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ABSTRACT

A recommender system is a special software that recommends items to a user
based on the user’s history. A recommender system comprises users, items and a
rating matrix. Rating matrix stores the interactions between users and items. The
system faces a variety of problems among which three are the main concerns of this
research. These problems are cold start, sparsity, and diversity. Majority of the
research use a conventional framework for solving these problems. In a conventional
recommender system, user profiles are generated from a single feedback source,
whereas, Cross Domain Recommender Systems (CDRS) research relies on more than
one source. Recently researchers have started using “Social Network Integration
Framework™, that integrates social network as an additional feedback source.
Although the existing framework alleviates recommendation problems better than the
conventional framework, it still faces limitations. Existing framework is designed
only for a single source domain and requires the same user participation in both the
source and the target domain. Existing techniques are also designed to integrate
knowledge from one social network only. To integrate multiple sources, this research
developed a “Multiple Social Network Integration Framework”, that consists of two
models and three techniques. Firstly, the Knowledge Generation Model generates
interaction matrices from “n” number of source domains. Secondly, the Knowledge
Linkage Model links the source domains to the target domain. The outputs of the
models are inputs of the techniques. Then multiple techniques were developed to
address cold start, sparsity and diversity problem using multiple source networks.
Three techniques addressed the cold start problem. These techniques are Multiple
Social Network integration with Equal Weights Participation (MSN-EWP), Multiple
Social Network integration with Local Adjusted Weights Participation (MSN-
LAWP) and Multiple Social Network integration with Target Adjusted Weights
Participation (MSN-TAWP). Experimental results showed that MSN-TAWP
performed best by producing 47% precision improvement over popularity ranking as
the baseline technique. For the sparsity problem, Multiple Social Network integration
for K Nearest Neighbor identification (MSN-KNN) technique performed at least
30% better in accuracy while decreasing the error rate by 20%. Diversity problem
was addressed by two combinations of the cold start and sparsity techniques. These
combinations, EWP + MSN-KNN, TAWP + MSN-KNN and TAWP + MSN-KNN
outperformed the rest of the diversity combinations by 56% gain in diversity with a
precision loss of 1%. In conclusion, the techniques designed for multiple sources
outperformed existing techniques for addressing cold start, sparsity and diversity
problem. Finally, an extension of multiple social network integration framework for
content-based and hybrid recommendation techniques should be considered future
work.



ABSTRAK

Sistem pencadang merupakan perisian khusus yang mencadangkan item
kepada pengguna berdasarkan dapatan sejarah pengguna. Sistem pencadang
merangkumi pengguna, item dan matriks penilaian. Matriks penilaian menyimpan
interaksi antara pengguna dan item. Sistem ini menghadapi pelbagai masalah di
mana tiga adalah perhatian utama dalam kajian ini. Masalah tersebut adalah mula
sejuk, jarang dan kepelbagaian. Kebanyakan kajian menggunakan rangka kerja
konvensional untuk mengatasi masalah tersebut. Dalam sistem pencadang
konvensional, profil pengguna dihasilkan dari sumber maklum balas tunggal
sedangkan kajian Sistem Pencadang Domain Silang (CDRS) bergantung kepada
lebih dari satu sumber. Kebelakangan ini, penyelidik telah mula menggunakan
Rangka Kerja Intergrasi Rangkaian Sosial yang menggabungkan rangkaian sosial
sebagai sumber maklum balas tambahan. Walaupun rangka kerja sedia ada
mengurangkan masalah cadangan lebih baik dari rangka kerja konvensional, ia masih
mempunyai batasan. Rangka kerja yang sedia ada direka hanya untuk sumber
domain tunggal dan memerlukan penyertaan pengguna yang sama dalam kedua-dua
sumber dan domain sasaran. Teknik sedia ada juga direka untuk menggabungkan
pengetahuan dari satu rangkaian sosial sahaja. Untuk menggabungkan pelbagai
sumber, kajian ini membangunkan Rangka Kerja Integrasi Rangkaian Sosial
Pelbagai, yang terdiri daripada dua model dan tiga teknik. Pertama, Model Penjana
Pengetahuan menghasilkan matriks interaksi untuk bilangan “n” domain sumber.
Kedua, Model Pautan Pengetahuan menghubungkan domain sumber ke domain
sasaran dengan pemetaan pengguna sasaran ke pengguna sumber. Kemudian
beberapa teknik telah dibangunkan untuk menangani masalah mula sejuk, jarang dan
kepelbagaian menggunakan sumber rangkaian pelbagai. Teknik-teknik ini adalah
Multiple Social Network integration with Equal Weights Participation (MSN-EWP),
Multiple Social Network integration with Local Adjusted Weights Participation
(MSN-LAWP) dan Multiple Social Network integration with Target Adjusted
Weights Participation (MSN-TAWP). Hasil kajian menunjukkan bahawa MSN-
TAWP adalah yang terbaik yang dicadangkan mengatasi teknik sedia ada sekurang-
kurangnya 20% bagi cadangan mula sejuk, sebanyak 30.1% bagi cadangan jarang
dan sebanyak 56% bagi pelbagaian untuk kehilangan piawaian ketepatan sebanyak
1%. Keputusan eksperimen menunjukkan bahawa MSN-TAWP tampil terbaik
dengan menghasilkan peningkatan ketepatan 47% ke atas kedudukan populariti
sebagai teknik asas. Untuk masalah jarang, teknik Multiple Social Network with K
Nearest Neighbor (MSN-KNN) dilakukan sekurang-kurangnya 30% dengan
ketepatan yang lebih baik sambil menurunkan kadar ralat sebanyak 20%. Masalah
kepelbagaian ditangani oleh dua kombinasi mula sejuk dan teknik jarang. Gabungan
ini, EWP + MSN-KNN, TAWP + MSN-KNN dan TAWP + MSN-KNN mengatasi
keseluruhan kombinasi kepelbagaian dengan keuntungan 56% dalam kepelbagaian
dengan kehilangan piawaian ketepatan sebanyak 1%. Kesimpulannya, teknik yang
direka untuk pelbagai sumber mengatasi teknik yang sedia ada untuk menangani
mula sejuk, jarang dan kepelbagaian. Akhirnya, pelanjutan kerangka integrasi
rangkaian sosial untuk teknik cadangan berasaskan kandungan dan hibrid dianggap
sebagai kerja masa depan.

vi



TABLE OF CONTENTS

TITLE PAGE
DECLARATION i
DEDICATION il
ACKNOWLEDGEMENT v
ABSTRACT v
ABSTRAK vi
TABLE OF CONTENTS vii
LIST OF TABLES X1V
LIST OF FIGURES XVi
LIST OF ABBREVIATIONS X1X
LIST OF SYMBOLS XXi
LIST OF APPENDICES xxiii
CHAPTER1 INTRODUCTION 1

1.1  Overview 1
1.2 Recommender System 1
1.3 Cross Domain Recommender Systems (CDRS) 2
1.4 Recommender Systems Problems 4
1.5  Cross Domain Recommendation Using Social

Network Integration 6

1.5.1 Related Concepts 6

1.5.2 Social Network Integration Framework 7

1.5.3 Issues Related to Social Networking

Integration Framework 10

1.6  Problem Statement 12
1.7 Research Questions 13
1.8 Aim of Research 13
1.9  Objectives of Research 14

1.10 Scope of Research 14

vii



1.11 Significance of Research

1.12 Thesis Organization

CHAPTER 2 LITERATURE REVIEW

2.1
22

23

Introduction

Cross Domain Recommender Systems

221
222
223
224

Notion of Domain
User-Item Overlaps Scenarios
Recommendation Tasks

Generic Framework for Cross Domain
Recommendation

Cross Domain Recommender Systems: A
Systematic Literature Review

23.1

232

233

SLR Methodology and Research
Questions

Overview of the Searched and Selected
Studies for SLR

SLR Findings
2.3.3.1 SLR Analysis
2.3.3.2 Addressed Problems

2.3.3.3 Limitations Found in Existing
Literature

2.4 Research direction : Social Network Integration
for Cross Domain Recommendation

25
2.6
2.7

24.1 Social Network Integration Framework

242 Cold Start Recommendation
Techniques

243 Sparse Recommendation Techniques

244 Diverse Recommendation Technique

2.4.5 Similarity Mapping Techniques

Validating Results

Discussion

Summary

CHAPTER 3 RESEARCH METHODOLOGY

3.1

Introduction

viil

15
16

19
19
19
20
21
22

24

30

31

33
40
40
43

45

48
50

53
54
55
56
57
59
61

63
63



3.2 Terminologies
3.3 Research Methodology
34 Step 1: Relevant Literature
3.5 Step 2: Purpose of The Research
3.6 Step 3: Creation of Hypothesis
3.7 Step 4: Methodology and Research Design
3.7.1 Phase A: Multiple Social Network
Integration Framework
3.7.2 Phase B: Cold-start Recommendation
3.7.3 Phase C: Sparse Recommendation
3.7.4 Phase D: Diverse Recommendation
3.8 Step 5: Experimental and Evaluation Setup
3.8.1 Experiment Design
3.8.2 Data Generation and Validation
3.8.3 Cold Start Evaluation
3.8.4 Sparse Evaluation
3.8.5 Diverse Evaluation
3.8.6 Friedman Statistical Analysis
3.9 Step 6: Technical Analysis and Conclusion
3.10 Summary

