators of users’ personalities [85]. Person-
ality aspects include demographic information, temperament, lifestyle, emotions, and per-

sonality traits. According to Hu & Pu [85], personality traits ( which is the aspect of a
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special focus of this thesis) are among the most important human psychological aspects
used in RSs. Hence, this aspect has received special attention in the recommendation liter-
ature.

Burger, J.M [86] defined personality as a ‘““consistent behavior pattern and in-
trapersonal processes originating within the individual.” RSs that utilize personality traits
to provide personalized recommendations are called Personality-based Recommenders
(PBR) [87]. These systems have used personality aspects to address different issues, such
as the cold-start problem (i.e., recommending items for new users or recommending new
items), the diversity of recommendations (i.e., recommending a diverse set of items), and
group recommendations (i.e., to provide suggestions for a group of users instead of a single
user). This subsection provides an overview of how personality has been utilized in RSs
with a focus on those articles that concern the FFM.

To investigate users’ acceptance of personality-based RSs, Hu and Pu [87]
evaluated and compared a Personality-based recommender with a rating-based one. They
relied on the Technology Acceptance Model (TAM), a model that aims to provide an ex-
planation of the determinants of computer technology acceptance. A within-subject user
study is conducted to investigate users’ acceptance of the systems. The study concluded
that, in terms of usability, the personality-based RS is much better than the rating-based
one, and it is perceived to be slightly more accurate. Moreover, the results disclose that
users prefer the personality-based RS and have a considerably higher intention to reuse
such a system.

Rentfrow and Gosling [88] investigated the relationship between music and person-
alities. They analyzed the music preferences of over 3500 individuals. This study con-
verged to reveal four dimensions of music preferences: Reflective & Complex, Intense &
Rebellious, Upbeat & Conventional, and Energetic & Rhythmic. Then, the authors connect
each of these dimensions to users’ personalities based on the FFM model. The results show
that the music type reveals some of the listeners’ personality. For instance, The Energetic
and Rhythmic music dimension was positively related to Extraversion and Agreeableness
personalities. That means individuals who enjoy Energetic and Rhythmic music tend to be

talkative, full of energy, and are forgiving.

Chapter 2 — Background and Literature Review 30



In another study, Rentfrow et al. [89] extended the work presented in [88] to include
general entertainment domains that included books, magazines, films, and TV shows, in
addition to music. The contents were categorized into five categories: Communal, Cere-
bral, Aesthetic, Dark, and Thrilling. Then, as in the previous study, the author mapped
these categories to the five personalities presented in the FFM. The results confirmed the
previous results such that users’ personalities influence their choices. For example, the re-
sults show that Extraversion, Agreeableness, and Conscientiousness are positively related
to the Communal category, while Openness and Neuroticism are negatively related to the
communal category. The aesthetic category was positively related to Agreeableness and
Extraversion, and negatively to Neuroticism.

Hu and Pu [90] proposed a general algorithm for personality-based music recom-
mender systems. The proposed algorithm relies on matching users’ personalities with their
musical preferences group to make recommendations. The authors defined these matchings
based on the results reported by Rentfrow and Gosling [88]. They also explored whether
users' knowledge about the domain affects their appreciation of the personality-based rec-
ommender. The results of a user study with 80 participants show that, overall, users enjoyed
using personality assessments to get recommendations. Also, the results show that domain
knowledge influences users’ perception of the system. Novice users (i.e., users who are not
familiar with music) generally appreciate personality-based RSs, and they had more
positive perceptions than expert users.

Researchers have also found that personality is an important factor in Context-
Aware Recommender Systems (CARS). To understand the impact of personality on emo-
tion induction in different social circumstances during the consumption of movies, Odi"c
et al. [91] conducted an experiment based on the CoMoDa dataset [92], a contextual movie
recommender system dataset. Odi’c et al. aimed to answer the following question: “are
different personality profiles influence the emotion induction when users are alone as op-
posed to when they are with a company while watching movies?”. They observed that
different social context (i.e., alone vs. with others) leads to different patterns of experienced
emotions for Extraversion, Agreeableness, and Neuroticism. However, people with Con-
scientiousness and Openness personalities did not exhibit different patterns in their induced

emotions.
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Some researchers rely on personality to enhance recommendations diversity. Chen
etal. [93], for example, investigated whether personality may impact the need for diversity.
To do so, they conducted a user study with 181 participants. The study obtained users’
selections of movies as well as their personality traits. It also considered two levels of
diversity: one over each individual attribute of the items (such as the movie’s director,
country, or actor/actress). The other is over the combination of all attributes (named overall
diversity). The results show a significant correlation between some personalities and users’
diversity preferences. For instance, it shows that users with high Neuroticism are more
inclined to choose diverse directors, while low Agreeableness users prefer diverse movie
countries, and high Conscientiousness users prefer diverse movie’s release time. In terms
of overall diversity, less Conscientious people prefer a higher level of overall diversity.

Based on the findings of Chen et al.’s survey [93], Wu et al. [94] proposed a per-
sonality-based diversity adjusting approach for movie recommendation. They have incor-
porated personality into a content-based recommender system. The proposed algorithm be-
gins by identifying the user’s diversity need based on her personality traits. For example,
according to the results of Chen et al. [93], low Agreeableness users prefer diverse movie
countries. Therefore, if the current user possesses low Agreeableness and the “country” is
her most important dimension, the recommended movie list will contain movies from dif-
ferent countries (i.e., movies with diverse countries).

Another recommendation issue that is investigated in the personality-based RS is
group recommendation. Kompan et al. [95], for instance, used the FFM to model individual
users as well as the relationship between group members. They adopted a graph-based ap-
proach to model group satisfaction. The authors also introduced the influence graph, which
is a graph that represents the influence of users. Vertices represent users, and edges repre-
sent user influences (i.e., the influence presence between two users). Edges' weight can be
calculated based on relationship, personality, and actual context. A small-scale user study
is conducted to evaluate the approach. They concluded that the usage of personality-based
group satisfaction recommender generally outperforms the standard group recommender.

These are the most related articles in the context of personality-based RS. All these
studies and others demonstrate the benefits of including users’ personalities in the recom-

mendation process. However, the main limitation of these studies is that they consider
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users’ personalities in isolation of other factors, such as the application domain and per-
suasiveness. The next section presents those approaches that concern with the Persuasion
of RSs.

2.4.2 Persuasion in Recommender Systems

In the RS-related literature, most of the studies that discuss persuasion rely on several con-
structs as measures of persuasion. These constructs include trust toward the RS, the
cognitive effort required to get a recommendation, and the presentation of recommenda-
tions [96]. Such constructs deal with a recommender as a pure computerized system. In
this thesis, however, we look at an RS as a social actor (i.e., a human). Thus, this section
sheds light on approaches that adopted persuasive theories, from the social sciences, into
the RSs in order to enhance the quality of recommendations and users’ acceptance
According to Gkika [96], there is relatively limited research that examines the con-
ditions under which an RS has a persuasive effect. However, the research in this direction
is gaining increasing attention. As a result, some approaches have been introduced in var-
ious areas of RSs, as follows: Yu et al. [14] introduced the basic principles of Persuasive
Product Recommendation Agents (PPRA). The article categorizes persuasive recommend-
ers into three types based on their persuasiveness: Neutral, Deceptive, and Persuasive.
Based on this classification, the authors distinguished persuasive recommender from neu-
tral and deceptive ones. Also, the article classified persuasive techniques that can be used
in PPRA into three types, based on two factors: First, the components that customers will
judge to process persuasion, which includes the source of the message, the content of the
message, medium or channel, and the audience. Second, how will persuasion be processed?
To answer this question, the authors relied on the Elaboration Likelihood Model (ELM), a
general attitude change theory. ELM suggests that there are two ways of persuasion: central
(used for individuals who evaluate the content of the message carefully) and peripheral
(used for less thoughtful individuals). Based on that, the authors proposed a framework to
classify persuasion tactics in PPRA. The framework is presented as a 2*2 matrix that
combines persuasion components (Source vs. Message) and persuasion routes (Central vs.
Peripheral). For example, the first class of the framework is (Source, Peripheral) focuses

on influencing customers' evaluation of the source (the recommender itself) through the
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peripheral route. According to the authors, this article is a boot step towards a
comprehensive understanding of persuasive recommenders. However, the article has no
insights into the applicability of the framework.

One of the good candidates for persuasive recommendations is the route planning
RS. These systems aim to persuade users to use recommended routes that are considered
better than other routes. For instance, Bothos et al. [97] have implemented a route planning
recommender system that aims to nudge the users toward following environmentally
friendly routes. The system defines an information message based on a set of seven differ-
ent persuasive strategies. It considers user-profiles and contextual elements. The user pro-
file combines information about the user’s travel history, travel habits, and persuasion at-
tempts logged each time they are presented with a message. The proposed system is tested
through Android-based smartphone users in the cities of Vienna and Dublin. The user’s
feedback demonstrates that the system was found interesting. However, the study could
not detect any changes in users’ behavior, which could be attributed to the persuasive mes-
sages.

Another persuasive route recommendation system is proposed by Sengvong & Bai
[98]. The proposed recommender aims to facilitate transport use and support society to
mitigate external costs, such as traffic pollution, congestion, and accidents. The system
uses rewards as a persuasion technique to influence an individual’s behavior to choose the
least costly route. To do so, the authors have proposed an algorithm that can be used to
balance two conflict parties with utility values and ranks. This algorithm is utilized for
balancing the conflict between personal needs and social aims. Experimental results show
that the proposed system can promote public-friendly commute options more effectively
than the traditional recommendation system. However, the proposed system has ignored
important factors, such as demographic data and social relationships among individual us-
ers. The study was also limited by a small sample of travel routes collected manually and
synthetic user preferences.

Wu et al. [99] proposed the GreenCommute, which is also a persuasive recom-
mender for public-friendly commute options. This study aims to handle the limitations of
the study of Sengvong & Bai [98], previously mentioned. The proposed system aims at

facilitating commuters to use public-friendly travel options to alleviate the external costs
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in society. GreenCommute relies on a rewarding technique that takes users' influential
power into consideration to balance the conflict between personal needs and social aims.
GreenCommute also considers the impact of social pressure in providing recommendations
and in calculating the reward values. Thus, users’ influential degrees (i.e., their impacts on
other users) in the social network is considered, such that users with higher influential de-
grees can be ‘hired’ as influential ‘seeds’ for promoting public-friendly options. The article
concluded that GreenCommute can provide more efficient recommendations of public-
friendly routes by rewarding individuals and utilizing social influence degrees through ex-
perimental results.

In the context of restaurant recommendations, Herse et al. [100] compared the effect
of human’s persuasion on decision-making compared to a robot and non-social machines
(information kiosk). In particular, the authors hypothesized that: “a human is more persua-
sive than a robot, and a robot is more persuasive than an information kiosk.” They con-
ducted an experiment where192 participants were randomly assigned to the three different
options (human, a humanoid robot, and information kiosk). A restaurant RS is implemented
with similar interfaces for both the robot and the kiosk. Their preliminary results imply that
embodiment type significantly affects the persuasiveness of RSs. This result suggests that
human-like features of agents may support boosting RSs persuasiveness. The results were
consistent with the first part of the hypothesis (i.e., a human was more persuasive than a
robot), but, surprisingly, the robot was no more persuasive than the kiosk.

Persuasion has also been discussed in the domain of Health RS, where persuasion
is used to change or quit non-healthy behavior or to admit or engage in a healthy routine.
As an example, Pilloni et al. [101] discussed the persuasiveness of a health recommender
system. They proposed an approach to monitor behavioral changes to predict athletes’ loss
of motivation that leads to stopping training. Upon the detection of such loss, the system
refers the athlete to her coach, along with a concise explanation of the detected behavioral
changes. Also, the system helps coaches by recommending persuasive techniques to per-
suade an athlete to continue training.

Another domain that is related to the health domain is online food shopping. For
instance, Adaji et al. [102] studied the impact of Cialdini’s principles on eCommerce shop-

pers based on their online shopping motivation. The article relied on a game-based
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approach to identify users’ susceptibility to the persuasive principles. In particular, a shop-
ping game named ShopRight was developed, which simulates a retail store. It recommends
the healthiest products to the players. It also combines the suggested product with a per-
suasive message. Players were asked to use the application for at least three rounds, where
their responses to the persuasive messages are recorded. The authors classified the players
based on their shopping motivation into four categories: convenience shoppers, variety
seekers, balanced buyers, and store-oriented shoppers. Then, the change in participants’
attitude, intention, self-efficacy, and perceived price of products are identified using pre
and post-game surveys. The results show that persuasive principles influence shoppers dif-
ferently based on their online shopping motivation.

An exploratory study on the outcomes of influence strategies in mobile application
RS is conducted by Unal et al. [103]. They analyzed and compared the effect of visible and
semi-visible persuasive messages. According to the authors, a semi-visible modality is used
to avoid resistance, which is likely to happen when the persuasive message is presented
obviously and visibly. The article also discussed users’ compliance with these messages
and how their compliance is affected by their persuadability!. A two-phase study has been
conducted; first, a questionnaire-based study about users’ behavior in a mobile environ-
ment and their susceptibility to persuasive strategies (the six influence strategies of
Cialdini). Second, an experimental survey regarding visible and semi-visible persuasive
messages. The study results provided evidence that the perception of semi-visible persua-
sive messages is considerably higher than visible messages. An important conclusion of
this study is that the use of persuasive messages should be tackled cautiously. That is, the
persuasion messages should be used in the correct context because using them incorrectly
may negatively impact their benefits. Also, when using persuasion, we must be cautious
and aware of the trust and privacy-related issues.

Several researchers have investigated the feasibility of using explanations as an im-
plementation design of persuasive strategies in RSs. Gkika & Lekakos [13], [96] investi-

gated the application of implementing Cialdini’s influence principle on users’ intention to

11 According to the American Heritage Dictionary, “Persuadability” means “To cause (someone) to accept
a point of view or to undertake a course of action by means of argument, reasoning, or entreaty.” Retrieved
December 14 2020 from https://www.thefreedictionary.com/persuadability
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use a recommendation. The work was conducted in the context of a movie recommender.
In the first part of the study, the authors suggested 30 different explanations, five for each
influence strategy. Then, based on the opinions of 17 experts, they selected the best match-
ing explanation for each strategy. In the second part of the study, they conducted a user
study using a collaborative filtering movie RS. A total of 184 subjects participated in the
study. The results demonstrate that, in general, incorporating a persuasive explanation to
recommendations that are close to users’ preferences will affect their behavior in terms of
accepting/rejecting recommended items.

Another study conducted by Heras et al. [104] explored the use of argumentation
(or explanation) as a persuasive technique in the context of Educational Recommender
Systems (ERS). The proposed system recommends learning objects for students, taking
into account students’ profiles, preferences, and learning needs. Along with the recommen-
dations, the system produces several types of explanations. The selection of these explana-
tions is based on three factors, as follows: (1) students’ learning profile (personal info,
language, topic preferences, educational level, and learning style), (2) learning history (i.e.,
learning objectives that they already used), and (3) students’ similarity to each other’s. The
results of a user study show that explanations can be used to improve recommenders' per-
suasion power. Particularly, 72% of students’ ratings for the recommended learning objects
are improved with the explanations.

Zanker and Schoberegger [105] also explored the persuasion potential of explana-
tions. They conducted a supervised online user study that compares the persuasiveness of
three different styles of explanations. Particularly, this study compares fact-based explana-
tions (i.e., explanations of the form of separated facts “A, B, ...””) with argument style (i.e.,
explanations of the form “A and B, therefore C”), as well as with sentence-based explana-
tions that need more cognitive effort to be understood. The study has been conducted in
the scope of personalized route planning for hikers in the Alpine regions. One hundred
thirty-six participants have completed the user study. The results indicated that an argu-
mentative explanation style would influence users more than the two other styles. And
Fact-based explanation has stronger persuasion power than sentence-style.

Hyan and Gretzel [106] reviewed the existing literature on the influence of source

characteristics in the context of human-human, human-computer, and human-
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recommender system interactions. The purpose of their study is to identify potential influ-
ence factors to create more credible and persuasive recommender systems. The authors
concluded that many social cues that have been identified as influential in human-human
and human-computer contexts have yet to be implemented and tested in recommender sys-
tems context to make the latter more persuasive. In particular, the authors suggested view-
ing recommender systems as social actors with socializing and persuasion capabilities.

Furthermore, Benbasat and Wang [16] concluded that users not only perceive rec-
ommender systems as social actors who possess human characteristics but also that these
social perceptions have the potential to influence system evaluations. In particular, the ex-
periment conducted by the authors showed that users perceived human characteristics (such
as benevolence and integrity) when they interact with online recommendation systems. As
a consequence, perceiving integrity while interacting with recommender systems is im-
portant to establish trust between users and RSs, which increase the persuasiveness of RSs,
and in turn, increases the recommendation acceptance.

Other studies supported the need for a social focus in recommender system research
and investigated the influences of system characteristics when users evaluate systems as
well as recommendations [25], [107]-[109]. In particular, these studies emphasized on un-
derstanding recommender systems as communication sources to which theories developed
for human-human communication apply. These approaches researched the impact of
source characteristics on persuasion likelihood and outcomes, with a core assumption that
credible sources are more effective persuaders.

As mentioned above, trust is considered a facet of the persuasive process that is
considered out of the scope of this work. However, given the extensive trust literature as-
sociated with RSs, and because of its relation to persuasion, we will shed some light on it.
Trust and persuasion are tightly related. According to Petty and Cacioppo [110], trust is
inversely related to persuasion intention. That is, a source whose intent is to persuade is
perceived as less trustworthy than one without persuasive intent. This relationship is con-
firmed in the context of RS by Unal et al. [103], who found that the perception of semi-
visible persuasive messages is considerably higher than visible messages. The authors sug-
gest that a semi-visible modality (which hides the intention to persuade) is used to avoid

resistance, which is likely to happen when the persuasive message is presented obviously
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and visibly. On the other side, a more trustworthy source is more persuasive. Bauernfeind
[19] stated that building a trust relationship between users and RSs is essential to assist
users in making a decision, and it increases users’ intentions to adopt the RS [16]. To sum-
marize, a trustworthy relationship increases the recommender’s persuadability and, there-
fore, enhances users’ acceptance [16]. However, persuasion should be used cautiously so

as not to negatively affect trust.

2.4.3 The Combination of Personalization and Persuasion

The previous two sections explored the work that shows the applicability of personality-
based RSs (section 2.4.1) and persuasion in RSs (section 2.4.2). The articles discussed in
the previous two sections examine personalization and persuasion in isolation. However,
Berkovsky et al. [111] suggested that both aspects (i.e., personalized and persuasive) tech-
nologies share the same goal, which is influencing users or affecting their interactions. This
section investigates the articles that discuss the relationship between users’ personality
characteristics and Cialdini’s principles of persuasion to personalize persuasive principles.

In this research direction, researchers consider various personality determinants.
Oyibo et al. [112], for instance, investigated whether the personality of users who came
from different cultural backgrounds (i.e., origins) would affect the extent to which they got
persuaded by Cialdini’s persuasive principles. The authors used “originality” as a person-
ality determinant. Particularly, the study provided a comparative analysis of the Nigerians’
susceptibility to the persuasive strategies compared to Canadians. A study of 248 total re-
sponses (88 Nigerians and 196 Canadians) was conducted. The results revealed that Nige-
rians' susceptibility is different from the Canadians for all strategies except for the Com-
mitment strategy. In particular, Authority and Scarcity were found to be the most effective
on Nigerians. On the other hand, Reciprocity and Liking were found the most effective on
Canadians.

In another study, Oyibo et al. [113] conducted a study that aims to determine Afri-
cans’ persuasion profiles. Nigeria is considered as a case study, and Cialdini’s principles
were considered for the persuasion profiles. The article also investigated if gender has any
impact on the responses. The results of 88 responses show that Nigerians are susceptible

to all principles but at different levels. Specifically, the level of susceptibility to the six
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principles was ordered, from the highest to the lowest, as follows: Commitment, Reciproc-
ity, Authority, Liking, Consensus, and Scarcity. The study also concluded that gender plays
a role in Nigerians’ responses, with males found to be more susceptible to Commitment
and Authority than females. The article, however, involved a small sample, and the partic-
ipants are all Nigerians.

Regarding the relationship between personality traits (namely, the FFM) and
Cialdini’s principles of persuasion, the research in this direction is relatively limited [114],
especially in the area of RSs. To the best of our knowledge, only three prior studies have
discussed this correlation. Gkika et al. [68] extended the study of Gkika & Lekakos [96] as
follows: in addition to investigating the persuadability of the six influence strategies, the
study discussed the effect of personality in the acceptance of recommendations. The BFI-
44 has been used to infer users’ preferences. The persuasive strategies have been incorpo-
rated into the systems as explanations (text messages) with the recommended items. The
authors conducted a within-subject experiment, such that participants were exposed to six
different explanations (one for each persuasive principle). After that, participants were
asked to rate recommendations in order to evaluate which strategy, if any, influenced the
user's intention to watch a movie. The results revealed that all of the six influence principles
positively change users’ acceptance of the recommendations. Particularly, Authority and
Social Proof were found to be the most effective persuasive principle. In addition, the re-
sults indicated that users’ personality impacts the effectiveness of persuasion approach.

Oyibo et al. [114] studied the relationship between the Big-Five personality traits
and Cialdini’s persuasive strategies. The authors conducted their study in Canada, with
participants of Canadian origins. The study used a 32-item scale to measure how suscepti-
ble people are to Cialdini’s principles. A total of 216 responses were considered in the
study. The results revealed that Conscientiousness, Agreeableness, and Openness are the
most consistent predictors of Cialdini’s persuasive strategies. Neuroticism turns out to be
the least predictor of the persuasive principles, as it only predicts Social Proof. Also, they
noticed that none of the personality traits predicts Scarcity among Canadians.

Alkis and Temizel [115] also conducted a study similar to Oyibo et al. [114]. How-
ever, this study considered a different sample. That is, the study is conducted with 381

participants; all of them are Turkish undergraduate students. To collect data, the authors
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conducted a structured questionnaire that comprised the Big Five Inventory (BFI) person-
ality traits scale and the Susceptibility to Persuasion Strategies scale. The study found that
personality traits are important in the selection of influence strategies. Agreeable people
were found the most susceptible to Cialdini’s principles compared to the other traits.
Kaptein [116]-[118] studied the impact that social influence strategies (such as
Cialdini’s principles) have on users of Ambient Intelligence (Aml) systems. The author
found that there are substantial differences in individual susceptibility to different influence
strategies. Therefore, the author posited that persuasive technologies should be adaptive to
these differences. In particular, the author suggested that designers of persuasive technol-
ogies should use persuasion profiles to adapt to individual differences in users’ responses
to influence strategies. According to the author, a persuasion profile is defined as: “a col-
lection of expected effects of different influence strategies for a specific individual[119].
In addition, Kaptein [116] proposed a persuasive system that adapts its methods for behav-
ioral change to the responses of its individual users. To achieve this, the author proposed
to use persuasion profiles in an online commerce setting and evaluate its performance using
Bayesian learning. The proposed approach is deemed feasible in terms of increasing reve-

nues for the system that utilizes persuasion profiles.

2.4.4 Limitations of Closely-Related Work

The literature review revealed increasing attention towards the personality-based and per-
suasive RSs. The work in this area provided promising findings regarding the feasibility of
adopting human-human theories to human-recommender communication. Nonetheless,
personalization still has a huge untapped potential to maximize the impact of persuasive
applications [111]. This section discusses the major gaps and limitations observed through
the literature review, and we try to fill through this work, which can be summarized as
follows:

e Despite the existing work in both personality-based and persuasive recommenda-
tions, most of the studies (as mentioned in sections 2.4.1 and 2.4.2) discussed these
two concepts separately. These two concepts, however, share the same goal, which
is influencing users [111]. Also, the study of Gkika et al. [68] has shown that users’

personality affects the effectiveness of persuasive strategies. Thus, it is important

Chapter 2 — Background and Literature Review 41



to consider both concepts when we design a persuasive RS. Chapter 3 investigates
this issue.

e Section 2.4.3 explored the research that examines the correlation between
Cialdini’s principles and users’ characteristics, with a focus on personality traits.
We noticed that the work in this direction is still limited, especially in the recom-
mendation domain. Up to our knowledge, three studies (Gkika et al. [68], Oyibo et
al. [114], and Alkis, N., & Temizel [115]) are the only studies that have recently
studied the relationship between Cialdini’s principles and the FFM. Only one of
these studies (Gkika et al. [68]) has addressed this topic in the context of RSs. Fur-
thermore, these studies discussed the impact of users’ personalities in isolation of
other factors. Chapter 3 also explores this issue by examining the correlation be-
tween Cialdini’s principles and both user characteristics and the context of the RS
domain.

e Another issue related to section 2.4.3 is that most of the literature conducted generic
studies (i.e., studies that are not designed to a particular application domain or con-
text). These studies used general evaluation items to assess the susceptibility of
users to persuasion principles. Oyibo et al. [113] suggested that the actual users’
susceptibility to the persuasive principles may differ when implemented and eval-
uated for real persuasive application. This issue is taken into consideration in
Chapter 3 by tailoring the persuasion questionnaire to the RS domain. This issue is
also considered in Chapter 4. Specifically, we evaluate the effect of Cialdini’s prin-
ciples in a prototype for a real domain (persuasive RS).

e The literature raised increasing calls to the importance and the benefits of integrat-
ing persuasive features to recommendation systems. As it is discussed in section
2.4.2, most of the articles (such as [96], [100], and [103]) discussed the feasibility
of persuasive recommenders. That is, they discuss the applicability of incorporating
persuasive features to RSs. However, there is a lack of approaches that provide
solutions to translate and integrate persuasiveness into RSs in a personalized and
dynamic manner. Chapter 4 proposes a solution to this issue.

Table 2 summarizes the main differences between this thesis and the most related work. It

is divided into three sections according to the categorization of the literature review.
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Table 2  Major differences between previous work and this thesis

Article Main Limitations and gaps

. ¢ Does not consider persuasion (i.e., they discuss personality in iso-
Personality-related

) lation of persuasion).
(section 2.4.1)

o Domain-specific solutions (e.g., [87], [88], and [94])

¢ Does not consider personality traits (i.e., they discuss persuasion
in isolation of personality effect).
e Domain-specific solution (e.g., [97] - [101])

Persuasion-related

(section 2.4.2) _ o _ _ _
e Discuss the feasibility of persuasion, but lack the solutions to inte-

grate persuasion (e.g., as [96], [100], and[103])
e Does not consider the FFM. (e.g., [112], and [113])

Personality-per- e Ignores some other factors, such as gender, age, culture, or con-
suasion- related text). (e.g., [112], [68])
(section 2.4.3) e Is not designed for RS. (e.g., [112] - [115])

¢ Does not provide adaptive solutions.

2.5. Chapter Summary

This chapter discussed the concepts that are not familiar in the RS area, namely, the per-
sonality traits (Section 2.3.2) and persuasive strategies (Section 2.3.3). It also surveyed the
research related to the proposed work. Particularly, Sections 2.4.1 discussed personality in
RSs, and Section 2.4.2 discussed the persuasiveness in RS. Section 2.4.3 discusses the most
related articles that study the relationship between personality and Cialdini’s six principles.

The next chapter presents a user study about the susceptibility of RS users to
Cialdini’s principles and how their persuadability is affected by various factors. Based on
the findings of this study, Chapter 4 proposes a personalized persuasive recommendation
framework, which is an adaptive framework that aims to increase users' acceptance of rec-

ommendations by providing persuasive capabilities to the recommender.
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Chapter 3. Impact of Persuasive Recommender

Systems on Users

This chapter discusses the user study that | have conducted to examine the impact of Per-
suasive Recommender Systems (PRS) on different users. In particular, the purpose of the
study is to diagnose the extent to which users of different characteristics get influenced by
the different persuasive principles that a recommender system uses during the process of
recommendation. The rest of this chapter is organized as follows: Section 3.1 discusses the
motivation behind this study. Section 3.2 describes the study methodology. The data col-
lection and analysis processes are presented in Section 3.3. Design guidelines and discus-
sion are provided in Sections 3.4. Finally, Section 3.5 summarizes the chapter. Most of the
content of this chapter were published in [120] and [121].

3.1. User Study Motivation

There is a wide range of persuasive principles introduced by the psychologists; among
them are the six weapons of influence proposed by Cialdini [81] (as discussed in Section
2.3), which are among the most commonly used principles in the persuasive technology
area. Researchers have recently started investigating how users respond to or interact with
these six principles. However, despite the increasing research interest, there are still several
gaps when it comes to recommender systems and persuasion (as mentioned in sec-
tion2.3.3). These gaps can be highlighted as follows: (1) A limited number of researches
studied the influence of persuasive principles on users while taking the users’ characteris-
tics into consideration. (2) The few studies that discussed the impact of users' characteris-
tics neglected other important factors, such as the application domain (or the context). (3)
Most of the studies (such as the ones conducted by Oyibo et al. [114] and Alkis et al. [115])
were generic and were not designed in particular for the RS area. And (4), the considered

study samples were limited, in the sense that they either considered single culture
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(participants from a single origin such as [115] and [114]), or considered a particular com-
munity (such as university students [68] and [115]), or a particular age range [115].

The user study conducted in this thesis aims to fill these gaps by investigating the
susceptibility of RSs users towards the six weapons of influence and the extent to which
users’ attributes and the application domain affect this susceptibility. To achieve this, |
conducted an online questionnaire that consists of two main parts: the personality test and
the persuasion test. The persuasion test, in turn, is divided into three subparts: the eCom-
merce domain, the movie domain, and the generic (no domain) parts. In each subpart, par-
ticipants were asked to rate six sentences that represent Cialdini’s persuasive principles.
More details about the design of this user study are discussed in Section 3.2

Our study is different from the previously mentioned studies in the following as-
pects: (1) It considers both users' characteristics in conjunction with context characteristics
(i.e., application domain). (2) It is designed and deployed for a particular domain applica-
tion, namely recommender systems. And (3) the study sample is heterogeneous in the sense
that it involved participants from different continents, ages, and gender. Besides, this study
provides numerical mappings between personality traits and Cialdini’s persuasive princi-
ples, with the aim to provide a potentially better perception of the relationships between
the two factors (Personality and Persuasive principles). This numerical mapping is not pro-
vided by any of the already existing studies. More details about this mapping are discussed
in Chapter 4.

3.2. User Study Methodology

The design and evaluation of this user study were guided by the Goal, Question, Metric
(GQM) framework of Basili [122]. Following this framework, | first identified the goals of
the study. Then for each identified goal, | articulated a set of questions reflecting the goals
and a set of measures to assess the achievement of the goals (more details are provided in
Section 3.3). The main goals of this user study are to:
e G1: Evaluate the impact of different factors, namely: age, gender, culture, person-
ality traits, and application domain, on RS users' susceptibility to persuasion prin-
ciples.

e G2: Provide guidelines for designing persuasive recommender systems (PRS).
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e G3: Evaluate the relationship or the correlation between users’ personalities and
the different persuasion principles. The purpose of this evaluation is to guide the
development of the right PRS in real life to suit individual personalities in order to
increase users’ acceptance of recommendations. More details about achieving this

goal are discussed in Chapter 4.

The following subsections explain the study design and other components, such as the eth-

ics approval, participants, data collection and analysis, and the results.

3.2.1 Study Design

This study follows a within-subject study design; wherein, the same person tests all the
conditions (i.e., all the sections of the questionnaire). The study starts by asking questions
about the demographic background. Then, participants are required to answer two ques-
tionnaires. The first one (depicted in Appendix A) is about testing the personality traits
according to the FFM, in which we deployed the BFI-44 items (discussed in section 2.3).
The second questionnaire is the persuasion questionnaire (presented in Appendix B), which
aims to test users’ susceptibility to the six persuasive principles. This questionnaire is di-
vided into three parts based on the application domain. The first part is the generic part,
which does not reflect any particular domain. The second part is designed to represent the
eCommerce RS domain, while the third part represents the movie domain. We used six
different cues (sentences) in each part, where each cue represents one of Cialdini’s persua-
sion principles. Participants were asked to rate these sentences based on a seven-step Likert
scale from -1 to 5, with -1 being the least level of susceptibility (or negative impact) and 5
being the maximum level.

It is worthwhile to mention that the persuasive sentences that we used in the eCom-
merce and the movie parts of the persuadability questionnaire were inspired by, and de-
signed based on, the study of Gkika et al.[68]. We adopted the same sentences for the
movie RS, as suggested by the authors. Then, we followed the same convention to formu-
late persuasive statements for the eCommerce RS. Table 3 depicts the persuasive sentences
that we used for both domains. The rationale behind adopting Gkika et al.’s methodology

is that the persuasive statements used in their study are well-designed and thoroughly tested
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by seventeen experts to choose the best matching sentence for each persuasion principle.
In addition, Gkika et al.’s study is one of the few studies conducted for the RS domain,
which is the same as the domain considered in this thesis.

Table 3  Persuasive sentences presented in the questionnaires.

Principle Persuasive Cue

Authority eCommerce RS: The recommended item won 3 prizes as the best-manufac-
tured product!

Movie RS: The recommended movie won 3 Oscars!

Commitment eCommerce RS: This item belongs to the kind of items you usually buy.

Movie RS: This movie belongs to the kind of movies you enjoy watching.

Social Proof  eCommerce RS: 87% of users rated the recommended item with 4 or 5
stars!

Movie RS: 87% of users rated the recommended movie with 4 or 5 stars!

Liking eCommerce RS: Your Facebook friends bought this item!

Movie RS: Your Facebook friends like this movie!

Reciprocity eCommerce RS: A friend of you who bought the item you suggested to
him/her in the past recommends you this item!
Movie RS: A Facebook friend, who saw the movie you suggested to

him/her in the past, recommends this movie!

Scarcity eCommerce RS: The recommended item will be available for two months
only!
Movie RS: The recommended movie will be available for two months

only!

The questionnaires have a Likert scale, multiple choices, and open-ended questions. The
Likert questions have a seven-step scale, ranging from -1 to 5. Each degree in the scale
represents the extent to which a statement influences users' decisions. For instance, whether
to purchase an item or to watch a movie. The indications of the seven scale ratings are as

follows: 1 to 5 ratings are scaled from very low to very high positive effect, zero (0) is the

Chapter 3 — Impact of Persuasive Recommender Systems on Users 47



neutral value, which indicates that there is no impact on the decision, and (-1) indicates a
negative impact. The (-1) rating is included in the questionnaire because some of the state-
ments may cause resistance towards the recommendation. For instance, Kaptein and Eckles
[123] found that persuasive strategies may not achieve their goals to influence users. The
authors stated that a negative response might, indeed, be generated if the user receives an
inappropriate message. For example, a Scarcity strategy may have a negative impact on a
user who does not like to decide under stress.

The questionnaire was available online using SurveyMonkey'?, a well-known plat-
form that provides online services to create and share surveys, collect responses, and ana-
lyze the results. SurveyMonkey is a secure, powerful, and intuitive website. Also, it offers
a wide range of functionalities and services. Besides, the University of Ottawa has a uni-
versity-wide license for the enterprise version of the SurveyMonkey. By this license, most
of the services can be accessed and used by the University of Ottawa staff for free.

Participants were asked to complete the questionnaire only once (i.e., the question-
naire can be completed in one session). The session takes approximately 15 to 20 minutes.
The time factor was, sometimes, an obstacle towards the completion of the survey. To
mitigate this issue, the questionnaire was made available with no restrictions on the time
of accessibility, and the participants were given a choice to complete the questionnaire at

their own convenience.

3.2.2 Ethics Approval

For this study to be compliant with the Canadian ethical standards, an application was sub-
mitted to the Research Ethics Board (REB) at the University of Ottawa. The REB helps
ensure that this research meets the highest ethical standards and that the greatest protection
is provided to participants who serve as research subjects. This research was approved by

the REB. The ethics approval certificate is included in Appendix C.

12 hitps://www.surveymonkey.com/
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3.2.3 Participants

Participants were recruited or invited to participate by different means of communication,
including email-based invitation letters and paper-based posters. Our study respects partic-
ipants' privacy, such that none of their information (e.g., names and email addresses) are
included or posted with the study. A total of 329 participants responded to the study. After
filtering the responses (based on the exclusion criteria described next), we retained a total
of 279 responses. Table 4 summarizes the demographic information of the participants.

Table 4  Participants’ demographic information (N=279)

Subject Category Count [Percentage]
Age 16-25 53 [19%)]
26-35 129  [46%]
36-45 59 [21%)]
46+ 38 [14%)]
Gender Male 177 [63%)]
Female 98 [35%]
Undefined 4 [2%]
Continent  Asia 75 [27%]
Europe 13 [5%]
North America 186  [67%)]
South America 2 [1%]
Australia (Oceania) 3 [1%]

3.3. Data Collection, Analysis, and Results

According to the Goal, Question, Metric (GQM) framework, which guided our evaluation,
we conducted the analysis with several questions in mind to achieve the goals stated in
Section 3.2. These questions are as follows:

e Q1: Howdo RS users’ characteristics (such as age, gender, and culture) affect their

responses to Cialdini’s persuasion principles?
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o Q2: How do RS users' personality traits affect their responses to Cialdini’s princi-
ples of persuasion?

o Q3: IS RS users' susceptibility to Cialdini’s principles affected by the context in
which the RS is deployed?

e Q4: To what extent is a user’s susceptibility to different persuasion principles af-
fected by the combination of the user’s characteristics and the recommender’s ap-

plication domain?

The mean ratings collected from the study are used as metrics to analyze the above ques-
tions. The answers to the study questions are analyzed as follows:

e Demographic-related information is used to infer the impact of the user character-
istics (i.e., age, gender, and culture) on the extent to which users got influenced by
a particular persuasion strategy (to answer Q1 and Q4).

e Answers to the Likert scale questions associated with the personality test are used
to infer relationships between users’ personality types and persuasive principles (to
answer questions Q2 and Q4).

e Dividing the persuasion questionnaire into two parts (representing eCommerce and
Movie domains) is considered to answer Q3.

e Open-ended questions, where participants can write additional comments, are used
to investigate unexplored insights on how users perceive different persuasive strat-
egies.

To conduct statistical analysis of data, we used an open-source tool called JASP [124].
JASP stands for Jeffrey’s Amazing Statistics Program in recognition of the pioneer of
Bayesian inference Sir Harold Jeffreys. It is a cross-platform and free statistics package.
JASP helps in conducting statistical analyses through its easy-to-use GUI.

To determine whether the differences between groups are statistically significant,
we performed the Analysis of Variance (ANOVA). ANOVA is used to analyze the differ-
ences between the means of multiple groups in a sample. In this study, groups are defined
based on multiple factors, such as gender, age, and culture. According to Gelman [125],
ANOVA is an important exploratory and confirmatory data analysis method. For ANOVA

analysis, the persuasive principles were included as the dependent variable, while other
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factors (such as gender and age) were included as independent (or between-subject) varia-
bles. The significance level (o) is set to be 0.05 for all ANOVA analyses, such that a P-
value value less than (0.05) is considered significant.

In addition to the ANOVA analysis, we also calculated the Effect Size [126], which
shows whether an intervention or experimental manipulation has an effect greater than zero
or how big the effect is. Reporting the effect size is useful for various reasons [126]. First,
it presents the magnitude of the reported effects in a standardized metric. Such standardized
effect sizes help to communicate the practical significance of the results. Second, effect
size compares standardized effect sizes across studies, which helps meta-analytic conclu-
sions. Third, previously reported effect sizes (i.e., from previous studies) could feed the
design of a new study. For instance, previous analysis can provide an indication of the
average sample size needed for a new study. We deployed the Cohen’s d, one of the most
widely used effect sizes [127].

It is worth mentioning here that the focus of these analyses presented in this chapter
is to solely report on our findings regarding the considered factors, more than to provide
explanations or justifications of each factor's impact. Based on our findings, we aim to
develop general guidelines that could help tailor the development of RSs, with the user-

related factors taken into considerations.

3.3.1 Data Filtering

To ensure the reliability of the results, the responses are filtered based on different
measures. First, | removed incomplete responses (where some questions are left unan-
swered). Second, | considered the questionnaire's completion time, which gives a true in-
dication about whether participants have indeed read/answer the entire question or not.
Based on a pilot study, | noticed that participants, on average, need about 20 minutes to
complete the questionnaire fully. Hence, | discarded responses that took less than 10
minutes. Third, some participants simply do not put in the effort required to respond accu-
rately or thoughtfully to all questions asked. The data collected from such responses are
known as careless or inattentive data [128]. To detect and remove these responses, | used
the attention questions technique. Attention questions (or items) are defined as “Items

placed in scale with explicit correct response” [128]. Particularly, I injected some irrelevant
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questions (i.e., questions that are not related to the context of the questionnaire) and clearly
indicated what the participant should provide as an answer to this question. For instance, |
associated the following text with one of the attention questions: “You must give this ques-
tion the rate 3). Responses from participants who got the attention questions incorrect were
also discarded.

3.3.2 Descriptive Analysis

To evaluate RS users' susceptibility to the six persuasive principles, | computed the overall
mean rating (p) for each principle. The overall mean rating is the average of all ratings
received from the whole sample. The higher the mean rating, the more influence the prin-
ciple. In general, participants perceived all principles as persuasive. This can be inferred
from Figure 5, where all mean values are greater than the neutral value (i.e., Zero), which
indicates that all strategies are influential. It can also be implied from the figure that par-
ticipants perceived Social Proof as the most influential strategy (with u= 3.03), followed
by Commitment (n = 3.0) and Reciprocity (1= 2.96). On the other hand, Scarcity is per-
ceived as the least influential strategy (u = 2.12). These observations indicate that the
majority of participants believe that any of the six persuasive principles can influence their
decisions to some extent. This is in line with the conclusion of Gkika and Lekakos [13],
who stated that accompanying persuasive explanations with a recommendation can in-

crease users’ acceptance of that recommendation.
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Figure 5 Mean rating values for the whole sample

Despite the observations mentioned above, which are generic by nature, the particular
question arises here: how the responses of RS users differ based on various factors, such
as user-related factors and the context? The two subsequent sections aim to answer this

question.

3.3.3 User-related, Context-independent Analyses

This section focuses on the impact of user-related aspects/characteristics and how they af-
fect users’ susceptibility to the six weapons of influence. It discusses these factors in iso-
lation of other aspects. Particularly, this section investigates how RS users differ in their
reactions to the six persuasion principles based on four aspects: gender, age, culture, and

personality traits, without considering the context at which users receive recommendations.

The Impact of Gender

The first aspect examined in this analysis is the users’ gender. Figure 6 compares the mean
ratings of females compared to males. The figure shows that Reciprocity is the most effec-
tive principle for both genders. On the other hand, Scarcity is the least effective for males,

and Authority is the least effective for females. The figure also shows that males and
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females responded differently to all principles. However, the difference is marginal in re-
gard to Reciprocity and Scarcity.
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Mean rating
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Figure 6 Mean rating based on gender (Female:35%, Male: 65%)

The significance analyses (ANOVA) reveal that the difference is significant with respect
to the Authority principle, with males being more persuadable than females. Cohen’s P
shows that the effect size in regard to the Authority is close to moderate (Cohen’s P = 0.4).
These results are, to a high extent, in line with the findings of Oyibo et al. [113], who did
not find gender differences with respect to Reciprocity, Liking, Scarcity, and Social Proof.
In addition, the authors found a significant difference between males and females in terms
of Authority, where males found to be more persuadable. VVargheese et al. [83] also found
that the effectiveness of the persuasive principles does not differ based on the gender of
the participants. The details of the ANOVA results and the effect size for this section and

all subsequent sections are presented in Appendix D.

The Impact of Age

This section investigates the effect of users’ age. Following the methodology of Abdullahi
et al. [129], | defined four age groups as follows: 16-25, 26-35, 36-45, and older than 45
years. Figure 7 shows the average ratings for the six persuasion principles for each age
group. The figure shows that participants of all ages agree that Reciprocity is the most
influential principle. It also shows some differences between the age groups. Authority is

found to be the least influential for all groups, except the third group (ages 36-45), where
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Scarcity is found to be the least influential. Overall, younger users (ages 16-35) were found
to be more susceptible to all principles except Commitment.
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Figure 7 Mean rating based on age (16-25: 20%, 25-36: 40%, 36-45: 22%, >45: 18%)

The significance analysis shows that there is no significant difference between users of
different ages and how they got affected by all persuasion principles. This finding is in line
with a recent study conducted by Oyibo et al. [130], who found that the differences between
younger and older people are more significant in collectivist'® cultures than individualist'*
cultures. Oyibo et al.'s findings support the results illustrated in Figure 7 since the majority
of participants in this study are from individualist continents (as shown in Table 4). Also,
a recent study by Vargheese et al. [83] confirms these findings. Vargheese et al. stated that
there is no actual relationship between the effectiveness of persuasive strategies and the
ages of participants. In addition, studies in social sciences found that people's personalities
are known as relatively stable. That is, they are stable throughout individuals’ lives, with
some slight exceptions in the facets rather than the essential traits [131]. Hence, people’s

decisions do not extensively change from one age to another.

13 A Collectivist culture (e.g., China, and Japan) is one that emphasizes the needs of a group or a commu-
nity over the individual.

14 An Individualist cultures (e.g., United States and Western Europe) emphasizes personal achievements
regardless of the expense of group goals.
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The Impact of Culture

To study the impact of different cultures on users’ susceptibility to persuasion principles,
responses are categorized based on the continents. As shown in Table 4, where | received
responses from five continents. However, since the number of participants from each of
South America and Australia is low (two and three participants, respectively), | omitted
these responses from all culture-based analysis.

Figure 8 depicts the mean ratings of the three continents for the six principles. It
shows that participants from all continents are differently susceptible to all principles,
where the differences between the mean ratings are noticeable. According to the figure,
Asians are the most susceptible to all principles except the Liking principle. On the other
hand, Europeans are the least susceptible to Reciprocity, Scarcity, Authority, and Social
Proof, while North Americans are the least susceptible to Liking and Commitment. Hence,
it could be implied that Asian participants were the easiest to be persuaded, followed by

North Americans, and Europeans.
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Figure 8 Mean rating based on the culture (Asia: 27%, Europe: 6%, N. America: 67%)

According to the ANOVA significance test, there is a significant difference between the
three groups in terms of all principles. All details about ANOVA results and the effect size
are presented in Appendix D (Table 18, and Table 19, respectively). According to Oyibo

et al. [130], culture has an impact on the difference between persons in terms of their
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responses to persuasive strategies. This finding is consistent with the results presented in
this section.

The Impact of Personality Traits

This section discusses the relationship between the personality traits of RS users and the
six persuasive principles. Figure 9 depicts the mean ratings of the persuasive principles
grouped based on each of the five personality traits (as discussed in Section 2.3). In this
analysis, participants were categorized based on the strength of their corresponding per-
sonality traits into two groups: High and Low. High (respectively Low) means that the
participant’s personality falls in the high (respectively low) end of the personality traits
spectrum (where each personality trait can be considered as a spectrum graduating from a
high degree to a low degree of that trait). In this study, a person P is considered high in a
personality trait PT if P’s score for trait PT is greater than the average score of all partici-
pants for that trait. Otherwise, P is considered to be low in that PT trait.

Figure 9 (a-e) show that the mean ratings for each of the five personality traits are
larger than the neutral value (Zero), which means that all personalities are susceptible to
the six persuasion principles. The degree of susceptibility, however, varies from one per-
sonality trait to another and also varies within the same personality trait, depending on the
level of that trait (i.e., high or low). The figure also shows that Reciprocity is the most
influential principle on all personality types.

Figure 9-(a) compares the participants’ degree of persuasion based on their level of
Extraversion trait. Participants who are highly extraversion are called extroverts, while
low-level extroversion participants are called introverts [132]. According to the figure, ex-
troverted people are more susceptible to all persuasive principles than introverted people,
with Reciprocity being the most influential principle and Authority being the least influen-
tial one. The significance test indicates that both extraversion groups (i.e., High and Low)
are significantly different (with P < 0.05) in their responses to all of the six persuasion

principles. Also, the effect size is moderate for all principles (as presented in Table 21).
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Figure 9 Mean rating based on the personality traits
Figure 9-(b) reports on the results related to the Agreeableness trait. The figure shows that
Scarcity is the least influential principle for participants who are high in Agreeableness

(known as Agreeable persons), while Authority is the least influential principle for those

who are low in Agreeableness (known as Hostile persons). Moreover, Reciprocity,
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Scarcity, and Authority principles affect Hostile people more than Agreeable people. The
significance test shows that both Agreeableness groups are significantly different in their
responses to Reciprocity and Scarcity, where the effect size is found to be higher in regard
to reciprocity (0.33) comparing to Scarcity (0.22)

Regarding Conscientiousness trait, Figure 9-(c) shows that Reciprocity is the most
effective principle for both groups, while Scarcity is the least influential principle for peo-
ple who are high in Conscientiousness and Authority is the least influential principle for
people who are low in Conscientiousness. It can also be noticed from the figure that the
differences are marginal, especially in the term of Social Proof, Liking, and Commitment
principles. However, the difference is significant in terms of Scarcity with low effect size
(0.3).

The Neuroticism personality trait analyses are illustrated in Figure 9-(d), which in-
dicates that Neurotic persons (i.e., high in Neuroticism) are influenced the least by the Au-
thority principle. On the other hand, Stable persons (i.e., low in Neuroticism) are influenced
the least by Scarcity and Commitment principles. The figure also shows that Neurotic par-
ticipants are more vulnerable to Scarcity, Authority, Social Proof, and Commitment than
Stable participants. According to the ANOVA significance test, the responses of the two
groups are significantly different in regard to Scarcity and Commitment (P = 0.04) with a
small effect size for all principles.

Finally, Figure 9-(e) depicts the mean rating regarding the Openness trait. It can be
noted from the figure that Scarcity and Authority are the least persuasive principles for
Open persons (i.e., high in Openness) and Closed persons (i.e., low in Openness), respec-
tively. Moreover, Open people are more susceptible to Reciprocity, Social Proof, Liking,
and Commitment principles. The difference between both groups is minor in regards to
Reciprocity, Authority, Social Proof, and Commitment, but they are significant in terms of
Scarcity (with P = 0.48, Cohen’s P = 0.24) and Liking (P = 0.012, Cohen’s P=0.31).

To recap, the results provided in this section indicate that the impact of Cialdini’s
persuasion principles on RS users varies from one person to another based on users' per-
sonal characteristics and traits. The next section investigates another factor, namely the

context (or the application domain). It discusses the impact of the context as a sole factor
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and the role it plays on the persuasion process when it is combined with the aforementioned
user-related factors.

3.3.4 Context-dependent Analysis

As mentioned in Section 2.3, the Communication-Persuasion Paradigm states that user-
related aspects are not the only factors that affect the influence of a message. Other factors,
such as the context, are also important. This section investigates the effect of the context
on RS users’ acceptance of Cialdini’s six weapons of influence. The context is represented
here by the application domain. Two recommendation domains were considered in this
study, namely a movie RS and an eCommerce RS. The section begins by discussing the
effect of the application domain in isolation of other factors. Then, it investigates the im-
pact of users’ characteristics (discussed in Section 3.3.3) when the application domain is

taken into account.

The Impact of Application Domain as a Sole Factor

This section reports on how participants rated each persuasion principle in the eCommerce
RS domain and the movie RS domain. Figure 10 depicts the mean ratings for each principle
in both domains. It shows that all principles have an influence on users in both domains,
as indicated by mean ratings being greater than zero. The figure also shows that Social
Proof and Reciprocity are the most and the second most influential principles in the e-
commerce domain, while liking is the least influential principle. On the other hand, the
same users perceived Commitment and Social Proof as the most and the second most in-
fluential principles in the movie RS, and Scarcity as the least influential. From another
perspective, the figure indicates that movie RS users are more vulnerable to persuasive
principles than eCommerce RS users (with four out of six principles being more influen-
tial).

The significance analysis and the effect sizes are presented in Table 22 (Appendix
D). The table shows that the responses were significantly different (with p<0.001) in terms
of three principles, namely Reciprocity, Liking, and Commitment. This means that the ap-

plication domain has a significant impact on users’ susceptibility to these persuasive
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principles. Overall, the data shows that the application domain plays a role in affecting

users’ vulnerability to the six principles.

m eCommerce

Mean Rating

= Movie

Figure 10 Mean rating based on the application domain

The Impact of User-related Aspects in Combination with Application Domain

This section reports on a study similar to the one discussed in Section 3.3.3, but this time
with taking the application domain (or context) into consideration. The purpose of these
analyses is to examine how users’ susceptibility to persuasion principles is affected by
user-related aspects (i.e., gender, age, culture, and personality traits) while taking into con-

sideration the impact of the context.

The Impact of Gender and Context

This section presents the results about how the responses of males and females vary from
one domain to the other. Figure 11 depicts the mean ratings for the six principles for both
gender groups. Figure 11-(a) indicates that females perceived Reciprocity and Social Proof
as more persuasive in the eCommerce domain, while they perceived Scarcity, Liking, and
Commitments as more persuasive in the movie domain. The figure also shows that, in the
eCommerce domain, Social Proof is the most influential principle for females, while Liking
is the least influential principle. In the movie domain, however, the most influential prin-

ciple is Commitment, whereas Scarcity is the least influential for females.
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Regarding male participants, Figure 11-(b) shows that Reciprocity and Social
Proof are more influential in eCommerce than in the movie domain, while the other four
principles are more influential in the movie domain. In the eCommerce domain, males
perceived Social Proof as the most influential principle and Liking as the least influential.
However, males perceived Commitment and Scarcity as the most and the least influential

principles in the movie domain, respectively.
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Figure 11 Mean rating based on gender for both application domain

An important observation from Figure 11 is that the order of the influence of persuasion
principles (from the most influential to the least influential), which is also known as the
persuasion profile [112], are different across domains for the same gender group. Based
on all of the above results, it can be deduced that the responses of females and males are
affected by the application domain.

The significance analysis shows that the difference between users’ responses in
different domains is statistically significant with respect to the Reciprocity, Liking, and
Commitment, where Reciprocity is more influential in the eCommerce domain, while Lik-
ing and Commitment are more influential in the Movie domain. This observation is true for
both males and females. More detailed results are depicted in Appendix D (Table 23 and
Table 24). The Cohen’s P values (Table 25) show moderate effect sizes in terms of Liking

and Commitment.
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The Impact of Age and Context

This section discusses how RS domains affect users' responses from different age groups
to the six weapons of influence. Figure 12 depicts the overall mean ratings of each principle
for each age group based on the application domains. The figure contains four charts; each
one summarizes the results regarding one age group. As the figure shows, the six persua-
sive principles are all influential in both domains (with mean values > 0) for all ages. Also,
Reciprocity is perceived by all ages as more influential in the eCommerce domain. While
Liking and Commitment are perceived as more influential in the movie domain for all ages.