MULTIPLE SOCIAL NETWORK
INTEGRATION FRAMEWORK

CHAPTER 4

4.1
42

43
4.4

Introduction

Multiple Social Network Integration Framework
421 Primary Concepts

422 Knowledge Generation Model (n)

423 Knowledge Linkage Model (n)

424 Cold Start Recommendation Technique
425 Sparse Recommendation Technique

42.6 Diverse Recommendation Technique
Comparison Between Frameworks

Tool for Data Collection from Facebook Pages

1x

63
70
72
73
77
79

81
82
83
84
85
87
88
92
93
94
95
96
97

99
99
99
103
108
119
121
121
121
122
128



45
4.6

441 Structure of The tool

442 Prerequisite

443 Configuration Loader

444 Posts Collection

445 Comments Collection

446 Likes Collection

447 Unique User Extraction

448 Exporting Interaction Matrix
Statistical Analysis of the Generated Data

Summary

MULTIPLE SOCIAL NETWORKS BASED

CHAPTER S POPULARITY RANKING TECHNIQUE FOR

COLD START RECOMMENDATION

5.1
52

53

54
55
5.6

Introduction
Existing Techniques

5.2.1 Prerequisite: Rank List Generation
Procedure (RLGP)

5.2.2 Baseline: Random Ranking Technique
5.2.3 Existing: Popularity Ranking Technique

Proposed Techniques for Improving Cold Start
Recommendation

53.1 Technique 1: Multiple Social Network
integration with Equal Weights
Participation (MSN-EWP)

5.3.2 Technique 2: Multiple Social Network
integration with Local Adjusted Weights
Participation (MSN-LAWP)

5.3.3 Technique 3: Multiple Social Network
integration with Target Adjusted Weights
Participation (MSN-TAWP)

Comparison of MSN Techniques
Experimental Setup

Results

5.6.1 Existing approaches

5.6.2 Performance Evaluation of MSN-EWP

128
130
130
131
131
131
132
132
132
135

137
137
138

138
139
139

140

142

143

144
146
147
148
149
149



5.7

5.8

5.6.3 Performance Evaluation of MSN-LAWP
and MSN-TAWP

5.6.4 Performance Evaluation between Existing
and Proposed MSN Techniques

Technical Analysis
5.7.1 Friedman Statistical Analysis

5.7.2 Difference between Existing and
Proposed MSN Techniques

5.7.3 Connection Between Accuracy
Improvement and Number of Integrated
Social Networks

5.7.4 Connection between Proposed
Techniques and Other Chapters

Summary

MULTIPLE SOCIAL NETWORK POPULARITY
CHAPTER 6 BASED NEIGHBOR SELECTION ALGORITHM
FOR SPARSE RECOMMENDATION

6.1
6.2

6.3

6.4
6.5
6.6

6.7

Introduction
Existing Approaches

6.2.1 Baseline: Collaborative Filtering K
Nearest Neighbors

6.2.2 Existing: Social Collaborative Filtering
6.2.2.1 Facebook KNN
6.2.2.2 Facebook Co-Like

Proposed technique: Multiple Social Network
integration for K Nearest Neighbor identification
(MSN-KNN)

Comparison between techniques
Experimental Setup

Results

6.6.1 Sparsity 95

6.6.2 Sparsity 90

6.6.3 Sparsity 85

Technical Analysis

6.7.1 Statistical analysis

x1

150

152
153
153

155

156

157
158

159
159
159

160
161
162
164

165
168
169
170
170
172
173
175
175



6.8

CHAPTER 7

6.7.2 Effect of Source Domain Sparsity on
Recommendation Accuracy

6.7.3 Effect of Number of Domain on
Recommendation Accuracy

6.7.4 Connection between Proposed MSN
Techniques and Other Objectives

Summary

MULTIPLE SOCIAL NETWORK BASED

DIVERSE RECOMMENDATION

7.1
7.2
73
7.4
7.5

7.6
1.7

Introduction

Diversity Computation

Comparison Between Techniques
Experimental Setup

Results

7.5.1 Increasing Number of Domain

7.5.2 Proposed versus Existing Techniques
Technical Analysis

Summary

CHAPTER 8 CONCLUSION AND FUTURE DIRECTIONS

8.1
8.2

Introduction
Research Contributions

8.2.1 Multiple Social Network Integration
Framework

8.2.1.1 Knowledge Generation Model
8.2.1.2 Knowledge Linkage Model

8.2.2 Multiple Social Networks Based
Popularity Ranking Techniques

8.2.3 Multiple Social Networks Based Social
Collaborative Filtering Technique

8.2.4 Multiple Social Network Based
Recommendation Diversification

8.2.5 Other Contribution: Systematic Literature
Review

8.2.6 Other Contribution: Tool for Data
Collection

xii

177

177

179
178

179
179
179
182
182
183
183
185
186
188

189
189
189

190
190
190

191

191

191

192

192



8.3 Future Directions 193

83.1 Systematic Literature Review 193

8.3.1.1 Primary Studies Identification and
Selection 193

8.3.1.2 Potential Research Questions

Topics 194
8.3.2 Proposed Framework Improvement 194
8.3.3 Techniques Extensions 194
8.3.4 Expert Opinion 195
84 Summary 195
REFERENCES 197
List of Publications 217

Appendices A-B 219-222

Xiii



LIST OF TABLES

TABLE NO. TITLE PAGE
Table 1.1 Summary of Comparison between Conventional and

Existing Framework 10
Table 2.1 Recommendation Tasks Comparison 23
Table 2.2 Compared Secondary Studies 30
Table 2.3 Motivation and Research Questions 32
Table 2.4 Search Keywords and Search Query 33
Table 2.5 Search Results 34
Table 2.6 Classification TAG Groups 36
Table 2.7 Shortlisted Primary Studies With Paper ID 38
Table 2.8 Tagged Papers With Respect to ID 39
Table 2.9 Possible Options for Future Directions 48
Table 2.10  Studies Related to System Domain Overlap 49
Table 2.11  Analysis of Social Network(Facebook) Related Studies 49
Table 2.12  Cold Start Other Techniques 53
Table 2.13  Cold Start Recommendation Techniques 53
Table 2.14  Sparsity Related Techniques 55
Table 2.15  Recommendation Diversification Techniques 56
Table 2.16  Similarity Mapping Techniques 56
Table 2.17  Validation Types and Covering Literature 59
Table 3.1 Connection between Methodology Steps and Chapters 72
Table 3.2 Statistical Analysis Techniques 78
Table 3.3 Methodology and Research Design 80
Table 3.4 Experimental Setup 87
Table 3.5 Experimental Design Setup 88
Table 3.6 Organization Websites and Facebook Pages 90
Table 3.7 Mean Average Precision Evaluation Equation 93
Table 3.8 Precision and MAE Evaluation Parameters 93
Table 3.9 Connection Between Methodology Steps and Chapters 97

X1v



Table 4.1
Table 4.2
Table 4.3
Table 4.4

Table 4.5
Table 4.6
Table 4.7
Table 4.8
Table 4.9

Table 5.1
Table 5.2
Table 5.3
Table 5.4
Table 5.5
Table 5.6
Table 5.7

Table 5.8

Table 5.9
Table 5.10
Table 6.1
Table 6.2
Table 6.3
Table 7.1
Table 7.2
Table 7.3

Facebook Pages and Respective Codes
Sample Posts for Sample Movies
Common Movies between all Domain

Movies matched in posts of respective pages (A) Time
frame and quantity (B) minimum, maximum and average
posts per movie

Likes per Posts

Comments per Posts

Unique users

Baseline, Existing and Proposed Framework Comparison

Spearman Rank Correlation Between the Target and Source
Matrices

Aggregation Equations

Framework Variables Associated with Item Scoring
Item Scoring based on Social Network Data
Comparison of Techniques

MAP of existing approaches

MAP of equal weights participation techniques

MAP of local distance adjusted weight optimized
participation technique

MAP of target distance adjusted weight optimized
participation technique

Precision scores for Friedman test
Friedman statistical analysis

Comparison between techniques

Precision score for Friendman test
Friendman statistical analysis

Techniques for Recommendation Diversity
Diverse Items for Friedman test

Friedman Statistical Analysis

XV

102
110
112

113
114
116
117
122

133
140
141
142
146
149
150

151

152
154
155
168
175
176
182
187
187



FIGURE NO.

Figure 1.1
Figure 1.2
Figure 1.3
Figure 2.1
Figure 2.2
Figure 2.3
Figure 2.4
Figure 2.5
Figure 2.6
Figure 2.7
Figure 2.8
Figure 2.9
Figure 2.10
Figure 2.11
Figure 2.12

Figure 2.13
Figure 2.14
Figure 2.15
Figure 3.1
Figure 3.2

Figure 3.3
Figure 3.4

Figure 3.5
Figure 3.6
Figure 3.7

LIST OF FIGURES

TITLE

(a) Duine Framework (b) Rating Matrix
Generic Cross Domain Recommendation Framework

Social Network Integration Framework

User-item Overlaps Scenarios (recommendation scenarios)

Generic Cross Domain Recommendation Framework
Basic Taxonomy of Recommendation Schemes
Cross Validation Illustration

Research Phases

Term Frequency

Shortlisting searched studies

Primary Studies Trend

Domain Vs. User-Item Overlap

Recommendation Tasks Vs. User-Item Overlap
Synthesizing Domain Vs. User-Item Overlap

Synthesizing (A) Recommendation Tasks Vs. (B) User-
Item Overlap

Addresses Problems

Studies related to System Domain Overlap
Social Network Integration Framework
Different Social Networks Existing Today

Cross Domain Recommendation Comparison with
Conventional Recommendation

Empirical Research Methodology

Operational Framework related to Research Design and
Related Methodology

CPU Specifications
Experiment Design Configuration

Age of data (A) Time Frame (B) First post published

xvi

PAGE

43
44
49
52
66

68
71

79
86
89
90



Figure 4.1

Figure 4.2
Figure 4.3
Figure 4.4
Figure 4.5
Figure 4.6
Figure 4.7
Figure 4.8
Figure 4.9
Figure 4.10
Figure 4.11
Figure 4.12
Figure 4.13
Figure 4.14
Figure 4.15
Figure 4.16
Figure 4.17

Figure 4.18
Figure 4.19
Figure 4.20
Figure 4.21
Figure 4.22
Figure 5.1
Figure 5.2
Figure 5.3
Figure 6.1
Figure 6.2
Figure 6.3
Figure 6.4
Figure 6.5
Figure 6.6
Figure 6.7

Multiple Social Network Integration Framework (MSN
Framework)

Facebook page interactions with followers
Facebook Permissions

Facebook’s public and private data
Knowledge Generation Model Steps
Semi-supervised Tagging Approach
Matching posts

Retrieving Like Social Interactions
Sample Likes and Comments

Retrieving Comments Social Interactions
Unique Users Extraction

Likes Interaction Matrix Generation
Comments Rating Matrix Generation
Final Interaction Matrix Generation
Social Interaction Transformation Steps

Baseline and Existing Frameworks

Proposed Framework: Multiple Social Network Integration

Framework

Execution of MSN Framework

Tools Components

Scatter Plot of Ideal and Worst Scenarios

Scatter Plot Between A-IMDB and B-FDG Datasets
Scatter Plot of C-MC and D-ROT Datasets
Experimental Setup

Comparison between Existing and Proposed Techniques
Reason of Improvement

Neighbour Identification Using Source Domain
Operations of Facebook-KNN Algorithm

Explaining Limitations in Facebook-KNN Algorithm
Explaining Limitations in Facebook-CoLike Algorithm
Similarity Computation using Multiple Domain
Experimental Setup

Accuracy Comparison for Sparsity 95

xvii

101
104
105
106
108
111
113
114
116
115
117
118
118
119
120
124

125
127
129
133
134
134
147
153
156
161
163
163
164
166
169
171



Figure 6.8
Figure 6.9
Figure 6.10
Figure 6.11
Figure 6.12
Figure 6.13
Figure 6.14
Figure 7.1
Figure 7.2
Figure 7.3

Figure 7.4

MAE for Sparsity 95

Accuracy Comparison for Sparsity 90

MAE for Sparsity 90

Accuracy Comparison for Sparsity 85

MAE for Sparsity 85

Relative MAE Comparison between Algorithms
Accuracy Comparison with respect to Number of Domain
Diversity gain for TAWP + MSN-KNN combination
Diversity gain for EWP + MSN-KNN combination

Comparison of Diversity Vs. Precision of Compared
Techniques

Comparison of Diversity gain for Proposed Vs. Existing
Combinations

xviii

171
172
173
174
174
177
178
184
184

185

186



AWS
CDRS
CGl1
CG2
CG3
CSv
Df

Ds

Dt
FDG
GOR
IDE
IId
IMDB
Is

It

JRE
KNN
MAE
MAP
MC
MSN
MSN-EWP

MSNIF
MSN-KNN

MSN-LAWP

LIST OF ABBREVIATIONS

Application Programing Interface
Amazon Web Services

Cross Domain Recommender Systems
Classification Group 1
Classification Group 2
Classification Group 3

Comma Separated Values

Degree of freedom

Source Domain

Target Domain

Facebook Fandango Page Dataset
Group Oriented Recommendation
Integrated Development Environment
Item Identifier

Facebook IMDB Page Dataset
Items of the source domain

Items of the target domain

Java Runtime Environment

K Nearest Neighbors

Mean Absolute Error

Mean Average Precision
MovieClips

Multiple Social Network

Multiple Social Network integration with Equal Weights

Participation

Multiple Social Network Integration Framework

Multiple Social Network integration for K Nearest

Neighbor

Multiple Social Network integration with Local Adjusted

XiX



MSP-TAWP

Rec Sys
ROT
RS

SLR
TH

Uld
UOR

Ut

Weights Participation

Multiple Social Network integration with Target Adjusted
Weights Participation

Recommender Systems
RottenTomatoes

Recommender Systems
Systematic Literature Review
Threshold

User Identifier

User Oriented Recommendation
Uniform Resource Locator
Users of the source domain

Users of the target domain

XX



LIST OF SYMBOLS

Ty - Mean rating for user a

Ty - Mean rating for user u

Lsprx - Items liked by a social network user

Ltraining - Items liked by the test users from the target domain
Py - Prediction generated for an item 1 for a user a
Postisnpage] - Post published on the social network
PostsListisppage) - List of all posts published on the social network
Si, - Sum of the number of user who liked an item

Sy, - Sum of the ratings given to an item

S; - Interaction based reputation score list

Sy - Items list ranked by the test users

Sy - Rating based reputation score list

Tp - Rank list based on Sp

Tactual - Items list ranked by the test users

Trinar - Generated ranked list of items

Trinar - Average of Si and Sr reputation lists

Taj - Rating provided for an item j by user a

Twj - Rating provided for an item j by user u

t; - Rank of the item

Wau - Similarity weight between two users

x? - Chi-square

|| - Number of items in the list of items

M| - Number of items in the list of users

IMz - Interaction matrix generated using like interactions
Mz - Final interaction matrix generated using /Mz and RMz
RMz - Rating matrix generated using comment interactions
Uz - Set of unique users extracted from Lz and Cz

xx1



Cz

Lz
PLz

SMx
SnPage

mlList

List of all users who have commented on any of the
matched post

List of all users who have liked any of the matched post

List containing posts that are match with the target
movies

Source matrix (mapped)

Social Network

Number of movies in the target domain

xxii



LIST OF APPENDICES

APPENDIX TITLE PAGE

A Friedman Statistical Analysis 219
B Data Structure 221

xxiii



CHAPTER 1

INTRODUCTION

1.1 Overview

This chapter starts by explaining conventional Recommender Systems (RS)
and how Cross Domain Recommender Systems (CDRS) approach assist in the
conventional recommendation for improving cold start, sparsity and diversity
problem. Next, the existing social network integration framework for cross-domain
recommendation is explained in detail for addressing identified problems, followed
by issues faced by the existing framework. The research hypothesis is formulated in
the problem statement section, which leads to research questions and objectives.
After delineating the aim of the research, the scope of the research is outlined, which

brings the chapter to an end by presenting thesis organizations.

1.2  Recommender System

A recommender system is a special software that recommends items to a user
based on the user’s history. A recommender system comprises users, items and a
rating matrix. Rating matrix stores the interactions between users and items. A
recommender system can be explained using a generic framework known as “Duine
Framework™, represented in Figure 1.1(a) (Beel et al.,, 2016; De Pessemier et al,,
2015; Dooms et al., 2015; Guo et al., 2015; Jaschke et al., 2009; Monteserin, 2016;
Villavicencio et al., 2016a,b,c). According to the framework, a recommender system
is able to accept user feedback and process it using three components illustrated in

Figure 1.1(a).



The first component is a feedback processor, the main task of which is to
accept user feedback and convert it into information that can be used for generating
user profiles. User feedback can be explicit or implicit as shown in Figure 1.1(b),
where Figure 1.1(b) represents a rating matrix, which is an essential part of a
recommender system. The second component of the framework is user profile, an
abstract concept that represents everything that is known about a user. In its most
basic form, a user profile is maintained using a rating matrix where each row of the
matrix represents items rated or interacted by a user, as shown in Figure 1.1(b).
Together, user, item and rating matrix create an eco-system known as the domain.
Finally, third component of a recommender system is a prediction technique that
takes two inputs, a rateable item (test item) and the set of user profiles. Prediction

technique calculates user’s interest towards the rateable item based on provided

history.
Feedback Items
: nnnnnnn
Feedback i, - .
processor Rateable Item Prediction Explicit ratings
technique g Q | | (Numeric ratings)
M
User Profile _ - m m Imp_lncn ratings
(ratings)™ Evaluation (like, share,
o download, click etc.) [DJ
(a) Duine Framework (b) Rating matrix

Figure 11 (@) Duine Framework (b) Rating Matrix

1.3 Cross Domain Recommender Systems (CDRS)

The majority of recommender systems provide recommendations for a single
domain, for example, YouTube recommends videos to its users. Such recommender
systems have been deployed by numerous websites and their functionality is not
perceived as a limitation, rather realized as their focus on the specific market (lvan
Cantador, 2015).