The figure also indicates that participants from all age groups perceived Social
Proof as the most influential principle and Liking as the least influential in the eCommerce
domain. On the other side, in the movie domain, Commitment is perceived as the most
influential principle for all ages, while Liking is the least influential for groups (16-25, and
36-45), and Scarcity is the least influential for the others.
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Figure 12 Mean rating based on the age and the application domain
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From Figure 12, we can also infer that the persuasion profiles for each age group are dif-
ferent from one domain to the other. For instance, Figure 12-(b) shows that the persuasion
profile of participants from the second group (i.e., age 26 to 35) in the eCommerce domain
is (Social Proof, Reciprocity, Authority, Commitment, Scarcity, and Liking). However, the
persuasion profile for the same group in the movie domain is (Commitment, Social Proof,
Reciprocity, Authority, Liking, Scarcity), which quite different from the eCommerce per-
suasion profile. The above inference is true for all cases, where the persuasion profiles are
different to a high extent from one domain to the other.

The ANOVA results (presented in Appendix D) demonstrate that some of these
differences are significant. First, the responses of users from the first age group (16-25)
were significantly different in terms of Reciprocity, Authority, and Commitment with small
effect size. Reciprocity is found more influential in the eCommerce domain, while Author-
ity and Commitment are more influential in the Movie domain. Second, users of ages (26-
35) responded totally differently to Reciprocity, Liking, and Commitment, with small effect
size in terms of Reciprocity and Liking and medium effect size in terms of Commitment.
Third, the responses of the third age group (36-45) were significantly different with regards
to Reciprocity and Commitment., with medium effect size for both Finally, older users (45
years old and more) responded significantly differently to the Liking and Commitment prin-
ciples, medium effect size for Commitment and high effect size for Liking. Complete
ANOVA results and Effect sizes are presented in Table 26 - Table 30).

Overall, Figure 12 shows that the susceptibility of users from the same age group
to persuasion principles varies from one domain to the other. The most important observa-
tion in this context is that users of the same age respond differently to the persuasive prin-

ciples if they interact with them in different contexts.

The Impact of Culture and Context

The mean ratings of the six principles based on the culture and context are depicted in
Figure 13. The first observation from this figure is that people from the three continents
are differently influenced by the six principles of persuasion. Commitment is the most in-
fluential for Asians in both domains, while Scarcity and Liking are the least influential in

the eCommerce and the Movie domains, respectively. For European and Northern
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Americans, Social proof and Commitment are the most influential in eCommerce and
Movie domains, respectively, while Liking and Scarcity are the least influential in the

eCommerce and the Movie domains, respectively.
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Figure 13 Mean rating based on the culture and the application domain

Figure 13 also indicates that the persuasion profiles of participants from one culture in the
eCommerce domain are different, to a very high extent, from their persuasion profile in the
movie domain. Particularly, persuasion profiles for North Americans are different, where
none of the principles occupies the same order in both profiles. The profiles of the Euro-
peans are different except that Authority is the fourth most influential in both profiles.
Asians also have different profiles except for Social Proof, which is the third most influ-
ential in both domains.

The ANOVA analyses and the effect sizes (Appendix D, Table 31 - Table 34) show
that Asians are the least affected by the context. The differences in their responses to the

persuasive principles were significant for the Authority principle only, while the effect sizes
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were small for all principles. The Europeans responses were significantly different for both
Scarcity and Commitment principles, with medium and large effect size, respectively. Fi-
nally, the responses of the Northern Americans were significantly different in terms of
three principles, which are Reciprocity, Liking, and Commitment, with medium effect sizes
for Liking and Commitment and small effect sizes for the others.

The Impact of Personality Traits and Context

This section discusses the effect of the context on users’ persuadability based on their per-
sonality traits. Specifically, it investigates how users with a particular personality trait per-
ceived the persuasive principles in the eCommerce domain comparing to the Movie do-
main.

Figure 14 depicts the average ratings for the persuasive principles based on the
personality traits and the context. The figure contains five charts; each chart represents the
results of one personality trait. For instance, Figure 14-(a) shows the mean ratings given
by participants who are high in Extraversion traits. As a general observation, the figure
shows that the means for all principles vary from one domain to another, which holds true
for the five personalities. It can also be inferred from the figure that in the eCommerce
domain, Social Proof and Liking are the most and the least influential principles for all
personalities, respectively. In the movie domain, however, Commitment and Scarcity are
the most and the least influential principles, respectively.

The ANOVA analyses demonstrated significant differences in the following cases:
1) Extroversion, Conscientiousness, and Neuroticism personalities perceived Reciprocity,
Liking, and Commitment significantly different in the Movie domain compared to the
eCommerce domain. These personality types perceived Reciprocity as more influential in
the eCommerce domain, while Liking and Commitment are more influential in the Movie
domain, 2) all principles, except Social Proof, were perceived significantly differently by
Agreeable participants. Reciprocity is found more influential in the eCommerce domain,
while the other four principles are found more influential in the Movie domain, 3) partici-
pants who have Openness personality perceived four principles significantly differently in
the Movie domain compared to the eCommerce domain. These principles are Reciprocity,

Social Proof, Liking, and Commitment. Medium effect sizes were found in terms of
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Commitment for all personalities, while a large effect size is found in terms of Liking for

Agreeable people.
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Figure 14 Mean rating based on the personality traits and the application domain
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The above observations demonstrate an actual effect of the context on all personality types.
Besides, this effect is significant in many cases. Specifically, at least three out of the six
principles were perceived significantly different by each personality trait.

3.4. Discussion and Design Guidelines

As mentioned earlier in the chapter, the major purpose of the user study is to investigate
the impact of persuasive principles, when associated with recommender systems, on users
of different personalities, ages, genders, cultures, and different application domains. While
conducting the study, our focus was, on one side, to report on the answers and ratings
provided by the participants regarding their experience with persuasive recommender sys-
tems (without providing any justification about the nature of the results). On the other side,
based on the reported results, we aim to come up with empirical findings or insights, in-
cluding several guidelines that could help in tailoring the design of persuasive RSs to users
with different traits, ages, genders, and cultures and also with taking different application
domains into considerations.

Despite the conservative nature of the obtained results, which might threaten their
generalizability to actual persuasive recommender systems, we can still provide the fol-
lowing recommendations/guidelines for designers of such systems.

e Associating persuasive strategies (Cialdini’s six persuasive principles, as an exam-
ple in this thesis) with recommender systems shows efficacy in impacting users’
decisions to a high extent. This is demonstrated by the results presented in Figure
5 and Figure 10.

e Section 3.3.3 shows that the persuadability levels of users vary depending on their
characteristics or personality features. Hence, we believe that tailoring the design
of RS to individuals of different traits is a promising design direction. In this thesis,
the big five personality traits are taken as an example to distinguish the different
personalities of users. The following insights are observed based on the results
presented in Figure 9:

o Reciprocity is the most influential principle for all personality types. So, it

could be used as a generic persuasion strategy for all types of users. This is
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particularly useful in contexts where users’ personalities cannot be ob-
tained.

o On the other side, Authority and Scarcity are the least or the second least
influential principles for all personality types. Thus, they should be given
the lowest priority in static (non-personalized) contexts.

o Despite being applied in some applications, Scarcity is found to be the least
influential strategy for users who are Agreeable, Conscientious, and Open
people (as depicted in Figure 9). Having said that, designers are recom-
mended to adopt a new style for attracting users' attention, other than the
threat of item’s scarcity.

o All persuasive principles are more influential for Extrovert users compar-
ing to Introvert users.

e Gender, in general, is not a crucial factor to be considered alone when examining
the impact of persuasive strategies on users (as the results presented in Figure 6
showed). However, our study revealed that females and males respond signifi-
cantly differently to the Authority principle, with males being more persuadable
than females. Therefore, if the Authority principle is to be used, we recommend
using it with males more than females.

e Age does not have a significant effect on the persuadability process if it is consid-
ered in isolation of other factors.

e On the other hand, the results depicted in Figure 8 shows that culture is a very
important factor. RS users from different continents were significantly different in
their responses to the persuasive principles, with Europeans being the most sus-
ceptible to the Liking principle and Asian are the most susceptible to all other prin-
ciples.

e Finally, the application domain is an important factor to be considered. So, our
general recommendation is that if the RS seeking more personalized persuasive
capabilities, the application domain should be considered. Following are some
other designing tips related to the application domain and based on the domains

under study, as discussed in section 3.3.4:
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o The responses to the Reciprocity, Commitment, and Liking were signifi-
cantly different. Liking and commitment are more effective in the Movie
domain, while Reciprocity is more efficient in the eCommerce domain.

o Social Proof can be used as a non-personalized strategy in the eCommerce
domain, as it is found to be the most influential principle (as depicted in
Figure 10). On the other side, Commitment is the most influential principle
in the Movie domain.

It is worthwhile to mention that other studies such as [68], [115], and [112] also provided
some insights based on their studies on the relationship between user characteristics and
persuasive principles. Nonetheless, as mentioned in section 3.1, our study is different from
other related studies in the sense that it considers user-related aspects in combination with
context-related aspects, it involves a heterogeneous sample, and it is tailored to the recom-
mender systems area.

The study of Gkika et al. [68], which is the most related study to our user study,
suggested some solutions (which the authors called “paths”) that lead to an acceptance of
the persuasion principles. The paths are represented as a combination between the presence
and the absence of some personality traits. This work, however, is still limited, such that it
does not consider all the possible combinations of personality traits, and it did not consider
other factors. These limitations, in turn, affect the generalizability of the study. As men-
tioned before, we are planning to follow the methodology of Gkika et al.’s study to provide
more comprehensive paths related to all the aspects considered in our study.

It is important to highlight that the generalizability of our findings to a real RS
might be threatened due to some limitations of our study. The main limitation stems from
the fact that the study is based on a self-report questionnaire and not a real recommender
system. A second limitation is that the diversity of the cultures is limited to three continents,
with only 13 participants from Europe. This, in turn, may threaten the generalizability of
our findings to other populations. Accordingly, an important insight to be mentioned here
is that the guidelines provided by our study and by the aforementioned related studies are
general tips. Also, the guidelines did not comprehend all possible design cases (i.e., the
combinations of every factor with all other factors) and could not provide absolute or de-

cisive rules for deploying persuasive strategies in RSs. Nevertheless, the provided
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guidelines are generic enough to be used with several persuasive RSs that are not com-
pletely personalized. Besides, our near future work will involve mitigating the generaliza-
bility issue by expanding the study to a larger number of participants and considering more
RS’s areas.

Having said that, a one-size-fits-all design is insufficient for deploying persuasive
systems in a personalized manner. Also, following static guidelines is not the most efficient
approach, although it helps in enhancing the persuasion capabilities of RSs. Therefore, our
last insight is that an adaptive personalized approach is required to provide the best persua-
sive capabilities for RSs. Chapter 4 introduces a potential solution to mitigate this issue. It
discusses an adaptive framework to deploy the persuasion principle in RSs.

3.5. Chapter Summary

This chapter elaborates on the user study conducted to examine the impact of Persuasive
Recommender Systems (PRS) on different users. The chapter reported on the results of
how users of different characteristics (age, gender, culture, and personality traits) get in-
fluenced by the different persuasive principles that a recommender system deploys and
how different contexts may affect users’ persuadability. The chapter also suggested a set
of design insights and guidelines as a takeaway for designers who wish to empower rec-
ommender systems with persuasive features. The next chapter builds on the observations
obtained from this chapter and investigates further the design and development of persua-

sive, personalized recommender systems.
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Chapter 4. Personalized Persuasive Framework
for Recommender Systems

One of the most important takeaways from the user study that we conducted in Chapter 3
is that there is a need for a recommender system that provides recommendations, which are
not only persuasive but also tailored towards, and customized for, the needs of the person
who uses the recommender (i.e., personalized). This chapter introduces the Personalized
Persuasive Recommender System (PerPer), an adaptive framework to enrich RSs with
persuasion capabilities that are personalized for different users.

PerPer is designed with two main goals in mind. The first goal is personalization.
As demonstrated in Chapter 3, it is insufficient to deploy persuasive principles in a one-
size-fits-all manner. Instead, persuasive approaches should be personalized in order to in-
crease their efficacy. PerPer is personalized in the sense that for each user (or user group),
a different persuasive strategy (or set of strategies) is used. The second goal is adaptivity.
The user study conducted in Chapter 3 is useful in revealing that users perceived the per-
suasive principles differently. However, the study did not draw clear borderlines between
these differences. To explain, the results of the study did not decisively indicate that a
particular user X has been only and absolutely persuaded by a persuasion principle Y. In-
stead, the results provide generic guidelines about which persuasion principles could fit the
most for a person X (and everybody with similarities to X) without taking into considera-
tion the particularities of each person.

To this end, we propose PerPer as a reference architecture framework that estab-
lishes the basis for an adaptive personalized persuasive recommender system. PerPer is
adaptive in the sense that it adjusts its selections of the most influential persuasion princi-
ples for each user. PerPer conforms to the requirements of adaptive persuasive systems
stated by Kaptein [117], which can be debriefed as (1) Identification (i.e., the system shall
be able to identify its users), (2) Representation (the system should be able to represent
different persuasive strategies), and (3) Measurement of success (i.e., the system should be

able to measure the effectiveness of the persuasive principles).
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To the best of our knowledge, among the few approaches that deploy persuasion
capabilities into RSs (such as route planning RSs [97]-[99], restaurant RSs [100], and Ed-
ucational RSs [104]); none of them provide a reference architecture framework for adap-
tive, personalized and persuasive RS. PerPer aims to fill this gap by standing to be a ge-
neric framework that can be augmented with any recommender system and empower it
with personalized persuasion capabilities in an adaptive manner.

The rest of this chapter discusses the PerPer framework, its main components, op-
erations, formalization, implementation, and empirical validation. The theoretical founda-

tions of this chapter have been published in [133].

4.1. PerPer Main Components

This subsection explains the main components and features of the proposed framework.
The PerPer framework is designed with a goal in mind of deploying it as a generic frame-
work that can be attached to, and work with, any kind of RS that uses any recommendation
method, such as for example, collaborative filtering and content-based methods.

Figure 14 provides a conceptualization of the PerPer main components, namely the
Recommender System part and the Persuasion Engine part. The Recommender System part
represents any kind of RS that incorporates persuasive capabilities into its tasks to increase
users’ acceptance of recommendations. To achieve this goal, the Recommender System
interacts with the Persuasion Engine part by sending feedback from users and receiving
persuasive cues from the persuasion engine. It is worth mentioning that PerPer can be
plugged into any RS regardless of the used recommendation method (e.g., Collaborative
Filtering, Content-based method, etc.).

The Persuasion Engine (PE) part, on the left side of the figure, is the most crucial
component of the PerPer framework. Its main goal is to provide the appropriate persuasion
cues to the Recommender System. The Persuasion Engine consists of three components:
The Persuasion Pool (PP), the User Model (UM), and the Persuasion Agent (PA). The

subsequent sections provide details about these three components.
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Figure 15 Conceptualization of the proposed PerPer framework

Persuasion Pool (PP)

The Persuasion Pool contains a set of persuasion approaches or directions, which we refer
to as “persuasion paths.” In this thesis, we define a persuasion path (Ppamn) as a tactic that
leads to persuading users or changing their behaviors. For instance, Cialdini’s six princi-
ples discussed in Chapter 3 can be considered as persuasion paths. The pool contains sev-
eral persuasion paths, where each path can be achieved by one or more Persuasion Cues.
A Persuasion Cue (Pcue) is defined in this thesis as the actual mean of performing or de-
ploying a persuasion path. Examples of persuasion cues are the sentences introduced in
Section 3.2.1 Table 3).

It is important to pinpoint that the proposed PerPer framework and its components
are generic and are not tailored for any Persuasion Path or Persuasion Cue. Hence, any
persuasion strategy can be considered by this framework. The implementation of PerPer
in this thesis, however, considers Cialdini’s persuasion principles as Persuasion Paths. The
Persuasion Cues of each path are deployed as persuasion statements (presented in Table
3).

User Model (UM)

The User Model is the representation of users inside the system. It contains a collection of

data that identify users. A UM consists of two parts: User Identity and Persuasion Profile.

Chapter 4 — Personalized Persuasive Framework for Recommender Systems 74



The User Identity (Ul) part contains data about users’ characteristics. This data may in-
volve a wide range of information, depending on the requirements of the application. It can
be as simple as a unique identifier or composite information about the user’s personality
traits, demographic information, etc. User Identity is the component that PerPer relies on
to personalize its selection of the provided persuasive cues.

The second part of the UM, the Persuasion Profile (Pprofile), is the user’s record of
preferences regarding Persuasion Paths. It shows how users perceived the different Per-
suasion Paths throughout their interactions with the system. The Persuasion Profile of any
user can be initialized in different ways, such as randomly, equally, or based on experi-
mental studies (more details in Section 4.4). Normally, the User Identity can be used in the
construction of the Persuasion Profile. It is worth noting that system designers may con-
sider different persuasion profiles for each user, or they may consider similar persuasion
profiles within a group of users who are recognized as similar users. All these details can
be determined based on the system requirements.

It is worthwhile mentioning that we are not the first one who proposes the use of
persuasion profiles. Kaptein [118] was one of the pioneers who reviewed the findings of
social science on the social influence strategies and explained how these findings lead to
the idea of persuasion profiling. In addition, the author was the first one to implement a
system that uses persuasion profiles, which were described in detail by Kaptein & Eckles
[119].

Persuasion Agent (PA)

At the heart of the PerPer framework is the Persuasion Agent (PA). The Persuasion Agent
performs an iterative process of updating the Persuasion Engine components and feeding
the Recommender System part. In particular, the PA relies on UMs (with both User Iden-
tities and Persuasion Profiles) to decide on the Ppan that should be used. Based on this
decision, it selects a suitable P from the pool and feeds it to the Recommender Systems
in order to be used with the provided recommendations. In addition, the PA updates UMs
based on the responses received from the Recommender System. More details about this
process are discussed in the next section.

Table 5 summarizes these components and provides a brief definition for each of them.
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Table5 PerPer components

Component Description

Persuasion Engine  The container of all other components. It is a concept more than
(PE) an actual component.

Persuasion Path Any approach (or method) that leads to persuading users or
(Ppatn) changing their behavior

Persuasion Cue The actual mean of deploying a persuasion path.

(Pcue)

Persuasion Pool The component that contains a set of persuasion cues related to
(PP) the “persuasion paths.”

User Model The representation of users inside the system. It is divided into
(UM) two parts: User ldentity, and Persuasion Profile

User Identity The part of UM that contains data by which the system identifies
(un the users.

Persuasion Profile  The part of UM that contains user’s preferences regarding the P-
(Pprofile) paths

Persuasion Agent  The heart of the PerPer framework, which is responsible for per-
(PA) forming the iterative process of PerPer.

4.2. PerPer Operations

This subsection discusses how the components of the PerPer framework interact with each
other to achieve their tasks. Specifically, it shows how PerPer selects a particular persua-
sion strategy and provides it to a specific user and how it proceeds throughout the system’s
lifecycle.

The working of the Persuasion Engine (PE) can be viewed as a four-step process
that consists of Initialization, Selection, Injection, and Updating (as depicted in Figure 16).
The Initialization step is the first step in the process and is done only once, while the other
steps are recurring. During the Initialization step, the engine initializes all components that
need to be initialized. Particularly, the components of the UM are initialized at this stage.
This process is normally completed at the beginning, and it can be done in different ways.
For instance, the user may be asked to fill out particular information when she registers.
This information represents the seeds for the User Identity part of the UM. In addition,

another important part to be initialized at this step is the Pprofile. Initializing the persuasion
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profile can be done following simple or advanced approaches. As an example of a simple
Initialization, a system designer may give an equal level of precedence or preferences to
all Ppatns, Or she may give them random precedences. Such simple approaches of Initializa-
tion are useful if the Ul is not constructed yet. On the other hand, more advanced ap-
proaches based on experimental or user study results can be used to initialize the persuasion
profile, where users’ involvement is required in these approaches. In section 4.4, we pre-
sent two approaches; one uses a simple initialization method, while the other uses an ad-
vanced and personalized initialization method.

The Selection step involves choosing a Ppa from the persuasion pool. This opera-
tion is triggered by the Recommender System, and it happens when a recommendation is
about to be presented to the user. Once the UM is constructed, the PA can select persuasion
paths based on the corresponding Pprofile. FOr €ach persuasion path, the pool may contain
one or more cues. Similar to the Initialization, the Selection step is performed using a sim-
ple algorithm (e.g., random selection) or advanced algorithms (e.g., machine learning al-
gorithms).

After selecting the persuasion paths and their associated cues, the Py is injected
into the Recommender System, where the PA sends the corresponding cue so as to be in-
tegrated with the recommendations. It is worth mentioning that Ppats, €xpressed by means
of Pcues, can be injected in different ways. For instance, if a cars company wants to recom-
mend a particular car product to its customers, then it may deploy the Authority persuasion
principle and augment the recommendation with persuasion cues in different ways, as fol-
lows: 1) presenting a picture of a famous Formula One driver while driving his car (which
is manufactured by that company). Or 2) write a statement indicating that their cars are the
first choice of a Formula One driver. In this thesis, we deploy Ppats as explanations (or
statements) alongside the recommended items.

Finally, the Updating step focuses on updating the Pprofile Of the UMs. After select-
ing a Ppath and injecting its Pcye to the Recommender System, the PA waits for a response
back from the Recommender System. This response represents users’ feedback (i.e., ac-
ceptance or rejection) about the persuasion cue they received. Upon the receipt of the feed-
back, the PA updates the Pprofile Of the corresponding user. Similar to the Initialization and

Selection steps, the update algorithm can be simple or advanced, depending on the
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designer's decision. Section 4.4 provides more details about the use of a machine learning-
based algorithm to implement the updating operation.

It is worthwhile to mention that the feedback received from the recommender could
be implicit or explicit. In the implicit feedback, users’ preferences are captured without the
direct intervention of the users [134]. For example, they can be captured by monitoring
users’ mouse movements or the time spent on a web page. Explicit feedback, on the other
side, requires more effort from the user; it can provide more reliable data, though. This
reliability leads to increased users’ acceptance and more confidence in the recommenda-
tions [135]. Thus, explicit feedback is more common in the recommendation area than
implicit feedback; the most common approach for explicit feedback is giving a rating on a
scale. In the implementation proposed in section 4.4, we deployed the PerPer framework
using explicit feedback.

A visualization of the PerPer iterative operations is depicted in Figure 16. The
cycle of selection, injection, and updating are iteratively repeated until one of the Ppaths

dominate.

Selection | ¢ InitializationT

Updating Injection

)
Feedback_______;I

®e O

Figure 16 Main Operations of PerPer
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4.3. PerPer Formalization

This section provides a formalization of the fundamental components of the proposed
framework. Formalization reduces the ambiguity of abstract concepts, which leads to a
better understanding of the problem. This, in turn, helps researchers to illustrate and ana-
lyze problems and solutions efficiently. Besides, formalization enables the development of
robust algorithms and tools through solving problems that are exact by nature and that have
provable properties.

| formalize PerPer components and their operations/interactions as a quintuple
(P,R,W,U,S), where,

e P:isthe set of possible persuasion paths that existed in the persuasion pool. That is
P = {p1,p2,...,pr}, Where p; denotes the persuasion path (i), and r denotes the
number of persuasion paths.

e R: the set of possible responses or feedback that can be sent back from the user of
the RS to the persuasion engine. The set R depends on the application domain and
the design requirements of the system. For instance, a system designer may ask the
user to give feedback on a five-step Likert scale. In such a case, we say that R =
{1,2,3,4,5}. Normally, the highest value of R indicates that the selected persuasion
path has influenced the user (i.e., the user accepted it).

e I/: the weight vector of the persuasion paths (i.e., it represents the Persuasion Pro-
file, which is part of the User Model component described in section 4.1). This
vector determines the importance (or the precedence) of each persuasion path to the
corresponding user. It is presented as follows: W (k) = [w, (k), w, (k) ... w,.(k)],
where w; (k) denotes the weight of persuasion path (p;) at a time instant k. This
weight may be presented in various shapes. For instance, it can be an actual weight
that represents the significance of each path, or it can be a probability by which
each path can be selected.

e U: the updating scheme by which the persuasion agent updates W. This scheme is
used during the Updating step of PerPer. It updates the weight vector (W) based on

the response received from the recommender.
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e S:the Selection Scheme by which the persuasion agent selects a path. This scheme
concerns selecting a persuasion path (p; € P) based on the weight vector (W). More

details about how we implemented S, and U are presented in section 4.4.3

4.4. Machine Learning-based Implementation of PerPer

This section discusses the implementation details of PerPer in practice. As previously men-
tioned, PerPer is a general framework that can be implemented in different ways and with
any RS. Hence, the implementation presented in this chapter is just one suggested imple-
mentation approach to deploy PerPer. As a general view, Figure 17 depicts the main steps
to deploy PerPer, which can be summarized as follows:
1. Select the list of persuasion strategies to be used as persuasion paths (P) and define
the Pcues that will represent each path.
2. Define the set of possible responses (R) that can be received from the users as feed-
back to the injected persuasion cue. Also, define how the feedback will be elicited.
3. Determine how the User Model will be initialized. In particular, this step answers
three questions: 1) what is the information required to build the user model? 2) how
will this information be gathered? And 3) how will the persuasion profiles be ini-
tialized?

4. Define the Selection scheme (S) and the Update scheme (U).

The rest of this section discusses details of the implementation of PerPer to provide per-
sonalized and adaptive Pcues for each user based on her responses. The proposed approach
is inspired by a well-known machine learning-based concept, namely the Learning Autom-

ata (LA), which is discussed in the next subsection.
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Figure 17 Main steps of deploying PerPer

4.41 Learning Automata

Learning Automata (LA) is an adaptive decision-making approach that tries to learn the
best action from a set of alternatives in a random environment [136]. The main idea of LA
is that the current action is selected based on former experiences from the environment.
Basically, the learning process starts by giving equal probabilities to all possible actions.
In each step, one action is selected from the action set, where the selection of actions occurs
randomly according to their probabilities. The selected action is deployed in the environ-
ment. The environment evaluates the selected action and produces a reinforcement signal
(or a response). Based on this response, the automata update the actions’ probabilities ac-
cording to a learning algorithm. This process is continued until one of the actions dominates
[137].

A main strength point of LA is the generality of the action set concept [136]. That
is, LA can be applied to any action set. Examples of action sets include queues in a queuing

network, alternative routes in a communication network, or parameter values in a system.
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In addition, the action set can be finite or continuous, which makes the LA approach uni-
verse such that it applies the same mathematical framework to a wide variety of learning
problems. Based on the action set, LAs are divided into two categories: Finite Action-Set
Learning Automata (FALA) and Continuous Action-Set Learning Automata (CALA)
[138]. As the names indicate, the action set in FALA is finite, while it is continuous in
CALA. My work focuses on the FALA because the set of actions is finite, as discussed in
Section 4.4.3.

An abstraction of a learning automata’s operations is depicted in Figure 18. A
learning automaton is the decision-making unit in LA. The main operation of an automaton
is to update the probabilities of actions according to the response of the environment. By
environment, we mean the medium where the automaton run. Interactions with the envi-
ronment that leads to updating action probabilities proceed in discrete time steps (or
stages). In each step k, the automaton picks an action at random (according to the current
action’s probability distribution). The selected action represents the input to the environ-
ment, which in turn responds with a reaction (or reinforcement). The response of the envi-
ronment is the input to the automaton that is used to update action probability distribution.
The cycle of selecting an action, eliciting reinforcement, and updating action probabilities,

is repeated until one of the actions dominates.

Environment

Action Reinforcement

Learning Automaton}

Figure 18 An abstraction of learning automata ([137])
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4.4.2 Adapting Learning Automata in PerPer Framework

According to Figure 18, the learning automata consists of automaton, environment, actions,
and reinforcements. Analogously, Figure 19 depicts the mapping of these components into
PerPer. The Persuasion Agent in PerPer corresponds to the automaton in the learning au-
tomata. Following the same analogy, Persuasion Cues corresponds to the set of actions. A
recommender system with its users represents the main components of the environment.
Finally, users’ feedback is the reinforcement signal that is received from the environment.
The learning process in the context of PerPer produces identification of the best persuasion
strategy that influences a particular user.

Recommender
System

Persuasion

Cue Feedback

Persuasion Agent ]

Figure 19 Proposed Automata Model for PerPer

Thathachar and Sastry [136] define an automaton as a quadruple (4, B, F, P) where A is the
set of possible actions (or outputs of the automaton), where each action of an automaton at
instant k is denoted by a(k). The set of all possible inputs (also called reinforcements)
from the environment to the automaton is denoted as B. An element of the reinforcement
set, denoted by B(k), can be either finite set or an infinite set. F, is the learning algorithm
by which the automaton update action probabilities. Finally, P, is the action probability
vector that is used by the automaton to select an action at random.

Based on the above definitions and the formalization of PerPer (discussed in sec-
tion 4.3), we map the learning automata into PerPer as follows: the actions set are the
persuasion paths. That is, an element p; € P is an action in the action set. The set of possi-
ble reinforcement signals is the set of responses (R) that can be received from the environ-

ment. The action probability vector represents the weight vector (W). As mentioned before,
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the weight may be presented in various shapes. In the LA context, the weight is presented
as a probability to choose an action. Finally, the learning algorithm can be mapped to the

updating scheme (U) by which the weight vector is updated.

4.4.3 The Deployment

This subsection discusses the implementation of PerPer as a LA. Specifically, it shows
what the components (P, R, and W) are and how the schemes (U and S) are implemented.

| considered Cialdini’s six principles as the set of persuasion paths (P). That is, each
principle represents a path (p;). Accordingly, the set of persuasion paths, P =
{Reciprocity, Scarcity, Authority,SocialProof, Liking, Commitment}, where p, =
Reciprocity, p, = Scarcity, and so on. The number of actions (r = 6). These paths are
expressed using persuasion cues as statements that are augmented with the recommenda-
tions.

As mentioned before, explicit feedback is more reliable than implicit feedback.
Thus, this implementation elicits users’ feedback explicitly. The users are supposed to give
a rating on a five-step Likert scale. Therefore, the responses set (R) consists of five ele-
ments such that R = {1,2,3,4,5}. The weight vector (W) consists of six entries, where each
entry is expressed as percentages that represent a probability. That is, the entry w; indicates
the probability to choose p; as the next Ppath.

Based on the main idea of LA, | consider a random selection scheme (S). At time
instance (k), a Ppatn is selected randomly based on the probabilities in W (k). This means
that a path (p;) will be selected randomly in the probability (w;). It is worthwhile to men-
tion that for each p;, the pool may contain one or more cues. In such a case, the selection
scheme should also discuss how to choose from this set of cues. Nonetheless, this work

focuses on the case of having one cue for each persuasion path.

The Updating Scheme (U)

The reinforcement scheme is the most crucial factor of any learning automaton [136]. In
general, the idea of the reinforcement scheme is as follows: suppose that p; is the selected
action at time instant k. If a good input (known also as a non-penalty response) occurs, the

probability w; (k) of p; is increased (i.e., a reward is given), and all other probabilities are
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decreased. On the other side, if a penalty input is received, w; (k) is decreased (i.e., a pen-
alty is given), and all other probabilities are increased accordingly.

A wide array of reinforcement schemes has been proposed in the literature, such as
for example, the Linear Reward Penalty (Lrp) and the Linear Reward Inaction (Lri). The
one of interest in this thesis is the Linear Reward-Inaction (Lri) algorithm. It is one of the
earliest FALA algorithms. According to Narendra et al. [137], it is well known in the liter-
ature that Lgy is effective in many domains. Besides, it is a simple algorithm, and it is
absolutely expedient [136]. Hence, it has been extensively applied in the literature.

The general idea of (Lri) algorithm is that if the action p; succeeds (i.e., selected),
it is rewarded by increasing its probability w; (k) and all other probabilities are decreased
accordingly. On the other side, if a penalty input (or a negative response) is received, the
probability vector is not updated. Based on these definitions, the updating scheme (U) in-
cludes two procedures, namely rewarding p; (calculated by equation 1) and penalizing all

other actions (calculated according to equation 2).

wilk +1) = wi(k) + 2721 1 9 (W (0) (1)
g(w;(k)) = 8w, (2)
wilk + 1) = w;(k) = g (w;(k)) (3)

In equation 1, w;(k + 1) is the probability of the rewarded action (p;) at time instant (k +
1), w; (k) is the current probability of action (p;). The upper bound of the summation (r)

is equal to the number of actions and g (wj(k)) is the reward function calculated in equa-

tion 2, where § is a factor used to calculate the rewarding value in the reward function. The
penalty values of the rest of the actions are calculated according to equation 3. The penalty
values may vary from one action to the other. According to equation 1, the reward value of
p; isthe summation of the penalties of all other actions. This equation preserves the prop-
erty that the increment (or decrement) of W (k) should be consistent with the following
requirement [136]: “W (k + 1) should be probability vector whenever W (k) is. Note that
for W (k) to be a probability vector, we should have 0 < w;(k) < 1,X7_, w;(k) = 1"
[136].

This is the idea we used as a base to deploy the updating scheme in the implemen-

tation of PerPer. For the initialization step (i.e., to initialize the weight vector), W (0), we
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propose two implementations, which we refer to as the General Reinforcement Approach
(GRA) and the Boosted Reinforcement Approach (BRA), as follows:

General Reinforcement Approach (GRA)

The General Reinforcement initialization approach follows the straightforward implemen-
tation of the Lr reinforcement scheme. The main idea is that at the beginning, all actions
are chosen with equal probabilities. We express this as:

wi(0) =~ Vi<r 4)
Where r is the number of actions. Since we have six persuasion paths (r = 6), then
w;(0) = 1/6 for all paths. That is, the initial state of any Persuasion Profile is that all
persuasion paths are evenly distributed at random.

Starting from an even distribution of the probabilities of the action set is a popular
learning algorithm that has been applied widely in the machine learning domain. In the
context of this thesis, however, an expected issue is that users may not be motivated to
continue giving the feedback required for the persuasion technique. After a couple of iter-
ations, this process may cause boredom for users, which, in turn, may lead users to resist
reusing the system. This issue is actually common when we rely on explicit feedback. As
a potential solution, we suggest the Boosted Reinforcement Approach, as explained in the

next section.

Boosted Reinforcement Approach (BRA)

In the Boosted Reinforcement Approach (BRA), we suggest that a faster convergence can
be reached if a more efficient algorithm is followed. The rationale behind this hypothesis
is that, in general, the initial probability of an action decreases as the number of actions

increases. This is because the GRA initializes all actions with similar probabilities, which
equals (%). The larger the (r) value, the smaller the probability. Consequently, more itera-
tions are required for the best action probability to converge (i.e., to increase form % to

unity) [136]. Conversely, if the initial state of a particular action increases, the number of
iterations required for that action to dominate decreases. For this, we suggest the BRA,

which is inspired by hypothesis 1.
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Hypothesis 1: The best persuasion path can converge faster if it is given a higher
weight in the initial state.
To explain, suppose that a persuasion path p; is the best path among all others. If w;(0) is
initialized to be larger than w;(0) V j # i, then p; will have a higher chance of being se-
lected. Therefore, if n and m are the times required for p; to converge using the GRA and
the BRA, respectively, then w;(m) will converge faster than w;(n), and we say that
{w;(n) = 1| n < m}.

In this context, however, the question that arises is, how can we expect the potential
best persuasion path for a particular user? One answer to this question is by relying on
some user characteristics to build a sort of user model. The goal of this modeling is to have
an initial persuasion profile that is expected to be close to the actual profile. To build these
initial profiles, | considered users’ personality traits. Particularly, I conducted a study to
investigate the relationship between the big five personalities and the six weapons of influ-
ence. The goal of this study is to provide numerical results that show the probabilities by
which a persuasion principle can be the most suitable for each user's personality. The result
of this study is a matrix that shows the efficiency of each persuasive principle on each
personality trait. More precisely, the matrix shows the percentage of users, among the
entire study sample, who are highly influenced by each persuasive principle. This matrix
represents the third goal (G3) that is mentioned in Section 3.3.

To achieve the aforementioned goal, | relied on the data collected from the user
study (discussed in Chapter 3). Based on the collected data, | calculated the ratios of per-
sons who are highly vulnerable to each persuasion principle. Table 6 depicts the resulted
matrix, where rows represent the big five personality types, while columns represent the
six persuasion principles. Each record (i.e., a full row) is the persuasion profile for the
corresponding personality trait. Numbers in the cells are the percentages of the participants
who are highly influenced by the corresponding principle. For example, the first row shows
that out of all participants who are high in Extraversion traits, 39% exhibit strong influence
by the Reciprocity principle, 29.9% are highly influenced by the Consistency principle,
49.4% are highly influenced by the Social Proof principle, and so on.
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Table 6 Mapping the big five personalities and the six weapons of influence

Reciprocity = Consistency  Social Liking Authority Scarcity
Proof

Extraversion 0.390 0.299 0.494 0.487  0.338 0.636
Agreeableness 0.362 0.227 0.447 0.496 0.262 0.652
Conscientious- 0.317 0.194 0.388 0.511  0.230 0.683
ness

Neuroticism 0.387 0.232 0.394 0.437  0.261 0.613
Openness 0.358 0.212 0.460 0.453 0.234 0.672

It can be noticed in Table 6 that the numbers in each row (i.e., persuasion profile) do not
sum up to one (1). This is actually non-surprising because the same person can be highly
influenced by multiple strategies at the same time. For example, Gkika et al. [68] found
that an Open and not Agreeable person is highly influenced by Scarcity and Consistency.
Nonetheless, as it has been mentioned previously, the action probability vector should sum
up to (1) at any time instance (i.e., 0 < p;(k) < 1and Y], p;(k) = 1). For this, | nor-
malized these numbers by dividing each value over the summation of all values in the

corresponding vector. Table 7 depicts the normalized values of the matrix.

Table 7 Mapping the big five personalities and the six weapons of influence (Normal-

ized values)

Reciprocity  Consistency  Social  Liking  Authority  Scarcity

Proof
Extraversion 0.147 0.113 0.187 0.184 0.128 0.241
Agreeableness 0.148 0.093 0.183  0.203 0.107 0.267
Conscientious- 0.136 0.084 0.167 0.220 0.099 0.294
ness
Neuroticism 0.167 0.100 0.170 0.188 0.112 0.264
Openness 0.150 0.089 0.193 0.190 0.098 0.281

These mapping values are used to initialize the persuasion profile (or the weight vector) in
the BRA approach. That is, depending on the strongest personality trait of the current user,

the algorithm initializes her profile according to Table 7. For instance, if the personality
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test shows that the current user’s personality is high in Extraversion, Agreeableness, and
Openness, but Extraversion is the highest (i.e., the strongest trait), then the Extraversion
trait is considered. Accordingly, the initial weight vector, W(0), will be
[0.147; 0.113; 0.187; 0.184; 0.128; 0.241], which is the first row in Table 6. That is, if
the current user is categorized as an Extrovert person, then the Reciprocity path will be
selected with a probability of (14.7%), while the Consistency will be used with a probabil-
ity of (11.3%), and so on. The same convention is followed for all other personalities.

It is worth mentioning that for each user, there is a different weight vector (i.e., one
vector for each user). These vectors are stored, along with users’ other information, to con-
struct the user model (UM), and they are updated according to the responses received from
that particular user. This implies that PerPer is a fully personalized and adaptive approach.

4.5. Validation

This section discusses the validation of the PerPer framework to assess its feasibility in
increasing users’ acceptance of recommendations when augmenting persuasive capabilities
to recommender systems. We compared RS that deployed PerPer to a non-persuasive coun-
terpart RS. In particular, the evaluation aims to answer the following two questions:

1. Does deploying PerPer increase users’ acceptance of recommendations in
comparison to the acceptance of non-persuasive recommendations?

2. Isthe boosted reinforcement approach (BRA) better than the general reinforcement
approach (GRA) in terms of achieving a faster convergence of the best strategy and
increasing users’ acceptance?

The following sections provide more details about the experimental design, the user study

that we conducted to answer the above questions, and the evaluation results.

4.5.1 Experimental Design

To validate the proposed approach, | implemented a prototype movie recommender system
using a random recommendation-based algorithm. This kind of recommendation
algorithms suggests movies randomly based on their production year and genre.

Specifically, the movies were categorized, based on the year, into three groups: Old,
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Moderate, and New. The algorithm selects one of these categories with equal probability.
Then, it chooses a movie (with production year within the selected category) based on its
genre. The genres are also selected equally at random.

Despite the abundant number of other alternatives of recommendation algorithms,
we choose a random recommendation-based algorithm because of the following reasons;
First, the goal of our evaluation is to be generic as much as possible by assessing the impact
of the persuasion cues in isolation of other factors. Other algorithms, however, consider
other factors (such as users’ preferences or movie similarities) while building their
recommendation list. This, in turn, could affect users’ responses and, therefore, we will be
less certain about the results. Second, since our user study is relatively long, we need to
reduce the study time as much as we can so as to get more accurate responses. Providing
random recommendations does not require building user models in order to begin
recommending movies, which, in turn, reduces the study time. Third, random
recommendation-based algorithms are easy to implement and do not require additional
information or resources.

To evaluate the notion of persuasion and personality awareness in a recommender
system setting, | implemented three variations of the movie recommender system (with
two persuasive RSs, and one non-persuasive RS. Then | tested the persuasive systems
against the non-persuasive counterpart. The implemented recommender systems are as fol-
low:

e A movie recommender system without persuasion capabilities, which I refer to as
“Conventional Recommender System” (CRS).

e A movie recommender system deploys the PerPer framework, with the User Model
being initialized following the General Reinforcement Approach. We refer to this
recommender as the PerPer-GRA.

e A movie recommender system deploys the PerPer framework, with the User Model
being initialized following the Boosted Reinforcement Approach. We refer to this
recommender as the PerPer—-BRA.

The implemented recommender systems are Java web applications. The Eclipse IDE
(version 2019-12 4.14) and Java SDK 13.0.1 are used as the development environment.

The developed recommenders are released as an online application available on the cloud
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using Microsoft Azure®, or simply Azure as it is commonly known. Azure is a complete
cloud computing platform that hosts the existed applications and streamlines new applica-
tion development. It provides a wide range of software, platform, and infrastructure cloud
services. To get our application available online, we used Azure “App Service” to host the
application. For the database, we connect the application to the phpMyAdmin database
through Azure’s “MySQL In App” service.

The implemented recommender systems are evaluated through a user study. Partic-
ipants of the user study were asked to interact with the online application through one ses-
sion. A participation session lasts for 20 to 30 minutes divided into three consecutive
phases, where each phase represents one of the aforementioned implementation variations.
In each phase, participants were asked to rate thirty-five movies (one movie at a time). The
ratings represent the user’s degree of intention to watch the recommended movie. The main
difference between the first phase (which evaluates CRS) and the other two phases (which
evaluate the PerPer—GRA and the PerPer—BRA) is that the former does not include per-

suasion cues alongside the recommendations as depicted in Figure 20.

|Wi|l you watch this movie in the future?

Mammas pojkar (2012)
Comedy

O No at all ONo © not sure O yes © Absolutely yes

-

Figure 20 User interfaces of the CRS

In the second and the third phases, the system provides persuasion cues together with each
recommendation, as depicted in Figure 21. The interface in these two phases looks similar
so that the user obtains the same look-and-feel experience. The main difference between

the second and third phases is that in addition to the rating step, the PerPer—BRA phase has

15 https://azure.microsoft.com/en-ca/
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one extra step: the personality test. For this test, we deployed the BFI-44 (discussed in
section 2.3.2). It is worth mentioning here that the persuasion cues used in this implemen-
tation are similar to the cues presented in Table 3, Chapter 3.

|Will you watch this movie in the future?

HThis movie won 3 Oscars! H

Paper Planes (2014)

Family
) No at all ONo O not sure © yes O Absolutely yes

-

Figure 21 The user interface of the PerPer—-GRA and the PerPer—-BRA

4.5.2 Participants and Data Collection

Participants were recruited through different means, including emails, in-class announce-
ments, and paper-based posters. A link to the application was given to participants who
showed interest in participating. To preserve users’ privacy, no personal information was
collected from participants, nor their information were shared with any other website. In
total, 58 persons participated in the study. We filtered the data such that we removed in-
complete records. For example, we did not consider the answers of participants who com-
pleted one phase only or provided an incomplete response. After filtering the data, we re-

tained 44 responses. Table 8 depicts the participants” demographic information.

It is worth noting that we followed a within-subject design in this study, where participants
were asked to complete all phases. Due to the nature of this study, 44 responses are con-
sidered sufficient as they would be equivalent to 88 participants if the study was of a be-
tween-subject type. In addition, a within-subject study is able to control user-related factors
(such as the participant’s mood or stress levels), which in turn reduces noise in the data and
makes it easier to detect a relationship between the independent and dependent variables
[139].
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Table 8 Participant's demographic information (N=44)

Subject Category Count [Percentage]
Age 16-25 17 [39%]
26-35 18 [41%]
36+ 9 [20%]
Gender Male 24 [55%)]
Female 19 [43]
Undefined 1 [2%]

4.5.3 Data Analysis and Results

The data collected from this study is analyzed as follows: The BFI-44 test is used to identify
users’ personality traits, which is then used to initialize the persuasion profiles of users.
The ratings for the recommended movies are essential information for the evaluation.
These ratings express the intention of users to watch the recommended movie. That is, they
represent users’ acceptance of the recommendation. It is worth mentioning that participants
could have made their ratings because of the movie itself or because of the persuasive
explanations. This is a challenge for our study. To mitigate this challenge, we relied on a
neutral recommendation algorithm (namely, random recommendation). The essence be-
hind this selection is, as mentioned before, to reduce the effect of other factors that may
impact users’ ratings. Also, we used the same random recommendation algorithms for the
three versions of the implemented recommender in order to make the results comparable.

Based on the evaluation questions mentioned in Section 4.5, the analysis of results
is divided into two sections: the first one answers the first evaluation question by compar-
ing the conventional recommender CRS to the PerPer—-GRA version. The second section
compares PerPer—GRA with PerPer—BRA to answer the second question.

Users’ acceptance of the recommendations is used as the essential mean of com-
parison. Inspired by the study of Gkika et al. [68], we considered the ratings as an indication
of persuasion. That is, if the user gives a high rating to the recommended movie, it is con-
sidered as an indication of acceptance, and hence, it indicates that the user is persuaded to

accept the recommendation. The following two subsections discuss the results.
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Comparing PerPer to the Conventional Recommendation

This section evaluates whether deploying PerPer enhances users’ acceptance of the rec-
ommendations or not. To achieve this, it compares the responses obtained from the CRS
part with the responses of the PerPer—GRA part.

Figure 22 shows the mean ratings of the PerPer—-GRA and the CRS. The x-axis
shows the number of interactions between the system and the user. The number of interac-
tions represents the number of recommendations and the corresponding ratings to such
recommendations. For instance, 15 interactions mean that the system recommended 15
movies, and the user responded by rating each one of these movies. The y-axis of the figure
represents the mean ratings of all users for the corresponding number of interactions.

3.4
33
3.2

3.1

3.0
W PerPer_GRA
2.9 CRS
2.8
2.7
2.6
5 15 25 35

# of interactions

Mean Rating

Figure 22 Mean ratings for CRS comparing to PerPer—-GRA

The figure shows that the mean rating for the PerPer—GRA is better than that for the CRS.
for all cases except the first case when the number of interactions = 5. This is partly due to
the fact that the PerPer-GRA assigns equal probabilities to all persuasion paths. This means
that any persuasion cue could be provided to the user along with the recommendation,
without any kind of personalization. As a result, there becomes a strong chance that the
provided recommendation might be rejected or low-rated by the user (as a result of re-
sistance due to using an inappropriate persuasion path). However, as the number of inter-

actions increases (i.e., >5), the PerPer—GRA builds a better knowledge base about users
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and their personal preferences. Consequently, the chance to select more appropriate per-
suasion path increases, and hence users accept recommendations and assign them higher
ratings than the CRS. Another observation that can be drawn from the figure is that user
ratings for the PerPer-GRA increase as the number of interactions increases.

It can be noticed from the figure that the differences between means are around (0.2
— 0.4). Such a difference, although it seems to be small, is good enough because of various
reasons. First, the values presented in this figure are averaged over 44 participants and 35
interactions for each participant. Second, taking into consideration the limited scale of the
rating values (which is 1 to 5), such seem-small numbers are, in fact, relatively good. For
instance, the (0.3) difference in the mean rating is equivalent to (6%) enhancement in a
five-scale value.

The enhancement of the average rating means that the users gave a higher rating to
the recommended items, which, in turn, means that the user accepted the recommendation.
Having said that, we can say that an enhancement in the average rating implicitly reflects
an enhancement in users’ acceptance. Therefore, and based on the above observations, we

conclude that PerPer enhances user’s acceptance of the recommendations.

Comparing PerPer—GRA to PerPer—-BRA

The first part of the analysis compared the conventional recommendation approach CRS
with PerPer—GRA. This section tries to answer the second evaluation question by compar-
ing the two versions of PerPer, namely the PerPer—GRA and the PerPer-BRA. It considers
the results of phases two and three of our user study.

Figure 23 depicts the mean ratings for both approaches. The figure shows that the
users' mean rating is better in the case of PerPer—-BRA compared to the PerPer—GRA for
all numbers of interactions, even when the number of interactions is low. This observation
is unsurprising because, in the PerPer—BRA, the persuasion profiles are initialized from the
beginning to be personalized. Hence, users accept the provided recommendations, which
is reflected by their high ratings. Another important observation from Figure 23 is that the
minimum rating in the case of PerPer—BRA is 3.2. This is more than the maximum rating
achieved in the case of PerPer—-GRA. This indeed reflects the superiority of the boosted

reinforcement approach over the general reinforcement one.
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Figure 23 Mean ratings for PerPer—GRA comparing to PerPer—-BRA

To assess how PerPer—BRA contributed to accelerating the convergence of the best strat-
egy, we relied on the status of the persuasion profiles at the end of the interactions for each
participant. Particularly, for each participant, we compared his/her persuasion profiles after
completing the PerPer—GRA part and the PerPer-BRA part. The highest probability in
each profile is considered as an indication of how close to the convergence the profile is.
The results revealed that, out of the 44 participants, only eight profiles were closer to con-
vergence in the PerPer—GRA profile, while the remaining were closer in the case of Per-
Per-BRA.

To summarize, the observations demonstrate the superiority of PerPer-BRA such
that it was able to increase user’s acceptance even in the initial interactions. Also, the en-
hancement is getting better as the number of interactions is increased. In addition, PerPer—
BRA was able to accelerate the convergence of the best persuasion path while maintaining

improvement in users’ acceptance.

4.6. Chapter Summary

This chapter presented the Personalized Persuasive RS (PerPer), a framework for aug-
menting RS with persuasive capabilities. The chapter discussed PerPer's main compo-

nents, operations, and interactions between components. Furthermore, the chapter
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discussed the mechanism of dynamically selecting a particular persuasion strategy that is
tailored or personalized for a particular user. To implement and validate PerPer, we em-
ployed a machine learning-based approach by adopting the Learning Automata concept.
Based on this approach, PerPer is demonstrated to be feasible in terms of increasing users’
acceptance of recommendations.

PerPer is evaluated using a user study where we implemented a prototype of a
movie RS. The user study involved three parts, namely, the Conventional Recommender
System (CRS), the General Reinforcement Approach (PerPer-GRA), and the Boosted Re-
inforcement Approach (PerPer-BRA). The analysis of the results obtained from 44 partic-
ipants shows that PerPer-GRA was able to enhance users’ acceptance of the recommenda-
tions in comparison to CRS. The results also show that the PerPer-BRA outperforms the
PerPer-GRA in terms of accelerating the convergence of the best persuasion path while
maintaining improvement in users’ acceptance.

Up to this point, it is worth mentioning that the state-of-the-art approaches in the
literature that focus on RSs with persuasion features are either domain-specific (such as,
for instance, the route planning RS [69] and educational RS [75]) or do not adapt their
solutions by considering personality-related aspects while providing persuasive recom-
mendations (such as [97] and [98]). The deviation between these approaches and our pro-
posed approach (which is by nature, domain-independent, adaptive, and personalized)
makes it infeasible to conduct a fair and consistent comparative analysis. However, in the
near future, we are planning to deploy the PerPer framework into a particular context, for
example, the educational domain, and then compare its performance against the perfor-
mance of their counterpart non-personality-aware persuasive RS that is applied already in
the educational domain. By this, we would have a better characterization of the circum-
stances under which PerPer achieves better performance gains. Furthermore, we envision
implementing PerPer using different approaches, for example, using Bayesian learning, as
proposed by Kaptein [116], and compare these approaches (e.g., Bayesian learning-based
implementation) against the Learning Automata-based implementation.

The next two chapters discuss the second part of this work, which is evaluating

RSs. It presents the cognitive-based approach to evaluate RSs beyond their accuracy.
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Chapter 5. Cognitive-Based Evaluation for
Recommender Systems

This chapter introduces the second angle of the research considered in this thesis, namely
evaluating RSs beyond their accuracy. In particular, the chapter proposes an evaluation
approach called Comprehensive Performance evaluation (ComPer). This approach is in-
spired by the main theme of the thesis, where we envision to view RSs as systems that are
not only capable of providing recommendations but also supported with persuasion and
cognitive features, which makes them, in principle, close to human beings. ComPer eval-
uation approach considers an RS as a human being with cognitive skills, and hence, the
recommendation process is analogized to a human’s learning process. Following this prin-
ciple, the outcomes of the recommendation process can be evaluated in the same manner
as we evaluate the outcomes of the human learning process.

The contents of this chapter have been introduced in two papers [140], [141] and
expanded in a third one [142].

5.1. Context

Evaluating Recommender Systems is a nontrivial task due to many reasons [9], [144]. First,
RSs are applied in a wide range of applications, including e-commerce, healthcare, educa-
tion, etc. Second, different types of RSs use different algorithms, and therefore, have dif-
ferent inputs and outputs. Third, recommendation results are of different types, such as
rating prediction and a recommendation list. Based on the nature of the results, the same
metric could be evaluated differently. Finally, due to the multifaceted nature of recom-
mender systems, there is a variety of evaluation metrics (or dimensions) introduced to the
field.

Earlier in the literature, it was common to evaluate RSs using only one evaluation

dimension, with a particular focus on using accuracy (or correctness)!® as the main

16 The terms “Accuracy” and “Correctness” are used interchangeably in the literature.
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evaluation metric. Later on, there became an increasing consensus that the accuracy of
recommendations is insufficient to evaluate the actual performance/effectiveness of rec-
ommenders [29], [144]. For instance, recommending an item with the highest ratings is not
necessarily a useful recommendation because the user might have already seen this item
and that he/she is no longer interested in it. This issue triggered several calls in the literature
to start considering more evaluation dimensions other than accuracy. To respond to this
requirement, researchers proposed a plethora of evaluation dimensions, which results in a
vast variety of dimensions being introduced in the literature.

Having multiple evaluation dimensions is a double-edged sword. On the one hand,
it enriches the evaluation process of RSs; but on the other hand, the wide variety of dimen-
sions makes it challenging to select the most appropriate dimension. In addition, the exist-
ence of multiple evaluation options requires significant time and effort to design a proper
experiment [6]. As a matter of fact, the abundance of evaluation options makes it easy to
find an evaluation design that suits a particular algorithm but ineligible for others, which
represents an increasing impediment to fairly compare different studies [172]. For exam-
ple, good scalability means that if the system scales up to the point where there exists a
large number of items to be recommended, it can make recommendations within a reason-
able time. However, to increase the system’s scalability, other dimensions might be af-
fected negatively. For instance, the algorithm may recommend items based on only a part
of the item set instead of considering the whole dataset. As a result, the processing time
(i.e., which represents scalability here) will be increased, but the coverage and correctness
will be decreased[6]. Said et al. [4] argued that, due to the existence of multiple evaluation
methods, it becomes necessary for these methods to be “critically analyzed to ensure im-
provement in the field” [4]. According to Avaspour et al. [6], a better framework or stand-
ard for understanding the relationship between dimensions is required.