Although single domain recommender systems are market specific,
sometimes they are found to possess less data related to users and items as compared
to their competitors. One way is to assist such recommender systems by transferring
knowledge from similar domain hence laying the foundation of cross domain
recommender systems. Therefore, identified generic framework in Figure 1.1 is

updated to accommodate CDRS concept illustrated in Figure 1.2.

Figure 1.2 Generic Cross Domain Recommendation Framework

CDRS is defined as a combination of methods, techniques and approaches
related to transferring knowledge from a source domain to target domain for
recommendation improvement (lvan Cantador, 2015). Usually, source domain is
considered to have more ratings as compared to the target domain. Both source and
target domain have their own users, items and rating matrix. Cross domain
recommender systems transfer knowledge based on three attributes, which are

domain, user-item overlap and recommendation tasks described as follows. Although



domain is defined under multiple contexts, this thesis relies on system domain

definition as follows:

System Domain: A rating matrix (Figure 1.1(b)) is considered as a domain,
which is generated by a specific recommender system, for example, MovieLens
rating matrix is generated by GroupLens recommender systems, NETFLIX generates
its independent rating matrix (Ivan Cantador, 2015; Li, 2011). Both rating matrices
belong to distinct system, hence, are different system domain. A common assumption

about distinct system domain is that their users do not overlap.

Recommendation Scenarios: Some relation needs to exist between users
and items of participating domains in order to assist transfer learning between
domains. Usually, this relation is formed when users and items are found common in
both domains. This relation overlap is highlighted by (Cremonesi et al., 2011a). They
identified four scenarios, which are no user - no item overlap, user - no item overlap,
no user - item overlap and user - item overlap. However, in this research, items are

common between the participating domains.

Recommendation Task: Recommendation task is associated with
identification of the test user for which recommendation is generated. In the context
of this thesis, test user exists in the target domain, hence, cross domain
recommendation task attempts to improve recommendation for target domain users
using knowledge of both source and target domain (Cremonesi et al., 2011a; Ivan

Cantador, 2015).

1.4 Recommender Systems Problems

The Recommender System (RS) consists of two basic entities: users and
items, where users provide their opinions (ratings) about items. Users are denoted by

U= {uy, uy, ..., up } , where the number of users using the system is /U/ = M . Ttems



are denoted by I = {ij, i, ..., iy }, and the number of items are represented using /I/ =

N. A user is represented by a unique User Identifier (Uld), whereas the item is

represented by an Item Identifier (IId). Recommender systems store the history of the

user’s interactions in rating matrix, hence, based on the available data,

recommendation techniques attempt to answer following questions:

ii.

How to accurately rank items for a mew user, when no ratings are
previously provided by the respective user?

This question is associated with cold start problem. Cold Start problem is
the unavailability of data for new users, and is linked with the limitation of
recommender system to rank items for new users (Cantador and Castells,
2012a; Ivan Cantador, 2015; Purushotham and Kuo, 2016). The existing
method of solving this problem is to recommend items based on group
behavior of the other users, known as “Group-oriented recommendation”
(Cantador and Castells, 2012a; Ivan Cantador, 2015; Purushotham and Kuo,
2016), and if no other user is present then items are ranked randomly (Park
and Chu, 2009a). Group-oriented recommendation works by ranking items
based on ratings made available by the other users. In the scope of a
conventional framework, these users (and training data) come from single
domain only, whereas in the scope of cross domain recommendation
framework, these users come from both source and target domain.

How to accurately rate items for an existing user, when some items have
already been rated by the respective user?

This question is associated with the sparsity problem. Sparsity problem
refers to a situation in which feedback data is sparse (very few ratings) and
insufficient to identify similarities between users having few rating (Ivan
Cantador, 2015). The existing method of solving this problem is by
identifying similar users having relatively more ratings and the process of
identifying similar users is known as collaborative filtering and fall under
“user-oriented recommendation” techniques (Cantador and Castells,
2012a; Ivan Cantador, 2015; Lian et al., 2018). User-oriented
recommendation techniques rely on the identification of similar users for

enriching recommendation accuracy. Similar users come from the single
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1.5

domain only in the case of a conventional framework, whereas in the case of
cross domain recommendation framework, similar users are identified based
on data of both source and target domains.

How to diversely recommend items for an existing user, when some
ratings have been previously provided by the respective user?

Diversity problem is associated with recommending less popular items
having good ratings. In order to do so, current methodology is to inversely
rank items based on a group-oriented recommendation (in order to identify
less popular item), generate their ratings based on user-oriented techniques
(in order to identify personalized ratings of the item) and recommend Top N
items to users having highest relative ratings (Adomavicius and Kwon, 2012),
which helps in recommendation diversification. Conventional and cross-
domain user and group-oriented techniques are utilized for recommendation
diversification, where cross-domain recommendation diversity outperforms

conventional recommendation diversity.

Cross Domain Recommendation Using Social Network Integration

This section first explains the concepts related to social network integration,

followed by a description of the existing social network integration framework.

Finally, the limitations of the social network integration framework are presented.

1.5.1 Related Concepts

Social Network is defined as Community consisting of users with a shared

relationship or interest (Borgatti and Halgin, 2011; Chua et al., 2011; Stanley and

Robins, 2005). Social network such as Facebook construct communities based on

relationships such as friends and families. On the other hand, LinkedIn utilizes the

professional connections to build the community. Twitter also allows its users to be a



part of a community by following other or having followers. One thing common
between all these platforms is that they allow their users to create a neutral
community, a community based on interest. Such communities are represented as

“Facebook Pages”, ”LinkedIn Pages” and “Twitter Handle” (Chua et al., 2011).

Social Interactions are interactions available on the social networks.
Interaction means the act of affecting others, hence in the context of the social
network, social interactions are identified as a set of node’s actions that affect another
node (Song et al., 2011). In context of this thesis and collected primary studies,
social interaction is referred to as a binary interaction “like” or a textual interaction

“comment” between nodes (Fernandez, 2013; Li et al., 2013a).

Social Network Integration for recommendation is associated with
utilization of content available on the social network (social interactions such as
“likes” and “comments”) for the recommendation improvement in target domain
(Cantador and Castells, 2012a; Rosli et al.,, 2014; Shapira et al., 2013a). Social
network integration for recommendation is associated with utilization of content
available on the social network (social interactions such as “likes” and “comments”)
for the recommendation improvement in target domain (Cantador and Castells,

2012a; Rosli et al., 2014; Shapira et al., 2013a).

1.5.2 Social Network Integration Framework

Social network integration framework was found as an emerging area of
research based on the conducted systematic literature review. Multiple studies utilize
the social network content for improving recommendation in the target domain. Bedi
et al., (2015); Quijano-Sanchez et al., (2011, 2014) use social network based
popularity ranking approach for generating cold start recommendation for the target
domain. Bedi et al., (2015); Diaz-Agudo et al, (2018); Rosli et al., (2014); Shapira et
al., (2013a); Vinayak et al., (2016), on the other hand, utilize social network



collaborative filtering approaches for improving recommendation accuracy for the
sparse target domain. Adomavicius and Kwon (2012); Shapira et al.,, (2013a)
illustrated the benefits of recommendation diversity based on popularity ranking and

collaborative filtering approaches, and compared conventional, existing approaches.

Figure 1.3 represents the framework of mentioned studies. The framework
consists of a knowledge generation model, knowledge linkage model, and
recommendation techniques. Knowledge generation model collects data from users
and generates rating matrices (user profiles). Because there are two feedback sources,
two matrices are generated. Target feedback is numeric ratings, whereas source
feedback is social network interactions. Hence, the target rating matrix contains
numeric ratings, whereas source interaction matrix contain user interactions. User
interaction is binary in nature. Knowledge linkage model links the two generated
matrices which are then passed to recommendation techniques. Recommendation
techniques rely on both domain for addressing recommendation problems. A
recommendation technique is proposed for each problem, that is, cold start, sparsity,

and diversity.

All of the shortlisted studies implemented the designed framework using a
Facebook application. Facebook application is designed using the Facebook
Application Programming Interface (API) and is hosted on a secure web server (Bedi
et al,, 2015; Diaz-Agudo et al., 2018; Rosli et al., 2014; Shapira et al., 2013a;
Vinayak et al., 2016). The hosted application consists of four parts; the first part is a
recommender system that takes input rating from Facebook users against presented
items; the second part searches Facebook user’s profile for the item that was liked or
commented by a user; the third part is responsible for recommending items to the
user, whereas the fourth part compares recommendation performance. Existing
techniques generated recommendation using both domains, whereas conventional
techniques only require a rating matrix for recommendation generation. Generated
recommendation are evaluated for cold start, sparsity and diversity problems.
Summary of comparison conducted by existing techniques is summarized in Table

1.1.