For the reasons given above, and the gaps identified in the literature, we cannot
deny that there is a lack of uniformity in the current evaluation methods. Hence, a unified
evaluation methodology becomes desired to compare recommenders [145]. As a potential
solution to this issue, this chapter proposes an evaluation methodology called Comprehen-
sive Performance evaluation (ComPer). ComPer is a cognitive-based method inspired by

the idea that a recommender system can be viewed as a human being with cognitive skills,
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and so, the recommendation process can be analogized to a human learning process. Con-
sequently, the outcomes of a recommendation process can be evaluated in the same manner
as we evaluate the outcomes of the humans learning process. For this, ComPer innovates
a mapping between Bloom’s taxonomy (discussed in section 5.2.1) and the main phases of
RSs (i.e., information collection, learning, and recommending). Based on this mapping, a
correlation between the most common evaluation dimensions and Bloom’s cognitive di-
mension is inferred. The name ComPer stems from the main goal of this approach, which
is to provide a comprehensive-enough evaluation of the performance of RSs.

ComPer aims to achieve three goals: thoroughness, simplicity, and independency.
To achieve the first goal, thoroughness, ComPer considers multiple evaluation dimensions
instead of considering only the accuracy, and in fact, this is the essence of ComPer. The
second goal, simplicity, is satisfied by representing the final evaluation result using one
single value that embeds all the considered dimensions. Finally, the ComPer approach
conducts evaluation and produces results that are independent of data and evaluation set-
tings. That is how the third goal (i.e., independency) is seemed to be achieved by ComPer.
Independency leads to a fair'’ comparison between different recommenders. In Section 6.3,

we show through experimental evaluation how ComPer fulfills these three goals.

5.2. ComPer Preliminaries

As previously mentioned, the proposed evaluation approach is built based on a mapping
between humans’ learning process and RSs’ recommendation process. This mapping is
extrapolated based on a study of both parties (i.e., human’s learning and RS process) that
led to a numeric correlation matrix. The essence of the proposed approach is to obtain a
correlation between RSs (presented by their main phases and common properties) on one
side and humans’ cognitive skills (presented by Bloom’s taxonomy and its cognitive di-
mension) on the other side.

This section discusses the components that ComPer relies on to infer the mapping,

namely Bloom’s taxonomy, phases of RSs, and the evaluation dimensions of RS.

17 In the context of this chapter and Chapter 6, “fairness” means evaluating and comparing recommenders
without being biased to a particular experimental settings (i.e., different setting provides comparable re-
sults)
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Declaration: In the rest of this section, the six cognitive dimensions of Bloom’s are written
using Calibriitalic font. The RS phases are written using a Times New Roman Italic Bolded

font, and the evaluation dimension of RS are written using Times New Roman Italic font

5.2.1 Bloom’s Taxonomy

Bloom’s Taxonomy is a model that was introduced to the education field in 1956 by Ben-
jamin Bloom, an educational psychologist at the University of Chicago [146]. It classifies
learning behaviors into three domains: cognitive domain, affective domain, and sensory
domain. These domains can be thought of as the goals of the learning process. That is, for
each learning session, learners should have acquired one or more of three goals, which are:
mental skills or knowledge (Cognitive domain), growth in feelings or emotional area (Af-
fective domain), and physical skills (Sensory domain). The taxonomy also defines assess-
ment dimensions for each domain to evaluate different educational outcomes.

The cognitive domain, which is the domain of special interest of this work, involves
knowledge and the development of intellectual skills [146]. This domain underlines six
intellectual skills (or outcomes). Following are the six dimensions of Bloom’s cognitive
domain, ordered from the simplest to the most complex one:

e Remember: the ability to retrieve knowledge from memory. It concerns recall def-
initions, facts, etc., or to recite previously learned information.

e Understand: The ability to determine meanings from all kinds of messages, such
as interpreting, classifying, or comparing.

e Apply: The ability to use learned material by implementing a procedure in a given
or new situation.

e Analyze: The ability to break material into constituent parts and detect how the parts
are related to each other, as well as being able to distinguish between the compo-
nents or parts.

e Evaluate: the ability to make judgments and comparisons based on criteria or stand-
ards.

e Create: The ability to put elements together and recognize them into a new pattern.
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Bloom’s six dimensions of cognition are considered as evaluation dimensions to assess the
learning outcomes of human beings in terms of acquired cognitive skills. These dimensions
are used by educators to design and evaluate their courses. In this thesis, these dimensions

are adapted to explain the mechanism of our proposed evaluation method, ComPer.

5.2.2 Phases of Recommender Systems

According to Isinkaye et al. [135], a recommendation process is divided into three main
phases: Information collection, learning, and prediction (or recommendation). The first
phase, information collection, is all about collecting users’ information to build their pro-
files that will be used later by the other two phases. In general, the performance of any RS
is strongly associated with the amount and type of information collected. This information
can be collected explicitly (as inputs from users) or implicitly (by inferring users’ prefer-
ences indirectly, for example, through user’s behaviors). In the second phase, learning, the
recommender system focuses on applying learning algorithms to extract or infer users’
features from the information gathered in the information collection phase. The last phase
is the prediction/recommendation. This phase focuses on predicting which items the user
may (or may not) prefer. The result of this phase is affected by the previous two phases.
That is, the more the information collected, and the better the learning algorithm used, the

more useful the recommendation. Figure 24 depicts these three phases.

Feedback

. . Prediction/
Info Collection ‘ Learning ‘ Recommendation

Figure 24 Main phases of recommender systems

5.2.3 Evaluation Dimensions of Recommender Systems

In the literature, there are more than sixteen evaluation dimensions or metrics*® that have

been introduced to the RS field. Avazpour et al. [6] classified these evaluation dimensions

18 In the literature, the terms “properties”, “dimensions”, and “metrics” are used interchangeably to repre-
sent the RSs’ dimensions that we want to assess.
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into four categories: recommendation-centric, system-centric, user-centric, and delivery-
centric. A summary of dimensions, along with their definitions, is listed in Table 9. For a
more detailed discussion about evaluation dimensions and how they can be assessed, the
reader is advised to refer to [6] and [7].

As previously stated, ComPer emphasizes the cognitive side of RSs, represented
by the skills required to learn users’ preferences and provide recommendations as learning
outcomes. That is, ComPer focuses on the recommendation process itself, represented by
its main phases (Section 5.2.2), rather than focusing on other aspects of recommendation,
such as usability or risk. Having said that, ComPer puts emphasis on recommendation-
centric and system-centric evaluation dimensions. In particular, ComPer considers nine
evaluation dimensions: Correctness, Coverage, Diversity, Confidence, Robustness, Learn-
ing Rate, Scalability, Stability, and Privacy. The purpose of these dimensions is to assess
a recommender and its recommendation process in a manner analogous to assessing hu-
mans’ learning and their learning outcomes.

It is worth noting that evaluation dimensions in Table 9 are not all of the same
popularity or importance. For example, in code suggestion domains, the accuracy of the
recommended code options is more important than diversity. Nevertheless, there is no con-
sensus in the literature about the most important evaluation dimensions that can ultimately
be used to assess a particular domain. This issue motivated us to investigate the literature
to build an understanding of the most commonly used evaluation dimensions among the
nine dimensions mentioned above.

Our study surveyed 135 articles published in the last decade in the context of eval-
uating RS. Our survey revealed that Accuracy is the most considered dimension. This pop-
ularity is mainly due to the fact that accuracy is the first dimension introduced to the RS
field, and it is easy to be measured [147]. Coverage and Diversity are the second most
popular dimensions, followed by Robustness and Scalability. The survey also indicated
that Confidence, Adaptability, and Stability had not been evaluated by any of the articles
under study (i.e., they are not commonly used in the literature). So, we decide not to con-
sider them further in our proposed evaluation framework. In addition, we excluded the
Privacy evaluation dimension since measuring privacy is a non-trivial task that is still not

fully explored [6]. Accordingly, after excluding the non-common dimensions, we ended
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up focusing on the five most popular evaluation dimensions®®, namely: Correctness, Cov-

erage, Diversity, Robustness, and Scalability.

5.3. Related Work

The literature has recently witnessed increasing attention to the evaluation methodologies
of recommender systems. Particularly, there is almost agreement on the necessity of a com-
mon methodology to evaluate the multifaceted nature of RSs. Hence, several researchers
highlighted the need for such an evaluation methodology. This section presents the evalu-
ation approaches that have been proposed recently, along with a discussion about their
limitations.

A methodological description framework and a formalization of the offline evalu-
ation procedure of Time-Aware RSs (TARS) are provided in [148]. Through their survey
and analysis of the TARS literature, the authors found that there are clear divergences in
the evaluation protocols and methodologies. Consequently, they identified a set of key
conditions, and based on these conditions, they introduced a categorization of evaluation
protocols for TARS. Finally, the authors suggested methodological guidelines that may
help researchers select the proper combination of evaluation conditions. This study focuses
on one type of recommender systems, namely the Time-Aware RS. Also, it does not pro-
vide a comprehensive enough evaluation framework; instead, it provides some general
evaluation guidelines that can be followed to evaluate a single domain only, which is
TARS. This issue is shared with other proposed frameworks, such as for example, the work
of Trattner et al. [151], which studied the evaluation of group RSs. They show how to use
the evaluation methods deployed for single-user RS in the context of group-based recom-
menders. Other examples of such domain-specific approaches include the work of Monti
et al. [152] on evaluating Sequence-based Recommender System and Ludewig et al. [153]
on evaluating session-based recommendation algorithms. All these studies and solutions

do not provide generic approaches.

19 For simplicity, the term “evaluation dimensions” is used throughout this chapter to indicate these five
dimensions unless mentioned otherwise.
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Table9 Recommender System evaluation dimensions and their categories [6]

Category Dimensions

Definition

Correctness (Ac-

The closeness of the recommendations or predictions to

curacy) the actual user preferences
Coverage The proportion of items (or users) that the system can
Recommenda- recommend (or the system can generate
tion-centric recommendations for)
Diversity The dissimilarity between recommended items
Confidence How confident is the recommender in its results (rec-
ommendations or predictions)
Robustness How stable is the RS in the presence of fake (or false)

Learning Rate

information

How adaptable (fast) is the system to new information

(Adaptivity)
Scalability How scalable is the system under extreme conditions,
System-centric such as a huge dataset?
Stability The consistency degree of the recommendations over
time
Privacy Is there any potential risk to users’ privacy
Trust To what extent do users trust the system’s recommen-
dations
Novelty Recommending items that are new to the user (she did
not know about them)
Serendipity How surprising yet successful are the recommenda-
User-centric tions?
Utility The value gained from the system for different actors,
such as users and system owners
Risk How risky is the acceptance of the recommendation for
the user?
. Usability How usable is the recommender (i.e., how easy is it for
Delivery-cen- .
tric users to adopt it)?

User preferences

How do users perceive the recommendation system?

Meyer et al. [29] provided a methodology to analyze the efficiency of RSs in an

industrial context. They categorized RSs into four structuring functions: help to decide,

help to compare, help to discover, and help to explore. Based on these functions, the authors
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proposed an offline evaluation protocol; the main idea of this protocol is to map each one
of these four functions to the appropriate evaluation measures. Although the proposed pro-
tocol aims to consider different recommendation functions for RSs in general, it fails to
consider different evaluation dimensions. That is, the protocol focuses mainly on evaluat-
ing the recommendations’ accuracy using different measures based on the aforementioned
functions.

Some researchers focus on introducing protocols that serve as supportive solutions
to enhance traditional evaluation settings rather than introducing an evaluation methodol-
ogy. Najjar and Wilson [150], for instance, developed a group testing framework that aims
to provide means to enhance evaluating group recommendation. The main goal of the pro-
posed framework is to generate synthetic groups that are modeling actual group preferences
automatically. The generated groups are parameterized to test different group contexts. The
proposed framework contains two main components: First, group modeling, which defines
specific group characteristics that will be used to form the synthesized groups. Second,
group formation, which is a mechanism that identifies compatible groups from a dataset of
single users by applying the defined model (i.e., the group model that is identified in the
first component).

Another supportive solution has been proposed by Said et al. [154]. The goal of this
model is to propose a method for fair data splitting that can give more accurate results for
recommenders’ correctness. In particular, the model was designed specifically for the rec-
ommendation task (i.e., the task of recommending an item or a set of items). The protocol
has been developed with a “find good item” scenario in mind. The authors suggested cri-
teria to choose candidate items (or users) for the training and testing sets. This splitting
method aims to mitigate the issue that the accuracy values are biased to the dense users’
records (i.e., users with many ratings in the dataset). Also, it aims to make sure that all
available data for each user is used for training the algorithm. This protocol is limited in
terms of dimensionality such that it considers the accuracy dimension only.

A dataset-focused framework is introduced by Dooms et al. [155]. They provided
a framework for introducing and benchmarking new datasets to RS. The proposed frame-
work focuses on the traditional Movie rating datasets (such as MovieLens), which are static

datasets, and they become old. The article aims to utilize social media and smartphones to
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create more valuable datasets by combining new data sources. To do so, the authors pro-
posed a five-step framework to introduce and benchmark new datasets. The applicability
of the framework is demonstrated on a new movie rating dataset called MovieTweetings,
which analyzed different aspects following the proposed framework. The authors con-
cluded that MovieTweetings was interesting for user-centric and simulation-focused ex-
periments and could be used as a complement to the MovieLens dataset for offline com-
parative experiments.

Another evaluation approach is proposed by Sohail et al. [143]. The goal of this
approach is to avoid biased and fake ratings in the dataset. The paper introduced a user’s
sincerity measure that focuses on eliminating feedback of insincere users. This measure is
calculated based on different factors, including user visits to the review page and the time
spent on that page. Based on this information, the authors defined two scores: the Product
Importance Score (PIS) and the Product Preference Score (PPS). Then, they obtained the
Comprehensive Veracity Measure (CVM), which is defined as the average of different
evaluation measures. Although this evaluation measure considers multiple measures, it is
considered limited because it only considers accuracy-related measures (such as Mean Av-
erage Precision (MAP), Mean Reciprocal Rank (MRR), false-positive rate (FPR), and
false-negative rate, FNR); As mentioned above, Accuracy does not reflect the actual per-
formance of RSs.

Other researchers focus on evaluating the usability aspects of RSs; Pu et al. [156],
for instance, proposed a user-centric model called ResQue. The model was built based on
usability-oriented research in the RS field, as well as principles from popular usability
evaluation models. ResQue is a user study-based model that consists of thirteen constructs
and a total of sixty questions. It categorizes the questions into four higher-level constructs,
which are: Perceived system qualities, users’ beliefs, users’ subjective attitudes, and their
behavioral intentions. The model aims to assess the perceived qualities of recommenders,
such as usability, usefulness, and interface quality. This framework presents a unified ap-
proach to user-driven evaluation. However, it is time-intensive for participants and may be
overly costly for focused hypothesis testing. Also, it focuses only on the usability aspects
of RS.
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AppFunnel [157] is another example of a usage-centric evaluation protocol; it
adopts the concept of conversion funnels to the mobile app RSs. The main goal of AppFun-
nel is to extend the evaluation of mobile app RSs from only considering the instant use of
the app to considering the long-term use of it. To do so, it allows the usage-centric evalu-
ation to consider application engagement stages along the applications’ lifecycle beyond
installation. AppFunnel suggests that users go through four stages in order to reach the final
conversion. The final conversion represents the conversion of the application from a rec-
ommended app to one that is used in the long-term. The four stages are View, Installation,
Direct Usage, and Long-term usage. Like many other models, AppFunnel is not applicable
to all kinds of RSs; it can be applied for recommenders that recommend items that can be
used for a long time (applications recommendations, in particular). Moreover, it considers
only one dimension, which is the user’s engagement, as a measure of RS quality.

Erdtet al. [149] aim at providing a hybrid evaluation approach that aims to alleviate
the gap between the accuracy of online evaluation and the simplicity of offline experi-
ments. Hence, Erdt et al. investigated the use of crowdsourcing? (such as microworkers
and CrowdFlower websites) as a supporting source of willing users to evaluate Technology
Enhanced Learning (TEL) RSs. The authors aimed to evaluate the novelty, relevance, and
diversity of a proposed TEL recommender. They used crowdsourcing as a source to recruit
participants. Their results show that using workers from crowdsourcing can be a potential
alternative for evaluating TEL. This work is tailored for a single domain of RSs, and it is
a questionnaire-based approach.

OIlmo and Gaudioso [145] propose an objective-based framework for the standard-
ization of recommendation system evaluations. They view RSs as applications that consist
of two main subsystems: interactive (called the Guide) and non-interactive (called the fil-
ters). The guide concerns of when and how the recommended items should be presented to
users. The filter focuses on what to recommend (i.e., which item should be shown to the
user). Accordingly, they categorize RSs based on these two functions. Consequently, a

performance metric (P) has been introduced as the quantification of the final performance

20 Crowdsourcing: “an open call to online users from a very large community to contribute to solve a prob-
lem or to perform a human intelligent task in exchange for payments, social recognition or entertain-
ment”[149]
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of a recommendation system over a set of sessions. (P) is defined as the number of selected
relevant recommendations that have been followed by the user over a recommendation
session. This work is comprehensive enough, such that it covers a wide range of RSs. How-
ever, it concerns only one evaluation dimension. Also, an issue related to the introduced
measure (P) is that it does not treat the usual problems that traditional metrics do. For
instance, if, in one session, the user followed ten items (i.e., ten items were indeed useful)
out of a million recommendations, this is considered as good as if the system displayed ten
recommendations, all of which the user followed (i.e., all of which were useful).

Schrdder et al. [158] emphasizes the idea of defining evaluation goals before start-
ing the evaluation process. Particularly, the paper suggests that evaluators should define
RS’s objectives, tasks (e.g., prediction, ranking, and classification), and user’s preferences
data to be collected. Based on this information, an evaluation could be set. The authors also
analyzed the relationship between objectives for applying recommender systems and met-
rics used for their evaluation. In particular, they discuss three main classes of accuracy-
related evaluation metrics, namely predictive accuracy metrics, classification accuracy
metrics, and rank accuracy metrics. Based on that, they provide some guidelines to choose
the best metric. Unfortunately, this article only discussed accuracy-related measures while
it neglects others.

These are the evaluation methods (or models) that are most relevant to our work.
We observed that the literature suffers from three main limitations comparing to our pro-
posed approach. These limitations can be summarized as follows: Firstly, Limited domain,
such that the proposed model is application-based (i.e., it is proposed to evaluate RSs of a
particular application area), such as [148] and [157]. Secondly, Limited dimensionality,
where the proposed method considers only one or two evaluation dimensions, this issue
exists in most of the proposed protocols (e.g., [29] and [154]). Finally, highly costly; some
protocols are focusing on properties that cannot be evaluated offline. These protocols rely
on the user study evaluation model (e.g., [149], [156], and [159]). The problem with user-

centric evaluations is that they are considered costly regarding time, effort, and money.

Chapter 5 — Cognitive-Based Evaluation for Recommender Systems 110



5.4. ComPer Main Ildea

This section discusses the proposed ComPer evaluation approach. Specifically, it provides
a detailed description of our innovative analogy between human’s cognitive skills and RSs
(section 5.4.1). Then, it presents the correlation between the cognitive dimension of
Bloom’s Taxonomy and both the main phases and evaluation dimensions of RSs as dis-

cussed in Section 5.4.2 and Section 5.4.3, respectively.

5.4.1 Recommender Systems and Humans: An Analogy

This section illustrates the core of ComPer, which is the mapping that we propose between
the cognitive skills of human beings and the main phases of RSs. To exemplify the map-
ping, this section provides a simple analogy between a salesperson, Alice, and an arbitrary
recommender system RecSys, as follows:

To give recommendations, RecSys collects information about users to build their
profiles and then exploits users’ characteristics and information to predict their preferences.
Analogously, a salesperson, Alice, tries to recognize her customers by collecting infor-
mation about them in order to become aware of their preferences and to suggest items that
may be of their interest. Up to this point, it can be noted that both RecSys and Alice tend to
collect information about their customers/users to build enough knowledge base and to
learn about their preferences, then they use this knowledge to suggest or recommend items
that match customers’ preferences. We notice that both Alice and RecSys can perform the
same tasks while going through the same phases: collecting information, learning, and rec-
ommending or predicting. As a human being, Alice deploys her cognitive skills to perform
these tasks as follows:

Alice as a RecSys: during her work, Alice, the salesperson, tries to remember her
customers and understand their needs in order to collect information about their
purchasing trends. After that, she analyzes the customer's attitudes based on the
already collected information. Such an analysis leads Alice to learn her custom-
ers’ preferences. By the end of this learning process, Alice reaches a level where
she becomes able to /ink pieces of information together and creates patterns for

each customer. Therefore, she is able to predict what may/may not attract a
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customer, and more than that, to recommend the best product that suits each cus-

tomer.
The above analogy suggests that Alice, as a human being, performed the same tasks as an
RS. From the other side of the analogy, RSs could be viewed as a human being with some
levels of comprehension skills that humans possess. Consequently, we can posit that an RS
can be analyzed and assessed in the same way human cognitive abilities are assessed. In
particular, since the recommendation process (Figure 24) has similarities to the humans
learning process (as discussed in the above analogy), we imply that RS learning outcomes
(represented by its recommendations) can be assessed in the same way that human learning
outcomes are assessed. To elaborate further with our mapping, we suggest using Bloom’s
cognitive dimension and its six learning objectives as a basis to evaluate the recognition

abilities of an RS.

5.4.2 Mapping Between Bloom’s Cognitive Domain and RS’s Phases

According to the aforementioned analogy, and based on the definitions of Bloom’s learning
objectives (Section 5.2.1) and RSs phases(section 5.2.2), we inferred the following map-
pings: to collect information, an RS should be able to retrieve information and construct
meanings from different types of messages, which means that an RS should be able to
remember and understand. To learn, an RS should be able to apply prior knowledge in
different situations and analyze the interrelationships between different components of a
system. Finally, an RS's recommendation/prediction depends on its ability to make a judg-
ment (i.e., evaluate) and recognize elements into new structures (i.e., create).

Figure 25 visualizes the aforementioned mapping. At the top of the figure, we see
the fundamental goal of the recommender system, which is to provide a high-quality rec-
ommendation. The middle level of the figure shows RS’s main phases, while the bottom
level shows human’s learning objectives. As the figure indicates, the high quality of a rec-
ommendation is achieved by the recommendation process presented by its three main
phases. In addition, the Recommend phase is affected by both the amount of information
collected and the efficiency of the learning process (as mentioned in section 5.2). The lower
layer of the figure shows the association between the learning objectives and the RS phases,

with a causal association relationship. This means that the quality of each phase of RS is
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affected by the quality of the learning objectives. For example, the recommender’s

Learning process gets better as the recommender’s ability to Analyze or Apply is enhanced.
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Figure 25 The mapping between recommenders’ main phases and Bloom’s learning ob-

jectives

To conclude, Figure 25 shows that the overall quality of an RS is proportional to its rec-
ommendation process, which in turn, is proportional to the recommender’s cognitive skills,
presented by Bloom’s learning objectives. That is, the quality of the recommender in-
creases as its recognition skills increase. From this perspective, we suggest adopting the
evaluation dimensions of humans’ cognitive skills to evaluate the cognitive skills of RSs.
These dimensions, however, are unfamiliar in the recommendation context. Thus, the next
section establishes correlations between Bloom’s learning objectives and the five most
popular RS evaluation dimensions, such that each learning objective is captured and as-
sessed by these evaluation dimensions. The subsequent section describes the process by

which we inferred these correlations.

5.4.3 Correlating Bloom’s Learning Objectives and RS Evaluation Dimen-
sions

The correlation between learning objectives and evaluation dimensions is built based on

the definitions of both sides. This mapping is performed through a multi-step process,
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which involves domain experts’ inferences, Natural Language Processing (NLP), and the
matching of the results obtained from the first two steps. The correlation aims to infer
numerical mappings between each one of the evaluation dimensions and the corresponding
learning objective.

The correlation is inferred based on the definitions and descriptions of the learning
objectives and the evaluation dimensions discussed in the literature. For the results to be
more accurate, especially in the NLP step (which strongly depends on these definitions),
we tried to find as many related descriptions as possible. We elicit definitions of the learn-
ing objectives and the evaluation dimensions from different resources, including research
papers and web resources. The text used to infer the mapping contains a total of 7255
words. After excluding repeated and stop words, the document retained 1947 words. As an
example, Appendix E shows the text related to the Scalability dimension along with its
inferred vector. The following two subsections describe the process of inferring the final

correlation matrix.

Natural Language Processing-based Correlation

The purpose of this step is to provide numerical means that demonstrate how close (or how
important) an evaluation dimension is to a learning objective. These numerical values help
establish the weights of each evaluation dimension in the final value of ComPer, as de-
scribed in section 5.5. To infer these values, we adopted concepts from the Natural Lan-
guage Processing (NLP) domain following the approach presented by Duwairi [160]. In
particular, we presented the problem as an NLP classification task. Each learning objective
is considered as a document category, and the evaluation dimensions are considered as
documents that need to be classified under these categories.

The learning objectives and the evaluation dimensions are presented as feature vec-
tors using the definitions that we have collected. From these definitions, we created a bag-
of-words for each of the objectives and the dimensions. These words were pre-processed
by removing stop words and repeated words, and a word-stemming is done for the remain-
ing words. Then, the Similarity Dice measure is used to find the similarity between every

two vectors [160], as defined by equation 5.

()
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Where F, is the feature vector of a learning objective x and F, is the feature vector of an
evaluation dimension y. The similarity Dice (Simp;..) Value represents the strength of cor-
relation between an evaluation dimension and a learning objective, as illustrated in Table
10. For instance, Correctness is more related (or important) to Remember (0.075) than
Coverage (0.047).

Table 10 Correlating Evaluation dimensions & Learning objectives (NLP results)

Remember Understand  Apply Analyze  Evaluate Create

Correctness 0.075 0.094 0.079 0.079 0.096 0.038
Coverage 0.047 0.040 0.078 0.093 0.103 0.091
Diversity 0.067 0.090 0.102 0.135 0.107 0.111
Robustness 0.052 0.077 0.045 0.113 0.094 0.086
Scalability 0.060 0.081 0.159 0.136 0.138 0.101

Human-based Correlation

In this step, three experts were given the definitions of the learning objectives and the eval-
uation dimensions. The experts were asked to infer the correlations between both concepts.
Specifically, they were asked to give one of the labels (N, P, or S) to describe the correla-
tion. These labels represent the strength of the correlation between the corresponding learn-
ing objective and evaluation dimension, and they are interpreted as follows, (N) means
“No-Correlation,” (P) means “Partial correlation,” and (S) means “Strong correlation.” The
experts were not familiar with the thesis content, and they were asked to infer the correla-
tion without explaining why we need to infer this correlation.

To explain how the experts inferred the correlations, let's take, for example, the
learning objective Remember and the evaluation dimension Coverage. As mentioned pre-
viously in section 5.2, Remember represents the ability to retrieve and recall relevant
knowledge from long-term memory. Coverage represents the proportion of available in-
formation for which recommendations can be made (i.e., to what extent the RS covers
items or users’ space). Based on these definitions, the experts had the following two obser-
vations: 1) the more the information available, the better the remembering skill will be; and

2) the more the item/user space is covered (or retrieved), the higher the coverage value will
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be. According to these observations, the experts indicated that Coverage is strongly corre-
lated (S) to Remember. Following the same rationale, experts have inferred the rest of the
correlations.

Each expert was asked to infer the correlation in isolation of the others. That is, the experts
did not communicate with each other. Every expert provided his/her own correlation table.
Then we aggregated the received correlation tables from all the experts as follows: if at
least two experts gave the same label, that label is considered as the final correlation label.
If each expert gave a different label (i.e., if the labels of the three experts were N, P, and
S), then the P label (as a median value) is considered. Table 11 shows the correlation table
resulted after aggregating the obtained evaluation from the experts.

Table 11 Correlating Evaluation dimensions & Learning objectives (experts results)

Remember Understand  Apply Analyze  Evaluate Create

Correctness P P P S S S
Coverage S P S P S S
Diversity S S P S P S
Robustness P P S S S P
Scalability S N S P P N

Matching the NLP-based and the Human-based Correlations

To assess the consistency between experts' results and the NLP results, we created a map-
ping between Dice similarity values and the correlation labels (N, P, or S) obtained from
experts. To ensure that this mapping is representative, we calculated the difference (d)
between the maximum and the minimum Simy,;.. values (presented in Table 10). Then we
divided the range of (d) into three intervals that correspond to N, P, and S, as depicted in

Figure 26 and equation 6.

N d P d, 5 3

Figure 26 Mapping Dice similarity values to experts’ correlation labels
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N, SimDice < d/3

d . d
SimTOCorr =P 5 <SiMpjce <3 X2 (6)
S, Simpie = gx 2

According to Table 10, the maximum Simp,;.. value is (0.159), and the minimum value is
(0.038). The difference between these two values is (d = 0.121). Accordingly, and based
on equation 6, any value that is <= 0.121/3 is considered to be N, a value greater than
0.121/3 and less than 0.121/3*2 is considered as P, and finally, a value that is >= 0.121/3*2
is considered as S. Table 12 shows the results obtained by equation 6; It shows the (N, P,

and S) labels that correspond to each Simy,;.. value presented in Table 10.

Table 12 Mapping Simp,;.. values to the correlation labels (N, P, or S)

Remember Understand Apply Analyze  Evaluate Create

Correctness P S P P S N
Coverage P N P S S S
Diversity P S S S S S
Robustness P P P S S S
Scalability P S S S S S

By comparing the results of the NLP step as presented in Table 12 with the results obtained
from the experts (depicted in Table 11), we found that the experts completely confirmed
thirteen cases (44%) of the NLP correlations (i.e., the experts gave the same correlation
label). Fourteen cases (46%) of the cases were partially confirmed (i.e., the two results
were close to each other). An example of partially confirmed cases is the correlation be-
tween Coverage and Remember, where the experts indicate that they are strongly corre-
lated, while the NLP result indicates that they are partially correlated. The remaining three
cases were not confirmed (i.e., the experts and the NLP gave completely different correla-
tions). Specifically, these are the cases where the NLP step gives the label (S), while the
experts give the label (N), or vice versa. With the help of a fourth expert, we re-evaluated
the correlation cases that are not completely confirmed by the experts. After this re-evalu-
ation, we confirmed the correlation provided by the NLP step of nine cases.

Table 13 depicts the consistency table that is obtained after the correlation steps. The cells

with the letter “O” represent the consistent values (i.e., where the experts’ confirmed the
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NLP results), while the cells with “X” represent inconsistent results. For instance, the first
cell in Table 5 (i.e., the correlation between Remember and Correctness) has an (O) be-
cause the three experts’ and the NLP step evaluated this correlation similarly. Also, the
next cell (the correlation between Remember and Coverage) has an (O) because the fourth
expert and the NLP evaluated it as a partial correlation. For readability purposes, cells that
show consistency are grey-shaded.

Table 13 Consistency table between the experts and the NLP correlations

Remember Understand  Apply  Analyze Evaluate  Create

Correctness O O O O @) @)
Coverage O 0] 0] X O O
Diversity O O X O X @)
Robustness @) ) ) @) ) X
Scalability 0] X 0 X X X

As Table 13 shows, (22) correlations out of (30) in total have been confirmed. To resolve
the remaining (8) cases of conflicts, we compared their values that have been obtained as
results of the three steps (the first group of experts, the NLP, and the last expert). The mean
of these three values is considered as the final correlation. For example, since the three
steps evaluated the correlation between Understand and Scalability as N, S, and N labels,

respectively, the value N is considered as a final result of this correlation.

The Final Correlation Matrix

As mentioned before, the Simp,;.. values are considered as a basis for establishing the
weights of the evaluation dimensions in the final value of ComPer. These values are con-
sidered as follows: for correlations that show consistency with the NLP results (i.e., con-
sistent cells in Table 13), the corresponding Simp,;.. values are used. For the inconsistent
cells (i.e., the eight “X” cells in Table 13), we used the average of all Simp;.. results that
belong to the corresponding correlation label. For example, for “N” labels, we took the
average of all Simp;., values (resulted from the NLP step, and presented in Table 10) that
were categorized (according to equation 6) under the “N” label. According to equation 6
and Table 10, two Simp,;.. values are mapped to the (N) label, these values are (0.038) and

(0.04). The average of these two values is (0.039). Hence, since the correlation label
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between Scalability and Understand is “N” (as it is explained in the previous paragraph),
it is given the value (0.039).

The final correlation results obtained after this process is presented in Table 14.
The table shows the correlation strengths between Bloom’s learning objectives and each of
the evaluation dimensions of RSs. Rows represent RS dimensions, while columns represent
Bloom’s learning objectives. The values in each cell indicate the correlation strength,
where the higher the value, the stronger the correlation. For instance, the correlation be-
tween Remember and Correctness is stronger than its correlation with Coverage. There-
fore, Correctness has a higher weight than Coverage in terms of evaluating the Remember

objective.

Table 14 The Correlation Matrix (Learning objectives & Evaluation dimensions)

Remember  Understand  Apply  Analyze  Evaluate Create

Correctness 0.075 0.094 0.079 0.079 0.096 0.038
Coverage 0.047 0.040 0.078 0.066 0.103 0.091
Diversity 0.067 0.090 0.066 0.135 0.066 0.111
Robustness 0.052 0.077 0.045 0.113 0.094 0.066
Scalability 0.060 0.039 0.159 0.066 0.066 0.066

These values are used as inputs to the equation used to calculate the final value of ComPer.
As we will discuss in section 5.5, Each value in the table represents the weight factor of
the corresponding evaluation dimension. To clarify, take as an example the first column,
which represents the weight factors for the evaluation dimensions in correspond to Remem-
ber. For instance, the weight factor for Correctness is 0.075, and for Coverage is 0.047. As
described in section 5.5, each factor is multiplied by the value of the corresponding dimen-

sion to calculate the final value obtained by ComPer.

5.4.4 Visualization of the Correlation Between ComPer Components

To give a general overview of the relationship between ComPer’s components, Figure 27
depicts a full visualization of these components. At the center of the figure, we can see the
three main phases of a recommendation process, along with the learning objectives related
to each phase (as described in section 5.4.2). The core of the model is divided into three

parts based on RS's main phases; each part contains two corresponding learning objectives.

Chapter 5 — Cognitive-Based Evaluation for Recommender Systems 119



The evaluation dimensions are sorted based on their correlation strength with the corre-
sponding objective; the closer the dimension to the center, the stronger the correlation with
the objective. For instance, Correctness has the strongest correlation with Remember, and
Coverage has the weakest correlation.

Robustness
Scalability

Recommend

Robustness
Correctness

Coverage
Figure 27 ComPer’s main components

5.5. Formal Definitions

This section formally defines the components of ComPer as follows: the set of all learning
objectives is defined as 0=
{Remember, Understand, Apply, Analyze, Evaluate, Create}. The set of the evalua-
tion dimensions of RSs is defined as D =
{Vcorrectness» Veoverages Vbiversity» VRobustness Vscatabiity }, Where V' indicates the values
of the corresponding dimension. For instance, Vi ,rrectness 1S the value obtained when we
evaluate correctness, Veoperage 1S the coverage value, and so on. We denote the final eval-

uation value obtained from ComPer as ComPer, -
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ComPery,q;,,. €mbeds the summation of multiple values, where each value repre-
sents a learning objective. In particular, to calculate the ComPer, 4., We adopt the
Weighted Sum Model (WSM) [161], as follows:

ComPer,qe = Zﬁ'l AYS™ where (7

AV = ﬁ'l Corrij X d; (8)

AYS™ is the weighted some score of objective (o; € 0), Corry; is the weight of dimension
(d; € D) with respects to objective (o; € 0), as presented in Table 14, d; is the value of
the j™ dimension. Equation 7 represents the final evaluation value obtained from ComPer,
which gives the overall performance of a recommender. The higher the ComPeryaie, the
better the recommender.

It is noteworthy to mention that ComPer depends mainly on dimensions that al-

ready exist in the literature to evaluate the considered dimensions (d;). The rationale be-

hind this is that these dimensions have already been validated, and they have been used in
the literature. The aggregation of these dimensions, however, introduced two issues; firstly,
not all dimensions have the same scale of results (i.e., not all of them get a value between
0 and 1, for instance). Secondly, the highest values do not necessarily mean better results.
For example, when evaluating Scalability in terms of time complexity, the higher the time,
the worse the recommender. Another example is regarding Robustness, which shows how
tolerant to biased or fake information the recommender is. So, when calculating Robustness
as the difference in accuracy before and after injecting false information, the highest values
indicate the lowest Robustness. We refer to such dimensions as the “negative dimensions.”
Out of the five dimensions that ComPer considers, two of them are negative dimensions,
which are Scalability and Robustness.

To overcome the first issue (i.e., dimensions have different scales), ComPer relies

on the ad hoc normalization technique using Equation 9:

1

dzl—m (9)

Where d' is the normalized value of d. In this way, we normalize all the results to be in the

range [0, 1]. We used this ad hoc normalization rather than other normalization methods
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(such as the min-max normalization) because it is a general method, and it is applicable for
any single value even if the range of values is unknown.

To overcome the second issue (i.e., the negative dimensions), We find (d"’), as fol-
lows (d” =1 — d'). Algorithm 1 shows the complete steps of the proposed evaluation
approach.

ALGORITHM 1: ComPer calculation process

Input: O, D, correlation matrix (Corr)
Olltput.' ComPerVa]ue

Begin:
ComPerva]ue <« 0

1) for each d in D do

del——

d+1
de-d’
If d € NegativeDimensions
d'«1-d’
de—d"

2) for each oin Odo
0 < Xaep(Corroy * d)

3) ComPervatue € 2pe0O

End

5.6. Chapter Summary

This chapter proposed the Comprehensive Performance (ComPer) evaluation ap-
proach, which provides a comprehensive assessment of recommender systems. ComPer
aims to be thorough (by combining multiple dimensions), simple (by presenting the final
result as a single value), and independent (by providing comparable results for different
settings). The chapter proposed an analogy between RS and humans with cognitive skills.
It also discussed how we inferred the correlation matrix between RS dimensions and
Bloom’s taxonomy. The next chapter shows an empirical evaluation of ComPer that
demonstrates its feasibility in terms of its ability to provide results that are comparable over

different evaluation settings.
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Chapter 6. Validation of the Cognitive-Based
Evaluation

This chapter discusses the experimental validation conducted to validate the cognitive-
based evaluation approach discussed in Chapter 5. It aims to demonstrate the usability of
ComPer and its ability to provide results that are independent of evaluation settings. In
addition, it empirically illustrates the feasibility of using ComPer in terms of conducting
comparisons between recommendation algorithms, as opposed to the conventional evalu-

ation of RSs. The content of this chapter is presented in [142].

6.1. Methodology and Configurations

All the experiments were executed on a laptop with 6 GB RAM, 500 GB hard disk, Intel
Core i5-4200M 2.5 GHz quad-core CPU, running Windows 10-x64. All algorithms, eval-
uation measures, and other settings are implemented using Librec [162], an open-source
Java library for recommender systems. Librec is one of the modern Java-based recommen-
dation libraries that provides a large number of recommendation algorithms. Moreover,
just like MyMedialLite, Liberc implements state-of-the-art algorithms in addition to the
classical ones [163]. However, Librec runs faster than MyMediaL.ite, according to a bench-
mark evaluation provided by Guo et al. [162]. Many researchers found Librec a reliable
library to implement and evaluate their algorithms [164]-[166].

Since the experiment’s goal is to show the applicability of ComPer rather than to
demonstrate the superiority of a particular recommendation algorithm over the others, it
does not matter which algorithms are evaluated. The experiments compare two collabora-
tive filtering algorithms, namely the AspectModel [167] and Probabilistic Latent Semantic
Analysis (PLSA) algorithm [168]. Both algorithms are ranking algorithms (i.e., they pro-

vide a ranked list of top-k items). The performance of these algorithms has been assessed
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using three datasets, namely FilmTrust, Movielens 100-k (or ML-100k, for simplicity), and
CiaoDVD. We downloaded all the datasets from the Librec official website?!.

FilmTrust is the smallest dataset compared to the other two datasets. It was crawled
by the Librec team from the movie website, FilmTrust. It contains 35497 data records, each
of which has three attributes: user I1d, movie Id, and a rating. The ML-100k is a well-known
dataset that is provided by the GroupLens research lab for public use. It contains 100,000
ratings provided by 1000 users on about 1700 movies. Like FilmTrust, ML-100k has three
attributes (i.e., user Id, item Id, and rating). The last and the largest dataset that we used is
the CiaoDVD dataset. The data were crawled by the Librec team in December 2013. The
dataset contains users’ ratings of DVDs on a scale from 1 to 5, timestamps for ratings, and
trust information. Table 15 summarizes the properties of these three datasets, where Spar-

sity indicates the portion of items that the user interacted with (or rated) [169].

Table 15 Datasets properties

Users ltems Ratings Sparsity
Filmtrust 1508 2071 35497 1.14%
ML-100k 943 1682 100000 6.3%
CiaoDVD 7375 99746 278483 0.038%

Each of the evaluated algorithms has been assessed on the three datasets mentioned above.
The data is split into a training set and a testing set randomly based on ratings. A ratio-
based data split has been followed, with a training set ratio varied from 0.2 up to 0.8 (with
steps of 0.2). That is, we have four different data splits (0.2, 0.4, 0.6, 0.8) for each dataset.

The number of generated items for the Top-N recommendation has been fixed to be N=10.

6.2. Evaluation Dimensions

As it is mentioned in section 5.2.3, ComPer considers five evaluation dimensions. It is
worthwhile to mention that some of the evaluation dimensions can be evaluated using dif-
ferent measures or evaluation strategies. For this, it is necessary to clarify the measures

used to assess each dimension, especially because ComPer depends heavily on the results

2L https://www.librec.net/

Chapter 6 — Validation of the Cognitive-Based Evaluation 124



of these measures. The following are brief explanations of the measures used in the exper-

iments for each of the evaluation dimensions.

Accuracy (Correctness ): correctness is the most commonly used dimension in the
literature. Different measures have been introduced to evaluate it, such as Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), Area Under Curve
(AUC), etc. Since our experiments consider ranking algorithms, we used the AUC
to assess accuracy. The AUC measure is provided as a class (named “AUCEvalu-
ator”) within the Librec library.

Coverage: according to Avazpour et al. [6], coverage refers to either the item-space
(catalog coverage) or user-space (prediction coverage). In this thesis, we consider
the catalog coverage, which is implemented as the percentage of recommended
items to all users within an experiment [170].

Diversity: different measures have been introduced to evaluate diversity. For our
experiments, we used the “diversityEvaluator” class that is already implemented
in Librec. It calculates diversity as the average dissimilarity of all pairs of items in
the recommended list at a specific cut-off position [171].

Robustness: this dimension has been calculated as the Average Hit Ratio (Average-
HR) shift after attacking the dataset [6]. To do so, we implemented a nuke attack
(i.e., to inject fake profiles that try to nuke or destroy some of the items). Then we
calculated the Average-HR for both the original dataset (dataset without false in-
formation) and the attacked dataset (i.e., after injecting false information). The shift
of the Average-HR is the difference between the two hit ratios. For instance, sup-
pose that the Average-HR before the attack was 0.23 and after the attack becomes
0.15, then the Robustness value is the difference between these two values, which
equals 0.08.

Scalability: according to Avazpour et al. [6], recommendation time is an important
indication of the system’s Scalability. Thus, we relied on the recommendation time
(i.e., the time spent by a recommender to learn and recommend) as a measure of

recommenders’ Scalability.
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6.3. Results

This section presents and discusses the evaluation results obtained from the experimental
evaluation. It is divided into two sections as follows: Section 6.3.1 discusses the results
over a single dataset. Section 6.3.2 shows the effect of changing the experiment setting
(i.e., using multiple datasets) on ComPer’s results compared to the conventional evaluation

method.

6.3.1 Results for a Single Dataset

This subsection shows the difference between the traditional evaluation of RS, which in-
volves presenting the results of each evaluation dimension, one at a time, compared to
evaluating RSs using ComPer, which involves presenting the results of evaluation dimen-
sions, all at once. It discusses the results obtained from the experiments on the FilmTrust
dataset. The section sheds light on the issues that may face an evaluator when she compares
two recommendation algorithms over multiple dimensions. Figure 28 shows the traditional
evaluation results, where each dimension is evaluated separately and presented in a figure
on its own. Each chart shows the results of one dimension using the FilmTrust dataset,
using four different splitting ratios (0.2, 0.4, 0.6, and 0.8).

The charts show noticeable fluctuations in the superiority of one recommendation
algorithm over the other. Correctness and Robustness charts show the superiority of the
AspectModel algorithm, while Coverage and Scalability charts show the superiority of the
PLSA algorithm. Moreover, fluctuations could appear over the same dimension, as shown
in the Diversity chart. These fluctuations show that the plentiful evaluation options make
it easy to find an evaluation design that suits one algorithm but not the others, which in
turn leads to an unfair comparison between different algorithms [172].

ComPervaiie, On the other side, comprehends all these results in a single yet thor-
ough value. Figure 29 depicts ComPer’s results, which we got by executing Algorithm 1.
The comparison between this figure and Figure 28 demonstrates the simplicity of using
ComPer results. Also, it exhibits how ComPer mitigates the fluctuation issues that were
apparent in the conventional evaluation (Figure 28). Solving the fluctuation issue shows
that ComPer results are independent of evaluation settings (i.e., they are not affected by

the settings change). As mentioned previously, the abundance of evaluation settings makes
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it easy to find evaluation settings that suit one algorithm but not the others. Following such
purposely-aligned evaluation settings negatively impact the fairness of the comparison be-
tween alternatives. To this end, we say that, by mitigating this issue, ComPer has the

potential to support fairness (in terms of different evaluation settings) of the evaluations..
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Figure 28 Conventional evaluation results using the FilmTrust dataset
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Figure 29 ComPer results over the FilmTrust dataset

To this end, it is noteworthy to mention that the ComPervaiue measure provides an overall
evaluation of the recommendation method. ComPer aims to simplify decision-making by
managing the conflict between multiple criteria. ComPervaie reflects the quality of the rec-
ommender in terms of the five considered evaluation dimensions. Such a comprehensive
measure is very useful, especially that the literature witnesses a consensus that evaluating
recommenders based on single dimensions is insufficient to comprehend the recom-
mender's overall quality. A single dimension evaluation could be sufficient for small ap-
plications when the recommender is designed for a special purpose and tailored for a spe-
cial group of users. In such a case, the system designers and decision-makers could have
previous knowledge about the expected users and other parties of the system. Therefore,
they can implicitly weigh the multiple criteria and be comfortable with the consequences.
However, for large-scale applications that involve multiple parties and a large number of
users with various interests, the decision becomes more complicated, and the consequences
of such a decision are magnified comparing to simple applications. Thus, it becomes es-
sential to rely on a non-conventional evaluation method to select the best recommendation

approach.
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6.3.2 The Effect of Multiple Datasets

This subsection investigates the effect of using different datasets on the replicability of the
results. That is, whether the results over one dataset are comparable to the results over
another dataset. Figure 30 shows the results obtained from comparing the two recommen-
dation algorithms, AspectModel and PLSA, over the three datasets (FilmTrust, ML-100k,
and CiaoDVD). The figure is organized according to the five evaluation dimensions (Cor-
rectness, Coverage, Diversity, Robustness, and Scalability).

As can be inferred from the figure, the issues we noticed over a single dataset also
exist over multiple datasets. Figure 30 shows fluctuations of the results over a single da-
taset. For instance, over the CiaoDVD dataset, the AspectModel algorithm overcomes the
PLSA algorithm in terms of Correctness and Robustness, whereas PLSA dominates in
terms of Coverage and Scalability. In addition, the fluctuations are visible for the same
dimension over different datasets. In terms of Correctness, for example, the AspectModel
algorithm surpasses the PLSA over two datasets (FilmTrust, and CiaoDVD), but not over
the third dataset (ML-100K).

An important observation in this context is that analyzing and reasoning about the
five evaluation dimensions over the three datasets requires fifteen (15) charts, which makes
it tedious for RS designers to decide which algorithm is better than the other. In contrast,
Figure 31 demonstrates the clearness of the results that are obtained by ComPer. Instead
of using (15) charts, ComPer regroups the evaluation results using only three charts. An-
other issue is that conventional evaluation is highly affected by evaluation settings, such as
using different datasets or different data splits. For instance, the results of the same dimen-
sion could be changed when the evaluation uses a different dataset. According to Bellogin
et al. [172], this issue makes it easy to find an evaluation design that suits an algorithm but
ineligible for others, representing an increasing barrier to compare different studies fairly.
It is sophisticated to infer a conclusion from Figure 30. It does not show an absolute supe-
riority of one algorithm over the other for all datasets, neither it indicates the superiority of
an algorithm over a single dataset. On the other side, we can easily draw conclusions from
Figure 31, using ComPer results, which show that PLSA is always better than the Aspect-
Model algorithm in the Filmtrust, MI-100k, and CiaoDVD dataset.
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(e) Scalability

Figure 30 Conventional evaluation results over the three datasets.
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Figure 31 ComPer results over three datasets

This section conforms with the conclusions of the previous section, such that ComPer mit-
igates the dependency issue (i.e., the effect of changing settings on the obtained results). It
also shows how using ComPer results simplifies the comparison between different algo-
rithms, and it mitigates the fluctuations that appeared with the conventional results. Be-
sides, it warned us that the inconsistency issue increases as the options for evaluation set-
tings increase. Nevertheless, it shows the effectiveness of ComPer to overcome these is-
sues.

It is noteworthy to mention that aggregating multiple evaluation dimensions into a
single dimension may cause information loss. That is, it may downgrade the importance of
individual dimensions. Nonetheless, relying on a single evaluation dimension is insuffi-
cient, as mentioned before. Also, considering multiple single dimensions is a very compli-
cated task, especially when many alternatives are available. In such a situation, aggregation
becomes a useful solution to simplify the comparison. Using such aggregated value is help-
ful and can be used to reduce the number of alternatives (i.e., to select a set of the best
alternatives). Then a detailed evaluation setting can be used to put more focus on the single
dimensions. To this end, we proposed the goal-modelling-based evaluation, which is dis-

cussed in Chapter 7.

6.4. Chapter Summary

This chapter evaluated the applicability of ComPer (the evaluation method discussed in
Chapter 5) empirically using three different datasets. Our results are promising in the sense

that ComPer is independent of evaluation settings. That is, it is able to provide consistent
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results despite changing experimental factors, such as dataset and splitting methods. The
results also demonstrated that drawing conclusions based on ComPer results is more con-
venient and easier than the conventional multidimensional evaluation.

By comparing the final results of ComPer with the results obtained when evaluating
each dimension separately, we notice that ComPer achieved its three goals: thoroughness,
simplicity, and independency. Thoroughness is presented by the ComPer evaluation meth-
odology, in which it combines the results of the dimensions while preserves comparable
results. Simplicity is clear if we compared the final results of ComPer with the results of
the five dimensions in a conventional way. Moreover, these results show that ComPer is
unbiased to a particular evaluation setting; That is, it allows for a fair evaluation for differ-

ent recommenders.
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Chapter 7. Goal Modeling-based Evaluation for
Recommender Systems

In Chapter 5, we proposed ComPer as a potential solution to evaluate recommender sys-
tems based on the idea that a recommender system can be viewed as a human being with
cognitive skills, and so, the recommendation process can be analogized to a human learning
process. Inspired by this idea, we proposed mapping between the learning objective of
human beings and the evaluation dimensions of RSs. Then, we inferred correlation values
between these concepts. These values are then used to calculate the final results of the
proposed framework, which we called ComPervaie. This chapter suggests another evalua-
tion approach based on viewing a recommender system as a multi-stakeholder system, with
each stakeholder having a set of goals that are different from, and often contradictory to,
the goals of the other stakeholders.

It is worth mentioning that the goal modeling-based approach presented in this
chapter is not mature and not validated enough. This chapter, however, contributes to the
literature in various directions; First, it raises awareness towards the adaptation of this ap-
proach in the context of RS. To the best of our knowledge, this is the first work that inves-
tigates the use of a goal modelling approach to evaluate RSs. Second, using such an ap-
proach has the potential to help system designers to select the most appropriate recommen-
dation approach at the early stages of system design. Third, goal modelling-based evalua-
tion allows designers to evaluate different aspects of the system, such as functional and
non-functional requirements as well as multistakeholders’ goals. Finally, establishing a
well-designed goal model for RS has the potential to improve the recommendation algo-

rithm itself, not only evaluate the system.

7.1. Introduction

This chapter provides a Goal-Oriented evaluation approach that evaluates RSs beyond their
correctness. The proposed approach does not only consider the evaluation dimensions or

metrics of RS (as in the case of ComPer that we discussed in Chapter 5) but also takes into
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consideration the different parties or stakeholders (such as end-users, providers, and the
recommender system itself) and their goals/objectives. The purpose of suggesting this
framework is to take stakeholders’ goals as a basis to evaluate recommendation algorithms
and select, among the set of alternative algorithms, the best algorithm that satisfies stake-
holders and achieve their goals.

Despite the existence of various evaluation methods in the literature (as discussed
in section 5.3), most of these methods and evaluation dimensions assess RSs from the us-
ers’ perspective only [173]. In general, focusing on the user perspective is important as the
user is an essential party of any system. Although such a concentration on the users is
accepted, it ignores other parties (or stakeholders) of RSs. For instance, in eCommerce
scenarios, the recommendation algorithm may follow a procedure that selects items based
on the best price for the customer. Such an algorithm ignores other parties’ requirements,
such as increasing the business’s profit, for example. In such a situation, considering users'
requirements only is insufficient. Other parties should be considered, as well.

Dealing with a recommender system as a multi-stakeholder system is a relatively
new research direction [174]. After a careful review of the state-of-the-art related to rec-
ommender systems, and to the best of our knowledge, we found a lack of approaches that
consider the requirements of RS’s multiple stakeholders while selecting the best recom-
mendation algorithm among a set of alternatives. This observation is supported by the work
proposed by Burke et al., [175] that confirms the lack of comprehensive inclusion of the
multistakeholder concept into the recommendation settings. Also, Sohrabi et al. [176]
raised awareness towards the issue of lacking a systematic methodology that is able to
evaluate and compare a set of alternative RSs based on several criteria. Hence, an evalua-
tion approach that can handle the multiple requirements of all parties in the recommender
system context is desired [176], [177].

Very limited studies have tailored their evaluation methodology to consider multi-
ples stakeholders. One of the earliest research in this direction is proposed by Said et al.
[177]. The authors proposed a prototype of an evaluation model called A 3D Recommender
System Benchmarking Model. The main goal of this approach is to take into consideration
the non-functional requirements that come from business goals and technical requirements.