Figure 1.3 Social Network Integration Framework



Table 1.1

Framework

Framework Problems User Type Techniques
Group oriented
Cold Start New recommendation
. techniques
Conventional ]
: _— . User oriented
(baseline) . Existing (with few .
. Sparsity . recommendation
(Figure 1.1) ratings) .
techniques
. . Existing (with few
Diversity . Both
ratings)
Group oriented
Cold Start New recommendation

Social network techniques

integration L . User oriented
L. . Existing (with few .
(Existing) Sparsity . recommendation
. ratings) .
(Figure 1,3) techniques
. . Existing (with fcwr
Diversity Both

ratings)

Summary of Comparison between Conventional

and Existing

Depends On
Single domain (target
dataset) / Random
function

Single domain (target
dataset)

Single domain (target
dataset)

Both domain (Single
target / single source)
Both domain (Single

target / single source)

Both domain (Single
target / single source)

Table 1.1 presents a summary of the problems addressed by conventional and
existing social network recommendation framework. The comparison is based on the
involvement of users from the participating domain(s) of the respective frameworks.
The conventional framework relies on a single domain (rating matrix) for training the
prediction techniques, whereas social network integration framework relies on the
source (social network) and the target domain (rating matrix) for improving
recommendation in the target domain. Finally, based on the techniques, proposed

cold start and sparsity recommendation are used for diversity computation.

1.5.3 Issues Related to Social Networking Integration Framework

The main limitation of existing work is the use of single social network for
improving recommendation in target domain (Rosli et al.,, 2014; Shapira et al.,
2013a). This limitation is rooted in the method they used for data retrieval and the

proposed techniques. All of the existing studies designed a recommender system
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application for collecting data related to items (target domain) and host it on a server.
The same application is used for collecting user’s data available from their personal
wall. In order to link the two domains, they used Facebook authentication for
recommender system application, enabling the Facebook user to rate items in the
target domain and request personal data access from the same user to collect their
personal wall data (as source preferences). Although Facebook application links the
two domain, it also limits them to a single source (user preference from a single
social network), with the compulsion of the same user participation from both

domains.

The second limitation pointed out by existing approach (Shapira et al., 2013a)
is the size of data generated for evaluation purposes. Shapira et al. (2013a) conducted
an experiment and collected data from 95 participants, who rated 170 movies.
Shapira et al. (2013a) connected participation of fewer users with the “personal data
access from social network™, as it acted as resistance, such that users hesitated to
share their personal data. This hesitation is based on a fear that Facebook application
can collect a variety of personal data which can be out of research scope, hence,
Facebook applications can be exploited to extract users personal information and use
for ill purpose as done by researchers of Cambridge Analytica (Isaak and Hanna,

2018).

The third limitation is related to the type of data that is not used for
recommendation improvement, such as users comment on different posts. Comments
can be analyzed to extract the sentiment related to an item. In response, this research
attempts to analyze the effect of integrating multiple social networks for the cross-

domain recommendation.

The first direction of improvement is to propose a framework that integrates
content from multiple social networks for the cross-domain recommendation. This
requires upgrading existing cross-domain recommendation model, that is, knowledge
extraction and knowledge linkage. Knowledge extraction has to be generalized so

that it can extract knowledge from multiple social networks without user’s

11



permission, that is, accessing public data related to a user. As multiple social
networks do not guarantee the same user participation in all domain, knowledge
linkage model needs to be extended. Similarity technique has to be applied between

participating users in order to link the users of the participating domains.

Once knowledge is generated and linked between the multiple sources and
target domain, second direction for improvement is to extend existing techniques to
be compatible with multiple domains. Currently, cold start, sparsity and diversity
techniques rely on one source and one target domain, and hypothesizes that data
from multiple social networks can enable techniques to make a better
recommendation than existing single social network based techniques. Hence, based
on identified problems and improvement directions, next section proposes the

research hypothesis and formulates research questions.

1.6 Problem Statement

Recommender systems face a variety of problems such as cold start and
diversity, which are addressed by a number of conventional recommendation
techniques. Conventional recommendation techniques rely on a single domain for the
recommendation, which is considered as research gap by the existing studies. In
response, existing studies attempt to fill this gap by integrating knowledge from a
single social network. Social network integration framework enables
recommendation techniques to utilize an additional source for improving
recommendation in the target domain. However, they are limited to the use of one
source only. This is identified as the research gap in existing studies, hence problem

statement for this research is formulated as follows:

“How can multiple social networks be integrated for recommendation across
the system domain and is the integration of multiple social networks more effective

than single social network integration? ”

12



The problem statement is used to create two research hypothesis which are

discussed in Section 3.6 of Chapter 3. The first hypothesis is related to the validation

of data created for each participating social network, whereas the second hypothesis

is related to the validation of techniques compared for solving cold start, sparsity,

and diversity problem.

1.7

Research Questions

This study aims to overcome the aforementioned issues by exploiting social

interactions available on different social networks (Facebook pages) in order to

generate recommendation outside Facebook. Research questions are written as

follows:

ii.

iii.

iv.

1.8

How can the multiple social networks be integrated for recommendation
across system domain?

How can existing cold start recommendation technique be enhanced to make
it compatible with multiple social network integration?

How can existing sparse recommendation technique be enhanced to make it
compatible with multiple social network integration?

How can recommendation based on proposed cold start and sparse

recommendation techniques be diversified?

Aim of Research

The aim of this research is to propose a multiple social network integration

framework comprised of two models and three techniques. Models are responsible

for data generation and linkage, whereas techniques are responsible for improving

identified recommendation problems.

13



1.9

Objective of Research

Based on the identified research question, objectives of the research are

explained as follows:

ii.

iii.

iv.

1.10

ii.

To propose a multiple social network integration framework for improving
cold start and sparse recommendation accuracy and recommendation
diversity across system domain.

To enhance the existing popularity ranking technique and make it compatible
with multiple social network integration for improving cold start
recommendation.

To enhance the existing collaborative filtering technique and make it
compatible with multiple social network integration for improving sparse
recommendation.

To design and develop threshold based diversity technique depending on
enhanced popularity ranking and collaborative filtering technique for

improving recommendation diversity.

Scope of Research

The study is limited to the following aspects:

Facebook public social interactions are hosted at variety of Facebook pages
(social network), however, not all pages can be used for item
recommendation. For this research, we focus only on those pages that are
verified and discuss multiple items (movies) in their page posts. As a result,
four Facebook pages were identified, which are further discussed in Chapter
4,

Social interactions available on Facebook’s public pages contain implicit

interactions such as like, comment and share. However, Facebook does not

14



iii.

iv.

1.11

allow access to retrieve “share” data, hence, social interaction used for
integration are likes and comments only.

Movielens, the industry standard dataset, is used as the target domain hence
items (movies) are common between multiple sources (Facebook pages) and
the target domain.

Time complexity for the proposed and existing techniques is not in the scope
of this thesis.

Compared studies utilized popularity and random ranking as group oriented
recommendation techniques for addressing the cold start recommendation
problem, whereas for the sparsity problem, social collaborative filtering
technique is used as a user-oriented recommendation technique. Hence,
identified techniques are enhanced for multiple social network integration

framework and are compared with identified techniques.

Significance of Research

The research is important from theoretical and practical perspectives. The

significance of research is as follows:

ii.

iil.

iv.

Systematic literature review related to cross-domain recommender systems
research is conducted, which helped in the classification of existing CDRS
research with respect to highlighted definition, identification of existing
algorithms, related evaluation methods, existing problems, and future
directions.

This research also presents multiple social network integration framework for
the cross-domain recommendation.

This research enhances the existing cold start and sparsity techniques by
making them compatible with multiple social networks. Proposed cold start
and sparsity techniques also improve recommendation diversity.

This research provides a social network knowledge extraction tool built on

open source technologies.
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1.12  Thesis Organization

Chapter 1, “Introduction”, introduces cross domain recommender systems
research and highlight limitations of existing social network integration framework.
Problem background results in the identification of problem statement which leads to
research questions. Research questions further helped in the creation of research
objectives. Near the end of the chapter, aim and significance of the research are

delineated and finally, the summary is presented.

Chapter 2, “Literature review”, helps in the identification of problem
background and statement. This chapter starts with explanation of the cross-domain
recommender systems and its building blocks. Systematic literature review helped in
identification of main issues associated with CDRS research. SLR findings also
helped in scope identification of the main research i.e. social network integration for
the cross-domain recommendation. Problems addressed by the selected framework
were discussed and techniques used to solve respective problems were analyzed.

Finally, existing literature identifying improvement directions was discussed.

Chapter 3, “Research methodology”, outlines research methodology used to
plan and solve the proposed problem. After describing the common terminologies,
the research framework is presented in connection with the operational framework.
Operational framework outline research phases. This study has four research phases,
which are constructed based on the proposed objectives in Chapter 1. Chapter 3
presents the methodology used to achieve the objective which resulted in the creation
of separate chapters for each objective. At the end of chapter 3, the connection

between the research question, objectives and following chapters is presented.

Chapter 4, “Multiple social network integration framework”, visually
presents the proposed framework. This chapter explains in detail the knowledge
generation and linkage model and how enhanced techniques will take generated input
for generating the recommendation. This chapter also introduces the tool used for

generating data from the social network. While explaining each model, a sample of

16



the generated data is also discussed, which at the end of the chapter is compared with

the target domain in order to identify the similarity between the participating domain.