The model captures three main evaluation aspects, which are user requirements, business

Chapter 7 — Goal Modeling-based Evaluation for Recommender Systems 134



requirements, and technological constraints. Each aspect is represented by a set of qualities.
A more recent approach is the utility evaluation models for RSs, which is proposed by
Burke et al. [175]. The authors proposed a utility function that takes into consideration the
multistakeholder of RSs. The overall system utility is proposed as a tuple of utilities for all
users, all owners, and the system. Although this approach considers three stakeholders, it
considers only one evaluation aspect (namely, the utility).

To the best of our knowledge, the use of goal-oriented modeling approaches has
never been used to assess recommender systems with multi-stakeholders in order to eval-
uate their goals, which are often conflicting, and to evaluate the best means or alternatives
to achieve these goals.

This chapter aims to develop the basis for an evaluation approach that uses goal
modeling to support the selection of a recommendation algorithm. Through an illustrative
example, we show that it is feasible to model the recommendation algorithm alternatives
and their contributions to the satisfaction of stakeholders’ goals so that the selected algo-

rithm is well-aligned with the overall system requirements.

7.2. Goal Modeling for Recommender Systems

Goal modeling approaches typically define the goals of systems and stakeholders, along
with their relationships such as contributions, dependencies, and decompositions. Goal
models are mainly used to analyze systems to determine satisfactions of goals, to discuss
potential trade-offs, to share the understanding of who wants what, and to identify and
answer what-if questions early before the system being actually deployed [178].

In the context of recommender systems, stakeholders include but are not limited to
the end-users who use the system, the system itself, and the service provider. The early
identification of stakeholders’ goals has the potential to help the recommender system’s
designers to better understand and evaluate the role of a particular recommendation algo-
rithm in improving specific qualities, such as increasing recommendation accuracy. The
overall purpose behind identifying stakeholder’s goals early in the design phase is to try to
satisfy, as much as possible, the needs of multiple stakeholders, who are different by nature,

and often contradictory.
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In addition, goal modeling has the potential to help decision-makers, such as sys-
tems providers, in ensuring that the provided recommendation algorithms or technologies
are aligned with the goals of recommender systems and their main users. Furthermore, goal
modeling approaches provide the ability to represent and model the different perspectives
and goals of stakeholders in an abstract manner, independently from the actual system be-
ing assessed.

The requirements engineering community has proposed many goal-oriented mod-
eling languages over the past years, such as i* [179], NFR framework [180], TRPOS [181],
KAQOS [182], and GRL [183]. In this thesis, we consider the use of the Goal-oriented Re-
quirement Language (GRL) because it is the only one of these modeling languages that has
been standardized [178]; it is part of ITU-T’s User Requirements Notation standard [183].
The following subsections introduce the main concepts associated with the GRL goal mod-
eling language.

7.2.1 Stakeholders of Recommender Systems

The term “stakeholder” is a well-known term in business. It is defined as any individual
or group that can affect, or be affected by, the actions and the objectives of the organization
[184]. Abdollahpouri et al. [173] adopted this definition for the recommendation area as
follows: “recommendation stakeholder is any group or individual that can affect, or is
affected by, the delivery of recommendations to users.”

Researchers have defined three primary stakeholders of RS, namely Consumers,
Providers, and Systems [173]. Other researchers, such as Said et al. [177], called them
Consumer, Vendor, and Service Provider. This thesis uses the definition proposed by
Abdollahpouril et al., [173], as follows:

e Consumers are the end-users of a recommender system. That is, the persons who
receive and consume recommendations.

e Providers are the suppliers of the recommended items (any kind of items), such as
the merchandisers who sell items on Amazon or the owners who list houses for rent
on a renting platform.

e System (or Vendor) represents the entity that owns (or created) the recommendation

platform.
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We believe that considering the “multi-stakeholder” facet of the RS research area is of vital
importance that could pave the way for a new research paradigm. This paradigm may affect
the focus, objectives, and priorities of most aspects of RS research, which includes design-
ing, optimizing, implementing, and evaluating RSs. For instance, as a multistakeholder RS
incorporates the intentions of all stakeholders, then in the evaluation setting, the best RS is
the one that maximizes the benefits of these stakeholders.

7.2.2 Goals of Recommender System

Identifying the goals of recommender systems is a non-trivial task. This is because RSs are
implemented in a wide array of domains, each of which has different stakeholders with
various requirements or goals.

For instance, Figure 32 depicts an example of a local hosting recommender system
(Airbnb as an example), with its stakeholders and their goals. It is worth mentioning that
the example illustrated in the figure is a virtual, proof-of-concept example that does not

necessarily reflect any real settings.

) <=
Goals Goals Goals
. F|nd good place * Increases prOfIt ° Increases prOfIt
» Reduce costs * Customers Loyalty  Reduce expenses
* Privacy * More users * Reduce risk

Figure 32 An example of goals for a local hosting recommendation system

From Figure 32, it can be noted that stakeholders could have similar goals or conflicting
goals. For instance, one of the consumers’ goals is to “find a good place” while “reducing
the cost.” This goal, to some extent, conflicts with the System’s and the Provider’s shared
goal, namely the “Increase profit” goal. In this situation, a good RS is not necessarily the

one that provides the highest accuracy; rather, it is the one that can achieve a balance
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between stakeholders’ requirements and tries to satisfy as many goals as possible. The
subsequent section discusses our proposed approach to consider such a situation. It de-
scribes our goal-oriented evaluation approach that considers the multistakeholders' goals

while evaluating recommender systems.

7.3. Generic Goal Model Structure for Recommender System

Evaluation
The overall structure of a goal model for RS evaluation using GRL [183] is illustrated in
Figure 33. An evaluation model should include all relevant stakeholders (represented in
either hard goals ( C) that can be fully satisfied and measured in a quantifiable way
(usually related to functional requirements), or soft goals () ), which are related to non-
functional (or qualitative goals) that has no clear objective measure of satisfaction, such as
security or privacy. In addition to goals, an evaluation model should also show the general
services, activities, or solutions (presented in GRL as tasks <~ ) that the system can/should
provide to meet hard goals and soft goals, and the resources ((3) that are needed in order
to achieve soft goals, hard goals, and tasks. All these components (i.e., actors, goals, soft
goals, tasks, and resources) can be interrelated or structured through different types of
links. GRL provides the following links: (1) Decomposition links (+— ) are used to connect
elements and sub-elements using AND, OR, and XOR decomposition relationships, (2)
Contribution links (—) indicate the positive or negative impact of the satisfaction of one
element on the satisfaction of another element, and (3) Dependency links (—8-) model de-
pendencies between elements, often across two different actors, to show that an actor de-
pends on another actor to meet a goal, satisfy a soft goal, perform a task, provide a resource,
etc. In the case of recommender evaluation, Dependency links connect between tasks/goals
and resources required for a particular recommendation algorithm to be selected.

To evaluate a specific recommendation algorithm, a GRL strategy is used to de-
scribe a particular configuration of alternatives in the GRL model by assigning an initial
qualitative or quantitative evaluation value (an integer value between -100 and 100) to
some of the elements in the model. A GRL evaluation mechanism then propagates evalu-

ation values to other high-level elements through links and compute their satisfaction
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values. Strategies can be compared with each other to help decide on the most appropriate
trade-offs among conflicting goals of stakeholders and to choose the best alternative that
satisfies these goals. In addition, GRL supports an Importance attribute for elements inside
actors (also quantitative or qualitative). This attribute is considered when evaluating strat-
egies for the goal model, resulting in satisfaction levels measured at the actor level.

Stakeholder 1

$ peeme——

Stakeholder 2

RS stakeholders
and their goals

Recommender system
goals

Recommendation
algorithms

Resource

Figure 33 General goal model for recommender systems evaluation

An important benefit about using goal models is that a modeler can adapt the model to the
current recommender’s context (e.g., a specific recommender system, such as e-commerce
or movie recommender) by changing the values of (1) the weights of the contribution from
indicators to an alternative algorithm, and (2) the importance values of the goals to their
containing actor. Despite these benefits, using such a goal model has some challenges; one
main challenge is to determine appropriate contribution weights. Fortunately, many ap-
proaches now exist to mitigate this challenge [185]. Among these approaches is the group-
based decision approaches such as the Round-Table Discussion and Consensus (RTD&C)
or the Equal Relative Weights (ERW) [185]. More details about these approaches are dis-

cussed in section 7.5.
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7.4. Implementation

This section provides a synthetic goal model for comparing different alternatives of a ge-
neric RS and evaluating the effectiveness of each alternative. It provides an example that
is built based on the generic structure illustrated in Figure 33. This synthetic implementa-
tion aims to explain how to use the proposed approach. The resulting model was suggested
based on our interpretations of the literature about recommender systems and its evaluation
dimensions surveys, such as [6] and [7].

Figure 34 depicts the suggested example and shows the major stakeholders of RSs
(i.e., Consumer, Provider, and the System). In this example, the Recommender Sys-
tem itself is represented as a stakeholder. It also shows goals that we identified for each
stakeholder and the relationship between these goals. It is important to mention that the
RSs alternatives illustrated in this example can be replaced by any recommendation algo-
rithm. Also, there can be more than two alternatives.

To illustrate how we synthesized the model, take an example contribution link be-
tween the goals “reduce risk” and “Increase diversity.” The Risk evaluation dimension
is defined as the risk associated with the user’s acceptance of the recommendation. To
reduce risk, a recommendation algorithm could focus on providing Accurate (i.e., very
close to user preferences) recommendations. Providing accurate results, in turn, may neg-
atively impact Diversity. Thus, the link between the goals “reduce risk” and “Increase
diversity” is labeled with contribution weight equal to (-30) to indicate that the source goal
negatively impacts, or dissatisfies, the destination goal. Another example is the contribu-
tion link between the first alternative (the KBRS algorithm) and the goal “increase pri-
vacy.” It is known that KBRS does not require many details and information about the
users. That means KBRS preserves users’ privacy to some extent. Thus, we indicated that
the use of the KBRS algorithm affects the satisfaction of the goal “increase privacy,”
with a contribution weight=60, which means that using KBRS positively impacts the goal
“increase privacy.”

To adapt the goal modeling approach into the context of evaluating recommender
systems, we used the well-known evaluation dimensions (i.e., coverage, correctness, di-
versity, etc.) to represent the goals of the “Recommender System” stakeholder. For in-

stance, we used the goals “increase coverage” and “reduce risk” to indicate the
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coverage and the risk evaluation dimensions, respectively. In order to make the example
readable, we used only ten of the RS evaluation dimensions. These dimensions are Privacy,
Correctness, Coverage, Usability, Diversity, Serendipity, Trust, Risk, Novelty, and Fair-
ness. Each dimension is presented as goals or soft goals. For instance, the Coverage di-
mension is presented by the hard goal “Increase Coverage.”
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privacy correctness coverage Increase > 30 20
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(KBRS) Recom.2
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Figure 34 A goal model for recommender systems

From Figure 34, it can be noticed that “Accept recommendations,” “Increase profit,”
and “Provide accepted recommendation” are very important goals for the Consumer,
Provider, and Recommender systems stakeholders, respectively. This can be inferred
from the quantitative importance value 100 (written between parentheses) associated with
each one of these goals. In addition, the goals “Increase trust,” “Increase coverage,”
and “Increase correctness,” for example, have a very positive impact on the satisfaction
of the “Provide accepted recommendation” goal, which is the main goal of the Rec-
ommender System stakeholder. This can be indicated through the high weight of the
contribution links (i.e., 75) that connect between these goals. On the other hand, a low

value of a contribution weight between any two goals indicates that the source goal has a
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low impact on the satisfaction of the destination goal. For example, the goal “Increase
coverage” contributes partially to the satisfaction of goal “Increase correctness,” with
a contribution weight equal to 25. Following the same rationale, a negative contribution
weight (as in the link between “reduce risk” and “Increase diversity,” with contribution
weight equal to (-30) indicates that the source goal negatively impacts, or dissatisfies, the
destination goal.

The Recommender System stakeholder has the “provide an accepted recom-
mendation” goal as one of the very important goals, with importance equals to 100. This
goal can be realized by “increasing correctness” of the recommendation, “increase cov-
erage,” “increase usability,” “increase trust,” “achieve fairness,” “increase diver-
sity,” and “increase serendipity.” These goals, in turn, can be achieved by using several
alternatives of recommendation algorithms proposed in the literature. In this example, and
to make it clear, we considered two general options for RS, namely: The Knowledge-Based
RSs (KBRS) and the Collaborative Filtering RS (CFRS). The two options are presented as
two recommendation algorithms, namely: “Recom1. KBRS” which is a KBRS algorithm,
and “Recom2. CF” which is a CF algorithm. We studied the impact of using these two
types of RS on the achievement of the above-mentioned goals. In particular, Figure 34
illustrates the impact of RS alternatives on some goals, where the impact is expressed in
terms of weighted positive or negative contribution links in the goal model. For instance,
the use of the KBRS algorithm affects the satisfaction of the goal “increase privacy,”
with a contribution weight=60. On the other hand, using the same algorithm (i.e., Recom.1
KBRS) has the potential to moderately increase the correctness of the recommendation, as
indicated by a contribution link of weight 65 from “Recom.1l KBRS” task to the “In-
crease correctness” goal.

The use of different recommendation alternatives not only has different impacts on
the satisfaction of goals within the same stakeholder (e.g., Recommender System) but
also across different stakeholders. This can be noticed clearly from the multiple contribu-
tion links (either positive or negative) that are directed from the two RS options towards
the goals of the Consumer and Provider stakeholders. For example, the use of “Recom.2
CF” has a strong impact (85) on the satisfaction of the goal “save time” owned by the

Consumer stakeholder. On the other hand, the first option (i.e., Recom.1 KBRS) has
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only a slight impact (25) on the same goal. The reason behind this is due to the fact that
using a collaborative filtering RS does not require the user to provide information about
items to be recommended, and hence, it saves users’ time efficiently. On the other hand,
the knowledge-based RS requires users’ intervention to provide information about their
preferences or about the specifications of the items they want to be recommended. Having

this requirement, the use of “Recom.2 CF” saves the user time slightly.

7.4.1 Evaluating Recommender Systems Alternatives

The goal model illustrated in Figure 34 is useful for identifying stakeholders and for gain-
ing a common understanding of their concerns/goals. In addition, this model assists in doc-
umenting decision rationales and enables trade-off analysis based on GRL what-if strate-
gies and tool-supported satisfaction propagation algorithms. For example, the model can
help analyzing and understanding the trade-offs between using “Recom.1 KBRS” or
“Recom.2 CF” as two alternatives, and the impact of either alternative on achieving the
“Provide accepted recommendation” goal. The model analyst does this by defining
different GRL strategies and evaluating their impact on the satisfaction of higher-level
goals and stakeholders. To evaluate the strategies, a model analyst can use the JUCMNav
(Juicy-em-nav) tool [186]. JUCMNav is an open-source application available under the
Eclipse Public License (EPL), and it is developed at the University of Ottawa.

In this thesis, we use the usual GRL quantitative algorithm to assess the impact of
using recommenders alternatives on the satisfaction level of the goals connected to them.
For this purpose, the goal model of the recommender system (presented in Figure 34) is re-
illustrated in Figure 35 and Figure 36, but this time, with GRL evaluation strategies, where
the figures represent the evaluation of using recommendation alternatives, one at a time.

To evaluate the impact of choosing the first alternative, namely the “Recom.1
KBRS”, we set its satisfaction value to 100 (to indicate that it is of a major focus), and then
a GRL evaluation strategy that corresponds to the observations of “Recom.1 KBRS is
performed, as illustrated in Figure 35. Goal satisfaction levels are obtained by propagating
the value of this alternative to the rest of the model. Then the satisfaction level of stake-
holders can be obtained from the level of goal satisfaction and the importance of these

goals to their stakeholders. Figure 35 illustrates the result of a strategy where the
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satisfaction value of “Recom.1 KBRS” is initialized to 100. In addition, the GRL strategy
used for the evaluation here focuses on the satisfaction of the goals “Increase correct-
ness,” “Increase coverage,” “Increase trust,” “Increase security,” and “Accept rec-
ommendation.” Hence, the satisfaction value of these tasks is initialized to 75. In the
Eclipse-based modeling tool we use, JUCMNav, initially selected elements in the evalua-
tion strategy are displayed with dashed contours. JUCMNav also uses a color-coding
scheme to highlight satisfaction levels —red for denied, yellow for neutral, and green for
satisfied (with various shades for values in between).

As can be seen from Figure 35, running this strategy eventually leads to a dissatis-
fied (-37) “Increase serendipity” soft goal, a partially satisfied (65) “Increase privacy”
hard goal, and a completely satisfied (100) “Provide accepted recommendation” hard
goal in the recommender system stakeholder.

Figure 36 assesses the impact of using the second recommendation alternative,
namely the CF recommender. The figure illustrates the result of a strategy where the satis-
faction value of “Recom.2 CF” is initialized to 100 and also, as in the case of the
“Recom.1l KBRS”, the goals “Increase correctness,” “Increase coverage,” “In-
crease trust,” “Increase security,” and “Accept recommendation” are assumed to be
important, and hence, their satisfaction values are initialized to 75. Form Figure 36, it can
be observed that running this strategy leads a partial satisfaction (25) of both the “Increase
diversity” and “Increase privacy” goals. It also causes the “Provide accepted recom-

mendation” goal to be fully satisfied (100).
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Figure 35 Assessing the Impact of Selecting KBRS alternative

7.4.2 Observations

According to Figure 35 and Figure 36, the following observations can also be made about
the impact of using KBRS and CF, respectively, on other stakeholders and their goals:

1. Consumers find that using the CF algorithm is more efficient than using the KBRS
in terms of saving their time (with a level of satisfaction = 85). This is because
collaborative filtering approaches do not require users’ intervention during the rec-
ommendation process. Hence, using CF saves users’ time compared to the
knowledge-based recommender systems, which ask the user to provide information

necessary to build evidence to be used in the recommendations.
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2. Saving consumer’s time using the CF recommenders comes with a price. In partic-
ular, the use of CF satisfies the “Increase privacy” goal only partially (25) com-
pared to the KBRS, which satisfies the same goal with a satisfaction level=65. This
is not surprising as the user intervention required by collaborative filtering ap-
proaches compromises user’s privacy to some extent.

3. Providers are weakly satisfied with using both algorithms (with a satisfaction less
than 25% when using CF algorithm), while their goal “Customer’s retention” is
%48 satisfied.

4. Consumer and Recommender stakeholders are satisfied with using CF (with sat-
isfaction levels of 79 and 66, respectively) more than with using the KBRS, which
achieves satisfaction levels of 51 for Consumer and 33 for Recommender.

5. Taking into consideration that the CF algorithm does not take into consideration
the fair distribution of recommendations among several providers; this, in turn, will
have an impact on the satisfaction of the goal “Achieve fairness,” where this goal

is marginally satisfied (25). On the other hand, the same goal is moderately satisfied
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(50) when KBRS is used, due to the fact that the latter supports a fair consideration
of multiple providers.

6. Based on the above observation, it can be justified why the provider stakeholder
gets satisfied when KBRS is used (38) more than when the CF is used (24).

It is worth mentioning that other evaluation strategies can be defined to evaluate different
sets of options and find the most suitable trade-off. The resulting satisfaction values of
stakeholders and their goals should be used to compare different strategies and find suitable
trade-offs between any recommendation algorithm used by recommender systems, rather
than to be interpreted as some sort of satisfaction percentage. Moreover, the model illus-
trated in Figure 35 and Figure 36 and the values of goal importance, contribution weights,
and relationships between goals represent one context with particular settings. The modeler
can eventually adapt the model to the other context by changing the importance values of
the goals to their containing actor, the weights of contribution links, and so on.

7.5. Discussion

This section discusses how the proposed goal-oriented approach represents a step forward
in the evaluation of recommender systems, as well as the main limitations of the approach.

The main contribution of this chapter is introducing the goal-modeling-based ap-
proaches to evaluate multiple recommendation alternatives while considering the multi-
stakeholder goals. Up to our knowledge, this is the first work that introduces the goal-
oriented approaches using the GRL language to the evaluation of RSs. The use of goal
models has the potential advantages for documenting stakeholders, goals, tasks, and rela-
tionships between all components of the model. Moreover, these models can be used to
assess the impact of, and identify trade-offs for, specific alternative recommendation algo-
rithm.

By exploiting the early analysis and evaluation capabilities of goal modeling with
GRL, we describe and evaluate the impact of multiple recommendation platforms. This is
done through modeling alternatives of recommendation algorithms and their contributions
to the goals of different stakeholders so as to perform trade-off analysis between the dif-

ferent recommendation options and to assure that the selected option is well-aligned with
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the needs of such systems. In addition, the proposed goal-oriented modeling approach con-
tributes to recommender systems designers to better reason about RS selection and to doc-
ument the rationale of their decisions. There are, however, many remaining challenges in
the generalization of the approach to other cases and in its validation in practice.

The main limitation of our proposed approach is that the goal models illustrated in
this chapter are identified and constructed manually based on our own understanding and
interpretation of the recommender system domain and its literature. Also, the relationships
(i.e., contribution links and decomposition) defined between the various components of
goal models are set arbitrarily. Since contribution values could have a significant impact
on linked intentional elements (positive, negative, neutral, etc.) and their evaluation level
may affect the entire goal model, we acknowledge that our work needs further validation
in this regard.

To enhance the accuracy of the proposed model, we will consult experts from the
recommender system domain to elicit more real-time perspectives about the domain to be
modeled. Also, to obtain a more appropriate justification of contribution levels that a par-
ticular recommender alternative has on the satisfaction of stakeholders’ goals, we envision
the use of other group-based decision approaches such as the Round-Table Discussion and
Consensus (RTD&C) or the Equal Relative Weights (ERW) [185]. In the RTD&C ap-
proach, a group of experts meets together, and their related contributions/opinions are put
up on a screen where experts are asked to discuss and assign relative weights to each choice
in each group. ERW approach, on the other hand, contributions that target the same inten-
tional element are considered to have equal weight, despite the fact that some contributors
might be more important than others.

It is worth noting that the goal model presented in Section 7.4.1 illustrates a very
general context of recommender systems, with general recommendation approaches (i.e.,
collaborative filtering and knowledge-based recommender systems in this example). This
model is broad enough, and it is used as a proof of concept example. That means this goal
model can be used as a basis for more specific models that are tailored for specific contexts.
As mentioned in Chapter 8, we are planning to conduct a more comprehensive study about

the specificities of recommender systems in order to create more representative models.
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7.6. Chapter Summary

This chapter proposes a new research direction and raises awareness about the research
related to the evaluation of the recommendation techniques while considering RS’s multi-
stakeholders’ goals. The chapter also pinpoints the potential opportunities for contributions
associated with the use of goal-oriented requirements modeling, which goes beyond the
conventional techniques of evaluating recommender systems. The proposed approach aims
to evaluate RS not only beyond their accuracy but also by considering the goals of all
parties, which are sometimes contradictions. The chapter showed, through an illustrative
example, the applicability of the proposed goal-oriented evaluation approach. The example
demonstrated that the use of goal modeling with GRL could be adopted to help RS’s de-
signers and decision-makers to choose between various recommendation algorithms based

on the requirements of their recommender.
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Chapter 8. Conclusions and Future Work

This chapter recalls the potential contributions of the thesis and connects them to the re-
search questions. It also discusses threats to the validity and limitations of the presented
work. In addition, it discusses ongoing work and future research opportunities.

8.1. Summary and Contributions

Since the emergence of Recommender Systems (RSs), most of the related research body
has focused on improving recommender’s predictability and accuracy. However, the liter-
ature has recently witnessed increasing evidence that providing accurate recommendations
only is not enough to increase users’ acceptance of the system [16]. Hence, it is vital for
RSs to focus not only on the accuracy of the used matching algorithm but also on other
factors that influence the acceptance of recommendations and the extent to which such
recommendations are influential and persuasive.

Having said that, there became a desire, and even a demand, for new research par-
adigms to help improve the interactions that a recommender system facilitates. One of the
recently emerged research directions that consider this need fosters the idea of adopting
human-related concepts. This research direction suggests that human-human communica-
tion principles can be utilized in human-computer interactions [14].

This thesis attempts to address this demand by adopting theories from the social
sciences literature into the recommendation systems domain. The contributions of this
thesis are:

e A user study of the persuasiveness of recommender systems presented in Chapter

3. The study discussed the effect of both user-related and context-related aspects

on users’ susceptibility to persuasive principles (RQ1 and RQ2).

e An adaptive Personalized Persuasive Recommender Systems framework, PerPer,
is presented in Chapter 4. PerPer aims to increase the acceptance of recommenda-
tions by enriching RSs with persuasive features. The framework is also deployed

based on learning automata concepts (RQ2 and RQ3).
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e An innovative analogy between the RS’s recommendation process and human be-
ings’ learning process (Chapter 5). The analogy suggests that a recommendation
process is like a learning process, and so, the recommendations (as outputs) can be
evaluated in a way similar to the evaluation of learning outcomes (RQ4).

e A cognitive-based Comprehensive Performance evaluation approach, ComPer,
(discussed in Chapter 5 and Chapter 6), which is inspired by the aforementioned
analogy. The basis of ComPer is a correlation matrix between the Learning dimen-
sions of Bloom’s taxonomy and evaluation dimensions of RS. (RQ4).

e A goal-oriented evaluation approach that considered multiple stakeholders and

their various goals. (RQ5)

8.2. Threats to Validity

In our work, there are several threats to validity that must be assessed to better characterize
the limitations of the approaches and results presented in this thesis. According to Perry et

al. [187], the following are the most relevant categories of threats to validity for our work.

8.2.1 Construct Validity

Construct validity aims to assess to which extent the experiments, tests, and/or case studies
actually answer our research hypothesis. An important issue here is the difficulty of testing
the proposed approaches on real systems.

A major source of construct threats stems from the potential issues associated with
human experts providing correlations, where the deviation between experts’ opinions can
be large; hence, in some cases, the correlation might not be representative enough. In ad-
dition, the reliance on a fourth expert to make a final decision about the conflicts between

the NLP correlations and the other three experts is limited and insufficient.

8.2.2 Internal Validity

Internal validity examines any bias and other confounding factors and assesses the degree

to which conclusions about causal relationships can be made based on the test settings and
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measures obtained. One obvious threat in this thesis is that bias might be introduced by
having the thesis author perform the implementation, tests, and analyze the results.

A major source of internal threats stems from the potential issues related to the
arbitrary setting of the goal models introduced in Chapter 7, such as the values of goals
importance, the weights of contribution links, and the types of decomposition links be-
tween the various components of goal models. These values were mainly inferred based on

the author’s sole understanding and interpretation of the literature.

8.2.3 External Validity

External validity verifies the extent to which the evaluation results can be generalized to
other cases or contexts. One important external threat encountered here is that the study
samples (Chapter 3 and Chapter 4) may be limited, especially that we are dealing with
human-related aspects. Also, for the validation of ComPer, other evaluation settings and
analysis techniques may not result in efficiency improvements as positive as the ones ob-
served here.

One important external validity that we encountered in this thesis is related to the
generalizability of the results to a real RS (as discussed in Section 3.4). In particular, the
generalizability of our findings might be threatened by the following limitations: 1) the
study is based on a self-report questionnaire and not a real recommender system, 2) the
diversity of the cultures is limited to three continents, with only 13 participants from Eu-
rope. This, in turn, may threaten the generalizability of our findings to other populations,
and 3) the guidelines provided by our study and by the other related studies are general tips
and do not comprehend all possible design cases (i.e., the combinations of every factor
with all other factors) and could not provide absolute or decisive rules for deploying per-

suasive strategies in RSs.