Chapter 5, “Multiple social networks based popularity ranking algorithm for
cold start recommendation”, proposed three variations of popularity ranking
algorithm based on multiple social networks. Proposed popularity ranking algorithms
were compared with existing and baseline popularity ranking algorithms. Results are

discussed at the end of the chapter.

Chapter 6, “Multiple social network popularity based neighbor selection
algorithm for sparse recommendation”, first explains baseline and existing social
network based collaborative filtering technique, followed by proposed multiple social
networks based collaborative filtering technique. In the end, technical analysis is

presented based on the generated results.

Chapter 7, “Multiple social networks based diverse recommendation”,
generates recommendation diversity using baseline, existing and proposed cold start
and sparse recommendation techniques proposed in Chapter 5 and Chapter 6. Finally,

generated results show performance comparison.

Chapter 8, “Conclusion and future work”, discusses in detail how each
objective was achieved and what contributions were made during the process. Next,

the conclusion was presented and finally, future work is highlighted.

17



REFERENCES

Abdollahi, B. and Nasraoui, 0. (2014). A cross-modal warm-up solution for
the cold-start problem in collaborative filtering recommender systems.
In Proceedings of the 2014 ACM Conference on Web Science. ACM,
257-258.

Abel, F., Herder, E., Houben, G.-J., Henze, N. and Krause, D. (2013). Cross-
system user modeling and personalization on the social web. User
Modeling and User-Adapted Interaction. 23(2-3), 169-2009.

Adomavicius, G. and Kwon, Y. (2012). Improving aggregate recommendation
diversity using ranking-based techniques. [EEE Transactions on
Knowledge and Data Engineering. 24(5), 896-911.

Aizenberg, N., Koren, Y. and Somekh, 0. (2012). Build your own music
recommender by modeling internet radio streams. In Proceedings of the
21" International Conference on World Wide Web. ACM, 1-10.

Amato, F., Moscato, V., Picariello, A. and Piccialli, F. (2017). SOS: A
multimedia recommender System for Online Social networks. Future
generation computer systems. Future Generation Computer Systems. 93,
914-923.

Azak, M. (2016). CrosSing. A framework to develop knowledge-based
recommenders in cross domains. Ph.D. Thesis. MSc thesis, Middle East
Technical University.

Bedi, P., Sharma, C., Vashisth, P., Goel, D. and Dhanda, M. (2015).
Handling cold start problem in Recommender Systems by using
Interaction Based Social Proximity factor. In Proceedings of the 2075
International Conference on Advances in Computing, Communications
and Informatics (ICACCI). 1EEE, 1987-1993.

Beel, J., Gipp, B., Langer, S. and Breitinger, C. (2016). paper recommender
systems: a literature survey. International Journal on Digital Libraries.

17(4), 305-338.

197



Berkovsky, S., Kuflik, T. and Ricci, F. (2007a). Cross-domain mediation in
collaborative filtering. In Proceedings of the International Conference on
User Modeling. Springer. 355-359.

Berkovsky, S., Kuflik, T. and Ricci, F. (2007b). Cross-domain mediation in
collaborative filtering. In Proceedings of the International Conference on
User Modeling. Springer, 355-359.

Berkovsky, S., Kuflik, T. and Ricci, F. (2008). Mediation of user models for
enhanced personalization in recommender systems. User Modeling and
User-Adapted Interaction. 18(3), 245-286.

Bhat, A. (2016). Empirical Research: Definition, Methods, Types and
Examples. Retrievable at https://www.questionpro.com/blog/empirical-
research/.

Biadsy, N., Rokach, L. and Shmilovici, A. (2013). Transfer Learning for
Content-Based Recommender Systems Using Tree Matching. In
Proceedings of the International Conference on Availability, Reliability, and
Security. Springer. 387-399.

Boell, S. K. and Cecez-Kecmanovic, D. (2015). Debating systematic literature
reviews (SLR) and their ramifications for IS: a rejoinder to Mike
Chiasson, Briony Oates, Ulrike Schultze, and Richard Watson. Journal
of Information Technology. 30(2), 188-193.

Borgatti, S. P. and Halgin, D. S. (2011). On network theory. Organization
science. 22(5), 1168-1181.

Brereton, P., Kitchenham, B. A., Budgen, D., Turner, M. and Khalil, M.
(2007). Lessons from applying the systematic literature review process
within the software engineering domain. Journal of systems and
software. 80(4), 571-583.

Campbell, D. T. and Stanley, J. C. (2015). Experimental and quasi-
experimental designs for research. Ravenio Books.

Cantador, I and Castells, P. (2012a). Group recommender systems: new
perspectives in the social web. Recommender systems for the social web.
Springer. 139-157.

Cantador, 1. and Castells, P. (2012b). Group recommender systems: new
perspectives in the social web. Recommender systems for the social web.

Springer. 139-157.

198


https://www.questionpro.com/blog/empirical-

Cantador, 1. and Castells, P. (2012c). Group recommender systems: new
perspectives in the social web. Recommender systems for the social web.
Springer. 139-157.

Cantador, I. and Cremonesi, P. (2014). Tutorial on cross-domain recommender
systems. In Proceedings of the 8" ACM Conference on Recommender
Systems. ACM, 401-402

Cao, L, Liu, X-M., Liu, W., Ji, R. and Huang, T. (2015). Localizing web
videos using social images. Information Sciences. 302, 122-131.

Catanese, S. A., De Meo, P, Ferrara, E., Fiumara, G. and Provetti, A. (2011).
Crawling facebook for social network analysis purposes. In Proceedings
of the International Conference on Web Intelligence, Mining and
Semantics. ACM, 52.

Chen, W., Hsu, W. and Lee, M. L. (2013). Making recommendations from
multiple domains. In Proceedings of the 19" ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining.
ACM, 892-900.

Chua, V., Madej, J. and Wellman, B. (2011). Personal communities: the
world according to me. The SAGE handbook of social network analysis,
101-115.

Chung, R., Sundaram, D. and Srinivasan, A. (2007). Integrated personal
recommender systems. In Proceedings of the 9" International Conference
on Electronic Commerce. ACM, 65-74.

Cocchia, A. (2014). Smart and digital city: A systematic literature review.
Smart City. Springer. 13-43.

Cohen, S., Domshlak, C. and Zwerdling, N. (2008). On ranking techniques for
desktop search. ACM Transactions on Information Systems (TOIS).
26(2), 11-35.

Cremonesi, P. and Quadrana, M. (2014). Cross-domain recommendations
without overlapping data: myth or reality? In Proceedings of the 8"
ACM Conference on Recommender Systems. ACM, 297-300.

Cremonesi, P., Tripodi, A. and Turrin, R. (2011a,b). Cross-domain
recommender systems. In Proceedings of the /1™ International Conference

on Data Mining Workshops (ICDMW) . IEEE, 496-503.

199



David, E , Zhitomirsky-Geffet, M., Koppel, M. and Uzan, H. (2016). Utilizing
Facebook pages of the political parties to automatically predict the
political orientation of Facebook users. Online Information Review.
40(5), 610-623.

de Campos, L. M. Fernandez-Luna, J. M., Gomez, M. and Huete, J. F.
(2005). A decision-based approach for recommending in hierarchical
domains. In Proceedings of the Furopean Conference on Symbolic and
Quantitative Approaches to Reasoning and Uncertainty. Springer. 123-135.

De Pessemier, T., Vanhecke, K. and Martens, L. (2015). A Personalized and
Context-Aware News Offer for Mobile Devices. In Proceedings of the
11™ International Conference on Web Information Systems and Technologies.
Springer, 147-168.

Demgar, J. (2006). Statistical comparisons of classifiers over multiple data
sets. Journal of Machine learning research. 7(Jan), 1-30.

Desrosiers, C. and Karypis, G. (2011). A comprehensive survey of
neighborhood-based recommendation methods. Recommender systems
handbook. Springer. 107-144.

Diaz-Agudo, B., Jimenez-Diaz, G. and Recio-Garcia, J. A. (2018). SocialFan:
Integrating Social Networks Into Recommender Systems. In Proceedings
of the 30" International Conference on Tools with Artificial Intelligence
(ICTAI). IEEE, 171-176.

Ding, S., Xia, C, Wang, C., Wu, D. and Zhang, Y. (2017). Multi-objective
optimization based ranking prediction for cloud service recommendation.
Decision Support Systems. 101,106-114.

Dong, Z. and Zhao, Q. (2012). Experimental analysis on cross domain
preferences association and rating prediction. In Proceedings of the I”
International Workshop on Cross Domain Knowledge Discovery in Web
and Social Network Mining. ACM, 26-31.

Dooms, S., De Pessemier, T. and Martens, L. (2013). Movietweetings: a
movie rating dataset collected from twitter. In Proceedings of the
Workshop on Crowdsourcing and Human Computation for Recommender

Systems, CrowdRec . RecSys . 43-45.

200



Dooms, S., De Pessemier, T. and Martens, L. (2014). Mining cross-domain
rating datasets from structured data on twitter. In Proceedings of the
23™ International Conference on World Wide Web. ACM, 621-624.

Dooms, S., De Pessemier, T. and Martens, L. (2015). Offline optimization for
user-specific hybrid recommender systems. Multimedia Tools and
Applications. T4(9), 3053-3076.

Elkahky, A. M., Song, Y. and He, X. (2015). A multi-view deep learning
approach for cross domain user modeling in recommendation systems.
In Proceedings of the 24" International Conference on World Wide
Web. ACM, 278-288.

Enrich, M., Braunhofer, M. and Ricci, F. (2013). Cold-start management with
cross-domain collaborative filtering and tags. E-Commerce and Web
Technologies. Springer. 101-112.

Fang, Z., Gao, S., Li, B.,, Li, J. and Liao, J. (2015). Cross-Domain
Recommendation via Tag Matrix Transfer.  In Proceedings of the
International Conference on Data Mining Workshop (ICDMW). 1EEE,
1235-1240.

Fernandez, C. (2013). Leveraging social trends to identify relevant content. US
Patent App. 14/022,146.

Fernandez-Tobias, 1., Braunhofer, M., Elahi, M., Ricci, F. and Cantador, I

2

(2015). Alleviating the new user problem in collaborative filtering by
exploiting personality information. User Modeling and User-Adapted
Interaction, 26(2-3), 221-255.

Fernandez-Tobias, I. and Cantador, I (2015). On the Use of Cross-Domain
User Preferences and Personality Traits in Collaborative Filtering. In
Proceedings of the [International Conference on  User  Modeling,
Adaptation, and Personalization. Springer, 343-349.

Fernandez-Tobias, 1., Cantador, I, Kaminskas, M. and Ricci, F. (2011). A

2 2

generic semantic-based framework for cross-domain recommendation. In
Proceedings of the 2™ International Workshop on Information
Heterogeneity and Fusion in Recommender Systems. ACM, 25-32.

Fernandez-Tobias, 1., Cantador, I, Kaminskas, M. and Ricci, F. (2012a,b).

2 2

Cross-domain recommender systems: A survey of the state of the art.

201



In Proceedings of the Spanish Conference on Information Retrieval. SN.
145-156.

Gao, S., Luo, H, Chen, D, Li, S., Gallinari, P. and Guo, J. (2013a,b). Cross-
domain recommendation via cluster-level latent factor model. In
Proceedings of the Joint European conference on machine learning and
knowledge discovery in databases. Springer. 161-176.

Gao, S., Luo, H.,, Chen, D, Li, S, Gallinari, R, Ma, Z. and Guo, J. (2013¢).
A Cross-domain Recommendation Model for Cyber-Physical Systems.
IEEFE Transactions on Emerging Topics in Computing 1, no. 2 (2013): 384-
393.

Gunawardana, A. and Shani, G. (2015). Evaluating recommender systems.
Recommender systems handbook. Springer. 265-308.

Guo, G, Zhang, J., Sun, Z. and Yorke-Smith, N. (2015). LibRec: A Java

2 2

Library for Recommender Systems. UMAP Workshops. Semantic Scholar.
19-27.

Guo, Q., Jagadish, H. V., Tung, A. K. H. and Zheng, Y. X. (2018). Finding
Diverse Neighbors in High Dimensional Space. In Proceedings of the 34"
International Conference on Data Engineering (ICDE). 1IEEE, 905-916.

Guo, Y. and Chen, X.  (2013a). Cross-domain Scientific Collaborations
prediction using citation. In Proceedings of the International Conference
on Advances in Social Networks Analysis and Mining (ASONAM) . IEEE
, 765-770.

Guo, Y. and Chen, X  (2013b). A Framework for Cross-domain
Recommendation in Folksonomies. Journal of Automation and Control
Engineering . Joace. 1(4). 326-331.

Guo, Y. and Chen, X (2014). Cross-Domain Scientific Collaborations
Prediction with Citation Information. In Proceedings of the 38"
International Computer Software and Applications Conference Workshops
(COMPSACW). IEEE, 229-233.

Gupta, A., Budania, H., Singh, P. and Singh, P. K. (2017). Facebook Based
Choice Filtering. In Proceedings of the 7"  International Advance
Computing Conference (IACC). IEEE, 875-879.

Hao, P. (2018). Cross-domain recommender system through tag-based models.

Ph.D. Thesis.

202



Harper, F. M. and Konstan, J. A. (2016). The movielens datasets: History and
context. ACM Transactions on Interactive Intelligent Systems (TIIS).
5(4), 19.

Hoxha, J., Mika, P. and Blanco, R. (2013). Learning Relevance of Web
Resources across Domains to make Recommendations. In Proceeding of
the 12" International Conference on Machine Learning and Applications
(ICMLA). 1EEE, 325-330.

Hu, L., Cao, J., Xu, G, Cao, L., Gu, Z. and Zhu, C. (2013a). Personalized
recommendation via cross-domain triadic factorization. In Proceedings of
the 22" international conference on World Wide Web. International
World Wide Web Conferences Steering Committee, 595-606.

Hu, L., Cao, J, Xu, G, Wang, J., Gu, Z. and Cao, L. (2013b). Cross-
domain collaborative filtering via bilinear multilevel analysis. In
Proceedings of the 23" International joint Conference on Artificial
Intelligence. AAAI Press, 2626-2632.

Huang, Y.-J., Xiang, E. W. and Pan, R. (2012). Constrained collective matrix
factorization. In Proceedings of the 6" ACM conference on
Recommender systems. ACM, 237-240.

Isaak, J. and Hanna, M. J. (2018). User Data Privacy: Facebook, Cambridge
Analytica, and Privacy Protection. Computer. 51(8), 56-59.

Ivan Cantador, S. B. P. C., Ignacio Fernandez-Tobias (2015). Recommender
Systems Evaluation. Recommender Systems Handbook (2nd edition).
Springer. vol. 1.257-286.

Iwata, T. and Takeuchi, K. (2015). Cross-domain recommendation without
shared users or items by sharing latent vector distributions. In
Proceedings of the 8" International Conference on Artificial Intelligence
and Statistics. JMRL. 379-387.

Jaschke, R., FEisterlehner, F., Hotho, A. and Stumme, G. (2009). Testing and
evaluating tag recommenders in a live system. In Proceedings of the 3™
ACM conference on Recommender systems. ACM, 369-372.

Jiang, M., Cui, P, Chen, X, Wang, F.,, Zhu, W. and Yang, S.(2015).
Social Recommendation with Cross-Domain Transferable Knowledge.
IEEFE Transactions on Knowledge And Data Engineering. 27(11), 3084-
3097.

203



Jiang, M., Cui, P., Wang, F., Yang, Q., Zhu, W. and Yang, S.(2012). Social
recommendation across multiple relational domains. In Proceedings of
the 21 ACM international conference on Information and knowledge
management. ACM, 1422-1431.

Jing, H., Liang, A-C., Lin, S.-D. and Tsao, Y. (2014). A transfer probabilistic
collective factorization model to handle sparse data in collaborative
filtering. In Proceedings of the International Conference on Data Mining
(ICDM). IEEE, 250-259.

Kaminskas, M. (2009). Matching information content with music. In
Proceedings of the 3/ ACM conference on Recommender systems. ACM,
405-408.

Khalili, A. and Auer, S. (2013). User interfaces for semantic authoring of
textual content: A systematic literature review. Journal of Web Semantics.
22 (2013): 1-18.

Khan, M. M., Ibrahim, R. and Ghani, I (2017a,b). Cross domain
recommender systems: a systematic literature review. ACM Computing
Surveys (CSUR). 50(3), 36.

Kille, B. (2013). Evaluation of Cross-Domain News Article Recommendations.
User Modeling, Adaptation, and Personalization. Springer. 363-366.
Kitchenham, B. (2004). Procedures for undertaking systematic reviews: Joint
technical report. Computer Science Department, Keele University

(TR/SE-0401) and National ICT Australia Ltd.(0400011T. 1).

Kitchenham, B., Brereton, 0. P., Budgen, D., Turner, M., Bailey, J. and
Linkman, S. (2009). Systematic literature reviews in software
engineering—a systematic literature review. [Information and sofiware
technology. 51(1), 7-15.

Kluver, D., Ekstrand, M. D. and Konstan, J. A. (2018). Rating-based
collaborative filtering: algorithms and evaluation. Social Information
Access. Springer. 344-390.

Koren, Y. (2008). Factorization meets the neighborhood: a multifaceted
collaborative filtering model. In Proceedings of the /4" ACM SIGKDD
international conference on Knowledge discovery and data mining.

ACM, 426-434.

204



Kothari, C. R. (2004). Research methodology: Methods and techniques. New
Age International.

Kouki, A. B. (2012). Recommender System Performance Evaluation and
Prediction: An Information Retrieval Perspective. Universidad Autonoma
de Madrid.

Kumar, A., Kapur, V., Saha, A., Gupta, R. K., Singh, A., Chaudhuryy, S. and
Agarwal, S. (2014a). Distributed Implementation of Latent Rating
Pattern Sharing Based Cross-domain Recommender System Approach. In
Proceedings of the International Congress on Big Data (BigData
Congress). 1IEEE, 482-489.