8.3. Future Research Directions

There are many opportunities to follow up on the thesis work, including the following di-

rections:
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8.3.1 Future Work for Persuasive Recommender Systems

Chapter 3 investigated how RS users’ persuadability is affected by their characteristics and

context. Following are possible enhancements for this research direction:

Persuasive Principles: the study considered Cialdini's six principles of persuasion.
Many other principles have also been proposed in the social science literature. So,
we suggest studying the effect of other persuasion principles in the context of RS.
Also, the literature lacks a study that investigates the efficiency of these multiple
principles in the recommendation area (i.e., which principles are the most effective
among others).

Persuasive Principles and Recommendation Domain: the results of the user study
revealed that the application domain might affect RS users’ vulnerability to
different persuasive principles. Accordingly, a thorough study is required to explore
the relationship (if any) between the persuasion principles and different domains of
RSs. The goal of this study will be to provide the community with clear guidelines
that help them deploy the right persuasion principles in each particular domain.
Also, this study will help us mitigate the generalizability issue of our study
(mentioned in section 3.4).

Investigation of Other Recommender System-related Aspects: the
communication-persuasion paradigm (discussed in Section 2.3) suggested that the
persuasiveness of a communicated message is affected by four main factors (the
source, the destination, the message, and the context). In our study, we considered
two aspects, namely user characteristics (the destination) and the recommendation
domain (the context). Further studies are still required to explore the effect of other
factors, as well as the effect of the combination between these factors.
Justification of the results. The focus of the data analyses provided in Chapter 3
was to solely report on our findings regarding the considered factors, more than to
provide explanations or justifications of each factor's impact. We believe that the
justification of the results is a purely social science. Therefore, we aim to
collaborate with social scientists (personality and behavioural change scientists, in

particular) to provide deeper insights into the acquired results. The justification of
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the results will help us discover unexpected issues that could be associated with the
results. This, in turn, could support the generalizability of the study.

Investigating the relation between persuasion and user’s preferences. The user
study (discussed in Chapter 3) investigated how users perceived persuasion based
on different factors. But the study did not consider other important factors, such as
how close the recommendation to the user’s preferences is. Users' responses to per-
suasion may vary from one recommendation to another based on the closeness of
the recommended item to the users’ preferences. For instance, persuasion may not
be very helpful for an item that is 80% matching users’ preferences, compared to
an item that is only 60% match. A user is more likely to be persuaded to accept the
80%-matched item than the 60% matched one. On the other side, persuasion for an
item that is only 20% matching users’ preferences may not be useful at all because
the item is significantly out of users’ interest. To further investigate this effect, an

in-depth study is required to investigate the aforementioned issue.

There are many future directions related to the PerPer framework. Particularly, the com-

ponents of PerPer should be further investigated, as follows:

The number of iterations required to achieve convergence: learning automata, like
other reinforcement algorithms, depends on inputs received from the environment.
This input is presented in our framework as Feedback from users. It is mentioned
in section 4.4 that our deployment of PerPer acquires feedback explicitly because
it is more reliable than implicit feedback. Nonetheless, explicit feedback requires
effort from users, which may cause boredom for users, especially when the number
of iterations is high. As a result, users may lose the motive to provide feedback at
some point. To mitigate this issue, the value of § in equation 3 could be increased
so as to accelerate the convergence. That is, the larger the 6 value is, the faster the
convergence is [136]. However, as the value of & being larger, the chance of getting
incorrect outcome is increased. So, this value needs to be studied carefully because
it is an essential factor that controls the learning process.

Accelerating the Convergence to Reduce Users’ Interactions: we used Learning

Automata as an adaptive approach to deploy PerPer. Our experimental results
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demonstrated the feasibility of this approach. Nonetheless, this approach requires
many interactions between the user and the system for the best action to converge.
This is fine for RSs areas where users interact with the system frequently, such as
movie and music recommendations. In other domains (such as KBRS), however,
the interactions may be less frequent. In such cases, other approaches that can ac-
celerate the convergence of the best persuasion technique should be applied. Thus,
as future work, we need to discover other approaches for deploying PerPer. One
potential suggestion to overcome the above issue is to use crowdsourcing. For in-
stance, we can rely on the user’s social network, such that the system maintains one
persuasion profile for multiple users. These users should have common character-
istics so that their preferences are close to each other. In such a way, the interactions
with all users in a single group are considered to update the persuasion profile.

e Presentation of Persuasive Paths: in the proposed implementation of PerPer, we
deployed persuasive strategies as explanations attached to the recommendations.
As it has been mentioned, however, persuasive paths can be presented (or imple-
mented) using various cues. Thus, we need to discover other formats of the persua-
sion paths, study the efficiency of these formats, and to compare them with each
other.

e Deploy a Multi Automata System: another direction for future work is related to
the persuasion pool of PerPer. In the proposed deployment, we supposed that each
persuasive strategy is presented by a single cue (or explanation). According to Unal
et al. [103], users may resist persuasive messages if the system keeps presenting
them visibly. Accordingly, we suggest that considering multiple presentations for
each strategy has the potential to avoid resistance. As a potential solution, we sug-
gest adopting multi automata concepts [136]. That is, instead of using single au-
tomata, Multi-level learning automata can be implemented as follows: the main
automaton is responsible for selecting the next persuasive path to be used, while
other automatons are assigned to select appropriate cues of the selected path. That
is, the action set of the main automaton is the set of persuasive paths, while the

action set of other automatons is the set of cues for the corresponding path.
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e Investigate Other Deployments of PerPer: Furthermore, we envision to implement
PerPer using different approaches. For example, we will adopt the approach pro-
posed by Kaptein [116] that uses Bayesian learning. Also, we will compare our
proposed Learning-Automata based implementation with other implementations
(such as the Bayesian learning-based implementation).

e Implementing PerPer in different application areas: in the near future, we are
planning to deploy the proposed PerPer framework into a different context, for ex-
ample, the educational domain, and then compare its performance against the per-
formance of the non-personalized (or static) persuasive RS. By this, we would have
a better characterization of the circumstances under which PerPer achieves perfor-

mance gains.

8.3.2 Future Work for Evaluating Recommender Systems

Chapter 5 proposed the evaluation approach, which we call ComPer. The chapter presented
the way by which we implemented this approach. Also, Chapter 6 provided an experi-
mental evaluation of ComPer by which it demonstrated the feasibility of using such an
approach. Despite the work that we have already done in this direction, further efforts are
still required to improve the ComPer framework, which can be summarized as follows:

e Inferring the Correlation Matrix: A more robust way should be considered regard-
ing the methodology of inferring the correlation between Bloom’s dimensions and
RS evaluation dimensions (section 5.4.3). One potential suggestion for this en-
hancement is the number of experts. The more the number of experts involved in
the evaluation, the more accurate the results will be. So, we will consider recruiting
more experts to infer the correlation, and we will rely on statistical approaches to
validate the degree of agreement.

e Natural Language Processing Stage: Another related improvement is about the
NLP stage (i.e., step Il of the correlation). As it is described in section 5.4.3, this
step adopted an approach that depends on the concept of bag-of-words similarity.
Although this approach is familiar in the NLP literature, its results are sensitive to
the text from which we create the bag-of-words. Also, this approach is unable to

capture the actual semantic similarity between such definitions. To mitigate this
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issue, a more accurate representation would be the word embedding, which
provides a vector representation of each word. The advantage of using word em-
bedding is that it can capture the context of words. So, we suggest that using word
embedding has the potential to provide more accurate correlations.

e The Relation between Evaluation Dimensions and Application Area: As men-
tioned in section 5.2, the considered evaluation dimensions have been selected
based on their popularity in the literature (i.e., how many times each dimension has
been evaluated). Although this factor is a reasonable indication of the importance
of different dimensions, it is insufficient because popularity does not necessarily
mean importance. Also, the same dimension has different significance for different
application areas. For instance, while Robustness is so important in applications
where there is a high chance of false information (e.g., e-commerce websites), it is
less important for other areas (e.g., code recommendations). Hence, an investiga-
tion of the relationship between each dimension and RS application areas is re-
quired. By doing so, we add another dimension to the proposed approach.

e Experimental Evaluation: since users’ acceptance of the recommendations is a
crucial main goal of RSs, we will study the level of consistency of ComPer results
with users’ perceived acceptance. To do so, a user study will be conducted. The
result of this user study will be compared with ComPer results. Related to this point,
we also invite researchers and businesses who run actual recommenders to validate
ComPer results on real systems in order to generalize our findings.

e ComPervaiwe: As mentioned before, ComPer combines multiple evaluation dimen-
sions in a single value. Aggregating multiple values into a single one may lead to
information loss. That is, it may downgrade the importance of some metrics over
others. Thus, a deeper analysis is still required to investigate the possible negative
impact of aggregating multiple dimensions into the ComPer single value (i.e., Com-
Pervaie). Besides, ComPervaie relied on an ad hoc normalization to mitigate the
issue of different scales between the considered dimensions. Although normaliza-
tion mitigates the issue, there is still a possibility that the final ComPer measure is
skewed more toward some of the dimensions. As future work, we are planning to

investigate the applicability of using ranking instead of normalization.
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e Enhancing the Accuracy of the Goal-Oriented evaluation approach: to enhance
the accuracy of the proposed model, we need to consult experts from the recom-
mender system domain to elicit more real-time perspectives about recommender
systems goals. Also, domain experts will be consulted to obtain a more appropriate
justification of contribution levels that a particular recommender alternative has on
the satisfaction of stakeholders’ goals. We envision the use of other group-based
decision approaches such as the Round-Table Discussion and Consensus (RTD&C)
or the Equal Relative Weights (ERW) [185].

e Domain-Specific Goal-Model evaluation: the goal model presented in Section
7.4.1 illustrated a general context of recommender systems, with general recom-
mendation approaches (i.e., collaborative filtering and knowledge-based recom-
mender systems in this example). This model is broad enough, and it is used as a
proof-of-concept example. Therefore, more domain-specific models are required to
leverage the benefit of the proposed approach. Having such domain-specific goal
models will help us find real use cases and implement the model to further validate
it.

8.3.3 Other Research Directions

In addition to the above future work, the following are other research directions that are
related to persuasion and evaluation of RSs:

e Increasing users’ ratings: Sparsity is a common issue in the evaluation of RSs.
The issue is that offline evaluation depends, to a high extent, on the historical data
of the users that are stored as datasets. These datasets are usually sparse such that,
in many cases, the users do not provide ratings for the recommended items. So, to
reduce the sparsity (i.e., to make the dataset denser), users should provide more
ratings. To do so, we need to motivate the users to rate more recommendations.
One solution to this issue is by using persuasive techniques. For instance, we can
use social persuasive strategies such as Competitive and Cooperative Social Per-
suasion to influence users to change their attitude by providing more ratings. Also,
Gamification can be adopted to mitigate this issue by motivating users to rate the

recommended items.
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e Personality-based Recommendations: Chapter 3 and Chapter 4 demonstrated how
users’ personality traits affect the persuadability of users. We believe that person-
ality traits have the potential to enhance user-RS interactions. Therefore, we will
investigate the role of personality traits in tailoring the top-N recommendation lists.
That is, we will study the relationship between users' personalities and RS’s prop-
erties such as Diversity, Accuracy, Coverage, etc. Based on the inferred relation-
ships, we can adapt the recommended list such that it involves items that satisfy the

most important factor for the user.
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Appendix A: Big Five Inventory (BFI-44)

Here are a number of characteristics that may or may not apply to you. For example, do

you agree that you are someone who likes to spend time with others? Please write a number

next to each statement to indicate the extent to which you agree or disagree with that

statement.
1 2 3 4 5
Disagree Strongly | Disagree a little Neither agree nor disagree Agree a little Agree strongly

| am someone who...

1
2
3.
4
5

N o

10.

11.

12.

13.

14.
15.

16.

17.

18.
19.
20.
21.
22.
23.

Is talkative

Tends to find fault with others

Does a thorough job

Is depressed, blue

Is original, comes up with new
ideas

Is reserved

Is helpful and unselfish with oth-
ers

Can be somewhat careless

Is relaxed, handles stress well.
Is curious about many different
things

Is full of energy

Starts quarrels with others

Is a reliable worker

Can be tense

Is ingenious, a deep thinker
Generates a lot of enthusiasm
Has a forgiving nature

Tends to be disorganized
Worries a lot

Has an active imagination

Tends to be quiet

Is generally trusting

Tends to be lazy
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24,

25.
26.
27.
28.

29.
30.

31.
32.

33.
34.
35.
36.
37.
38.

39.
40.
41.
42.
43.
44.

Is emotionally stable, not easily
upset

Is inventive

Has an assertive personality

Can be cold and aloof
Perseveres until the task is fin-
ished

Can be moody

Values artistic, aesthetic experi-
ences

Is sometimes shy, inhibited

Is considerate & kind to almost
everyone

Does things efficiently

Remains calm in tense situations
Prefers work that is routine

Is outgoing, sociable

Is sometimes rude to others
Makes plans and follows through
with them

Gets nervous easily

Likes to reflect, play with ideas
Has few artistic interests

Likes to cooperate with others

Is easily distracted

Is sophisticated in art, music, or lit-
erature
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Appendix B: Persuasion Questionnaire

Part 1: On a scale of -1 to 5, to what extent may the website influence (by encouraging or

discouraging) you to buy items recommended to you by providing each of the following

options?

(-1) Negative Effect: indicate that the sentence may discourage you from buying the

item.

(0) Neutral: presenting or removing the sentence will not affect your decision.

(1 to 5) Positive Effect. You are very low (1) to very high (5) agree that the sentence

may persuade you to buy the recommended item.

# D O O @ @ @ 6

1  Giving you something for free (e.g., samples, gift, or 0O 0O 0O 0O 0O 0O 0O
free delivery)

2  Display a countdown, beside an item, indicating the 0O 0O 0O 0O 0O 0O 0O
time remaining for an offer on that item

3 Presenting an image of an expert uses the recom- 0O 0O 0O 0O 0O 0O 0O
mended item (ex: a doctor uses particular medication
for his patients, or a security guard uses the recom-
mended security lock)

4 Presenting the best seller’s items 0 0 0 0 0 0O 0O

5  Welldesigned (Fancy and professional) website’s in- 0 0 0 o) o) o o
terface and product’s presentation.

6  Using “add to wish list” option. (“wish list” contains 0 0 0 0O 0O 0O 0O
items that you wish to consume (i.e., buy, watch, use,
etc.) in the future)
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Part 2: Suppose that you are using an e-commerce system (ex: Amazon, ebay, etc).

on a scale of -1 to 5, to what extent do you think that each of the following statements will
influence your decision (by encouraging or discouraging you) to buy an item recommended
to you based on your preferences?

# (H O @O @ & @ 6

1 Afriend of you, who bought the item that you sug- 0 o o 0 0 0 0
gested to him/her in the past, recommends you this
item

2 The recommended item will be available for 2 o) o o 0 0 0 0
months only

3 The recommended item won 3 prizes as the best 0 0 0 e} e} o o
manufactured product

4 87% of users rated the recommended item with 4 or 0O 0O 0O 0O 0O 0O 0O
5 stars

5  Your Facebook friends bought this item 0O 0O 0O 0O 0O 0O 0O

6  This item belongs in the kind of items you usually 0O 0O 0O 0O 0O 0O 0O
buy

Part 3: Suppose that you are using an online movie system (ex: Netflix, YouTube, etc.).
on a scale of -1 to 5, to what extent do you think that each of the following statements will
influence your decision (by encouraging or discouraging you) to watch a movie recom-

mended to you based on your preferences?

# (Hp © @O @ @ @ O

1 AFacebook friend, who saw the movie that you sug- o) o) o) o) o) 0 0
gested him/her in past, recommends you this movie

2 The recommended movie will be available to view 0O 0O 0O 0O 0O 0O 0O
from 15/1/2014 to 31/1/2014 on cinemas

3 The recommended movie won 3 Oscars! 0 o o o o o 0O

4 The 87% of users in this survey rated the recom- 0 o o o o o 0O
mended movie with 4 or 5 stars!

5  Your Facebook friends like this movie e} o 0) 'e) e) @) 0)

6  This movie belongs in the kind of movies you enjoy 0 0 0 o) o) o 0o
watching
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Appendix D: Data Significance Analysis

Table 16 ANOVA significance test and Effect Size based on users’ gender

Reciprocity Scarcity Authority Social proof Liking Commitment

F 0.019 0.108 9.095 1.086 1.911 1.397
P-value 0.892 0.742 0.003 0.298 0.168 0.238
Cohen’sP 0.02 0.04 0.39 0.13 0.2 0.2

Table 17 ANOVA significance test based on users’ ages

Reciprocity Scarcity Authority Social proof Liking Commitment
F 0.473 1.051 0.336 1.072 0.766 0.863
P-value 0.702 0.371 0.799 0.361 0.514 0.461

Table 18 ANOVA significance test based on users’ culture

Reciprocity Scarcity Authority Social proof Liking Commitment
F 6.114 12.194 7.375 3.565 10.842 7.986
P-value 0.003 <0.001 <0.001 0.03 <0.001 <0.001

Table 19 Effect Size based on users’ culture (A=Asia, E=Europe, N=North America)

Groups Reciprocity Scarcity Authority Social proof Liking Commitment

A&E 0.15 0.13 0.4 0.29 0.3 0.2
A&N 0.01 0.15 0.16 0.22 0.13 0.19
E&N 0.14 0.18 0.44 0.16 0.27 0.13
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Table 20 ANOVA significance test based on users’ personality traits

Personality Reciprocity Scarcity  Authority E:OC;:I Liking  Commitment
Extraversion F 11.836 7.698 7.591 10.446  18.418 15.812
P-value <0.001 0.006 0.006 0.001 <0.001 <0.001
Agreeableness F 7.235 3.154 1.012 2.476 2.443 0.27
P-value 0.008 0.077 0.315 0.117 0.119 0.604
Conscientious- F 1.333 6.317 1.174 0.003 0.192 0.192
ness P-value 0.249 0.013 0.28 0.96 0.662 0.662
Neuroticism F 1.343 4.198 1.012 1.239 0.043 4.198
P-value 0.248 0.041 0.315 0.267 0.835 0.041
Openness F 0.198 3.946 0.024 0.257 6.377 0.102
P-value 0.657 0.048 0.877 0.613 0.012 0.75
Table 21 Effect Size based on users’ personality
Personality Reciprocity  Scarcity  Authority  Social proof  Liking Commitment
Extraversion 0.42 0.34 0.34 0.39 0.52 0.49
Agreeableness 0.33 0.22 0.12 0.19 0.19 0.16
Conscientiousness 0.14 0.30 0.13 0.11 0.15 0.11
Neuroticism 0.14 0.25 0.12 0.14 0.13 0.20
Openness 0.05 0.24 0.12 0.16 0.31 0.14

Table 22 RM-ANOVA significance test and Effect Size based on the application do-

main (the Whole sample)

Reciprocity Scarcity  Authority  Social proof  Liking Commitment
F 16.781 1.237 2.009 3.254 17.568 40.688
P-value <0.001 0.267 0.158 0.072 <0.001 <0.001
Cohen’s P 0.26 0.17 0.11 0.11 0.25 0.45
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Table 23 ANOVA significance test based on the domain & gender (Female)

Reciprocity Scarcity Authority Social proof Liking Commitment
F 5.746 0.566 -20.5841 2.055 19.823 34.521
P-value  0.019 0.454 1 0.155 <0.001 <0.001

Table 24 ANOVA significance test based on the domain & gender (Male)

Reciprocity Scarcity Authority Social proof Liking Commitment

F 10.52 0.541 2.701 1.171 4.649 15.225
P-value  0.001 0.463 0.102 0.281 0.032 <0.001

Table 25 Effect Sizes based on the domain & gender

Reciprocity Scarcity Authority Social proof Liking Commitment

Female  0.26 0.19 0.12 0.14 0.43 0.59
Male 0.25 0.16 0.17 0.19 0.17 0.38

Table 26  ANOVA significance test based on the domain & age (16-25 years old)

Reciprocity Scarcity Authority Social proof Liking Commitment

F 4.783 0.604 7.755 1.847 2.319 3.864
P-value  0.034 0.441 0.008 0.181 0.134 0.055

Table 27 ANOVA significance test based on the domain & age (26-35 years old)

Reciprocity Scarcity Authority Social proof Liking Commitment
F 5.653 0.747 0.248 2.933 4.536 19.796
P-value  0.019 0.389 0.619 0.089 0.035 <0.001

Table 28 ANOVA significance test based on the domain & age (36-45 years old)

Reciprocity Scarcity Authority Social proof Liking Commitment

F 11.174 1.277 0.748 0.044 1.475 7.476
P-value  0.001 0.263 0.391 0.835 0.23 0.008
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Table 29 ANOVA significance test based on the domain & age (45 years and older)

Reciprocity Scarcity Authority Social proof Liking Commitment
F 0.257 1.217 0.608 0.023 22.979 11.19
P-value 0.616 0.278 0.442 0.881 <0.001 0.002

Table 30 Effect Sizes based on the domain & age

Group Reciprocity Scarcity Authority Social proof Liking Commitment

16-25 0.27 0.18 0.36 0.25 0.22 0.23
26-35 0.24 0.15 0.13 0.14 0.20 0.53
36-45 0.45 0.13 0.16 0.12 0.17 0.49
>45 0.13 0.12 0.11 0.11 0.72 0.64

Table 31 ANOVA significance test based on the domain & culture (Asia)
Reciprocity Scarcity Authority Social proof Liking Commitment
F 0.973 2.638 4.239 1.801 0.392 0.298
P-value  0.327 0.109 0.043 0.184 0.533 0.587

Table 32 ANOVA significance test based on the domain & culture (Europe)
Reciprocity Scarcity Authority Social proof Liking Commitment
F 1.158 6.76 0.022 0.288 1.669 10.353
P-value  0.305 0.025 0.884 0.604 0.223 0.008

Table 33 ANOVA significance test based on the domain & culture (North America)

Reciprocity Scarcity Authority Social proof Liking Commitment
F 17.494 1.152 0.361 1.742 25.122 45.007
P-value  <0.001 0.285 0.549 0.189 <0.001 <0.001

Appendix D: Data Significance Analysis 182



Table 34 Effect Sizes based on the domain & culture

Reciprocity Scarcity Authority Social proof Liking Commitment
Asia 0.13 0.21 0.21 0.14 0.18 0.18
Europe  0.46 0.66 0.14 0.15 0.51 1.13
North 0.31 0.19 0.17 0.19 0.39 0.57

America

Table 35 ANOVA significance test based on the domain & Personality trait (Extraver-

sion)
Reciprocity Scarcity Authority Social proof Liking Commitment
F 5.209 1.677 3.132 0.445 6.404 30.704
P-value 0.024 0.197 0.079 0.506 0.012 <0.001

Table 36 ANOVA significance test based on the domain & Personality trait (Agreeable-

ness)
Reciprocity Scarcity Authority Social proof Liking Commitment
F 10.041 1.509 4.217 1.595 18.547 33.654
P-value  0.002 0.001 0.042 0.209 <0.001 <0.001

Table 37 ANOVA significance test based on the domain & Personality trait (Conscien-

tiousness)
Reciprocity Scarcity Authority Social proof Liking Commitment
F 11.453 1.044 2.343 1.535 11.192 35.362
P-value  <0.001 0.309 0.128 0.218 0.001 <0.001

Table 38 ANOVA significance test based on the domain & Personality trait (Neuroti-

cism)
Reciprocity Scarcity Authority Social proof Liking Commitment
F 8.714 0.277 0.023 0.666 5.821 10.961
P-value  0.004 0.6 0.88 0.416 0.017 0.001
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Table 39 ANOVA significance test based on the domain & Personality trait (Openness)

Reciprocity Authority Social proof Liking Commitment
F 16.605 0.477 17.391 24.659
P-value  <0.001 0.491 <0.001 <0.001
Table 40 Effect Sizes based on the domain & culture
Personality Reciprocity  Scarcity  Authority  Social proof  Liking Commitment
Extraversion 0.20 0.11 0.17 0.16 0.21 0.51
Agreeableness 0.32 0.11 0.21 0.14 1.38 0.47
Conscientiousness 0.34 0.18 0.15 0.14 0.25 0.57
Neuroticism 0.23 0.19 0.12 0.16 0.23 0.44
Openness 0.35 0.19 0.17 0.15 0.27 0.46
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Appendix E: An Example of the Text used to infer
the correlation between Bloom and Recommender
Systems.

Scalability Dimension

e The text:
scale up to real at huge set. help users navigate in large collections of items. providing rapid
results even for huge data sets consisting of millions of items. With the growth of the data
set, many algorithms are either slowed down or require additional resources such as com-
putation power or memory to evaluate the computational complexity of an algorithm in
terms of time or space requirements to understand the scalability of the system it is also
useful to report the consumption of system resources over large data sets. Showing how
the speed and resource consumption behave as the task scales up. As recommender systems
are expected in many cases to provide rapid recommendations online, it is also important
to measure how fast does the system provides recommendations the throughput of the sys-
tem, i.e., the number of recommendations that the system can provide per second. We could
also measure the latency (also called response time) — the required time for making a
recommendation online. How scalable is the system with respect to number of users, un-
derlying data size, and algorithm performance? One of the most important goals of a rec-
ommendation system is to provide online recommendations for users to navigate through
a collection of items. When the system scales up to the point where there are thousands of
components to be recommended, the system must be able to process and make each rec-
ommendation within a reasonable amount of time. The scalability problem can be divided
into two parts: (1) the training time of the recommendation algorithm and (2) the perfor-
mance of the system or throughput when working with a large item database. The time that
is required to train the algorithm can be evaluated by training different algorithms with the

same dataset or by training them until they reach the same level of prediction correctness.
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The performance of the system can be evaluated in terms of throughput— the number of
recommendations that the system can generate per second. Performance (in terms of num-
ber of recommendations) can also adversely impact the usability of the recommendation
system as response time may become too slow to be effective for its users. As recommender
systems are designed to help users navigate in large collections. of items, one of the goals
of the designers of such systems is to scale up to real data sets. As such, it is often the case
that algorithms trade other properties, such as accuracy or coverage, for providing rapid
results even for huge data sets consisting of millions of items. With the growth of the data
set, many algorithms are either slowed down or require additional resources such as com-
putation power or memory. One standard approach in computer science research is to eval-
uate the computational complexity of an algorithm in terms of time or space requirements.
In many cases, however, the complexity of two algorithms is either identical, or could be
reduced by changing some parameters, such as the complexity of the model, or the sample
size. Therefore, to understand the scalability of the system it is also useful to report the
consumption of system resources over large data sets. Scalability is typically measured by
experimenting with growing data sets, showing how the speed and resource consumption
behave as the task scales up. It is important to measure the compromises that scalability
dictates. For example, if the accuracy of the algorithm is lower than other candidates that
only operate on relatively small data sets, one must show over small data sets the difference
in accuracy. Such measurements can provide valuable information both on the potential
performance of recommender systems in general for the specific task, and on future direc-
tions to explore. As recommender systems are expected in many cases to provide rapid
recommendations online, it is also important to measure how fast does the system provides
recommendations. One such measurement is the throughput of the system, i.e., the number
of recommendations that the system can provide per second. We could also measure the
latency (also called response time) the required time for making a recommendation online.
e The Vector:
Performance Scalability Showing able accuracy additional adversely algorithm amount ap-

proach become behave called candidates case changing collection collections complexity
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component compromises computation computational computer consisting consumption
correctness coverage data database dataset design dictates different direction divided ef-
fective evaluate even example expected experimenting explore fast future general generate
goals growth help huge identical impact important information item large latency level
lower make many measure measurement memory millions model navigate number one
online only operate over parameter part per performance point potential power prediction
problem process property provide rapid reach real reasonable recommendation recommend
reduced relatively report require requirement research resource respect response result
same sample scalable scale science second set show size slow small some space specific
speed standard system task terms thousand throughput time trade train training typically

underlying understand usability useful users valuable when where with within working
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