Kumar, A., Kumar, N., Hussain, M., Chaudhury, S. and Agarwal, S. (2014b).
Semantic clustering-based cross-domain recommendation. In Proceedings
of the Symposium on Computational Intelligence and Data Mining
(CIDM) . IEEE, 137-141.

Kunaver, M. and Pohl, T. (2017). Diversity in recommender systems—A
survey. Knowledge-Based Systems. 123, 154-162.

Lam, X. N, Vu, T, Le, T. D. and Duong, A. D. (2008). Addressing cold-
start problem in recommendation systems. In Proceedings of the 2™
international conference on Ubiquitous information management and
communication. ACM, 208-211.

Leksin, V. A. and Nikolenko, S. I (2013). Semi-supervised tag extraction in
a web recommender system. In Proceedings of the Infernational
Conference on Similarity Search and Applications. Springer, 206-212.

Li, B. (2011). Cross-domain collaborative filtering: A brief survey. In
Proceedings of the 2011 23 IEEE International Conference on Tools
with Artificial Intelligence (ICTAI) . 1IEEE, 1085-1086.

Li, B, Yang, Q. and Xue, X. (2009a,b). Can Movies and Books Collaborate?
Cross-Domain  Collaborative  Filtering  for  Sparsity  Reduction.
International Joint Conferences on Artificial Intelligence. Vol. 9. 2052-
2057.

Li, B, Zhu, X, Li, R and Zhang, C. (2015). Rating Knowledge Sharing in
Cross-Domain Collaborative Filtering. IEEE Transactions on Cybernetics.

45(5), 1054-1068.

205



Li, B, Zhu, X, Li, R, Zhang, C., Xue, X. and Wu, X (2011). Cross-domain
collaborative filtering over time. In Proceedings of the 22" international

joint conference on Artificial Intelligence. AAAI Press, 2293-2298.

Li, J, Ju, L, Green, B. and Backstrom, L. (2013a,b). Real-time trend
detection in a social network. U.S. Patent .No0.9,384,243.
Li, X, Hu, R, Zhu, Q. and Zhang, H. (2016). Recommendation algorithm

based on Bi-spectral clustering and rating-matrix transfer learning.
Journal of Computational and Theoretical Nanoscience. 13(3), 1971-1978.

Lian, D., Ge, Y., Zhang, F., Yuan, N. J., Xie, X., Zhou, T. and Rui, Y.
(2018). Scalable Content-Aware Collaborative Filtering for Location
Recommendation. /[EEE  Transactions on  Knowledge and Data
Engineering. 30(6), 1122-1135.

Liu, Y.-F, NTHU, C., Hsu, C.Y. and Wu, S.-H. (2015). Non-Linear Cross-
Domain Collaborative Filtering via Hyper-Structure Transfer. In
Proceedings of the 32" International Conference on Machine Learning
(ICML-15). JMLR. 1190-1198.

Loni, B., Shi, Y. Larson, M. and Hanjalic, A. (2014). Cross-domain

collaborative filtering  with  factorization = machines. Advances in

2 2

Information Retrieval. Springer. 656-661.

Lu, Z, Pan, W., Xiang, E. W., Yang, Q. Zhao, L. and Zhong, E. (2013a.b).
Selective transfer learning for cross domain recommendation. In
Proceedings of the International Conference on Data Mining. SIAM, 641-
649.

Mailk, M. N. and Yusof, S. M. (2013). Enquiry of Unique Human Values: A
Systematic Literature Review. Journal of Literature, Languages and
Linguistics. 1,40-70.

Maria da Conceicao, F. S. and Figueiredo, M. H. (2013). Immigrant Women's
Perspective on Prenatal and Postpartum Care: Systematic Review.
Journal of Immigrant and Minority Health. 17(1), 276-284.

Mariani, M. M., Mura, M. and Di Felice, M. (2018). The determinants of
Facebook social engagement for  national tourism organizations'
Facebook pages: A quantitative approach. Journal of Destination

Marketing & Management. 8,312-325.

206



Martin, A., Zarate, P. and Camillieri, G. (2017a,b). A Multi-Criteria
Recommender System Based on Users' Profile Management. Multiple
Criteria Decision Making. Springer. 83-98.

Miles, M. B. and Huberman, A. M. (1994). Early steps in analysis. Qualitative
data analysis: An expanded sourcebook. Sage. 50-88.

Mirbakhsh, N. and Ling, C. X. (2015). Improving Top-N Recommendation
for Cold-Start Users via Cross-Domain Information. ACM Transactions
on Knowledge Discovery from Data (TKDD). 9(4), 33-42.

Moe, H. H. and Aung, W. T.(2014a). Building Ontologies for Cross-domain
Recommendation on Facial Skin Problem and Related Cosmetics.
International Journal of Information Technology and Computer Science
(IJITCS). 6(6), 33-41.

Moe, H. H. and Aung, W. T.(2014b). Context Aware Cross-domain based
Recommendation. In Proceedings of the International Conference on
Advances in Engineering and Technology. IENG. 30-35

Monteserin, A.  (2016). PUMAS-GR: A  Negotiation-Based  Group
Recommendation System for Movies. In Proceedings of the Infernational
Conference on Practical Applications of Agents and Multi-Agent Systems.
Springer. 294-298.

Moreno, 0., Shapira, B., Rokach, L. and Shani, G. (2012a,b). Talmud: transfer
learning for multiple domains. In Proceedings of the 21" ACM international
conference on Information and knowledge management. ACM, 425-434.

Nakamura, T., Kiyomoto, S., Watanabe, R. and Miyake, Y. (2013). P3MCF:
Practical Privacy-Preserving Multi-domain Collaborative Filtering. In 2013
Proceedings of the 12" IEEE International Conference on Trust, Security
and Privacy in Computing and Communications (TrustCom). IEEE,
354-361.

Nakatsuji, M., Fujiwara, Y., Tanaka, A., Uchiyama, T. and Ishida, T. (2010).
Recommendations Over Domain Specific User Graphs. In Proceedings of
the 19" European Conference on Artificial Intelligence. ECAL 607-612.

Nehete, S. P. and Devane, S. R. (2018). Recommendation Systems: past,
present and future. In Preceedings of the 1™ International Conference on

Contemporary Computing (IC3). 1TEEE, 1-7.

207



Okkalioglu, B. D., Koc, M. and Polat, H. (2016). Reconstructing rated items
from perturbed data. Neurocomputing 207 (2016): 374-386.

Ozsoy, M. G, Polat, F. and Alhajj, R. (2016). Making recommendations by
integrating information from multiple social networks. Applied
Intelligence. 45(4), 1047-1065.

Pan, W., Liu, N. N., Xiang, E. W. and Yang, Q. (2011). Transfer learning to

2

predict missing ratings via heterogeneous user feedbacks. In Proceedings
of the 22" nternational Joint Conference on Artificial Intelligence. AAAI
Press., 2318-2323.

Pan, W., Liu, Z, Ming, Z., Zhong, H, Wang, X. and Xu, C. (2015a).

2

Compressed Knowledge Transfer via Factorization Machine for
Heterogeneous Collaborative Recommendation. Knowledge-Based Systems.
85 (2015): 234-244.

Pan, W. and Ming, Z. (2014). Interaction-Rich Transfer Learning for

2

Collaborative Filtering with Heterogeneous User Feedback. [Infelligent
Systems. 1IEEE. 29(6), 48-54.

Pan, W., Xia, S., Liu, Z, Peng, X. and Ming, Z. (2016). Mixed factorization

2

for collaborative recommendation with heterogeneous explicit feedbacks.
Information Sciences. 332,84-93.

Pan, W, Xiang, E. W., Liu, N. N. and Yang, Q. (2010). Transfer Learning in

2

Collaborative Filtering for Sparsity Reduction. In Proceedings of the 24"
AAAI conference on artificial intelligence. AAAI Press, 230-235.

Pan, W, Xiang, E. W. and Yang, Q. (2012). Transfer Learning in
Collaborative Filtering with Uncertain Ratings. In Proceedings of the 26"
AAAI Conference on Artificial Intelligence. AAAI Press. 662-668.

Pan, W. and Yang, Q. (2013). Transfer learning in heterogeneous collaborative

filtering domains. Artificial intelligence. 197,39-55.

Pan, W, Zhong, H.,, Xu, C. and Ming, Z. (2015b). Adaptive Bayesian

personalized ranking for heterogeneous implicit feedbacks. Knowledge-
Based Systems. 73,173-180.
Parimi, R. and Caragea, D. (2015). Cross-Domain Matrix Factorization for
Multiple Implicit-Feedback Domains. In Proceedings of the International
Workshop on Machine Learning, Optimization and Big Data. Springer, 80-

92.

208



Park, D. H, Kim, H. K., Choi, I. Y. and Kim, J. K. (2012). A literature
review and classification of recommender systems research. Expert
Systems with Applications. 39(11), 10059-10072.

Park, S.-T. and Chu, W. (2009a,b). Pairwise preference regression for cold-start
recommendation. In Proceedings of the 3 ACM conference on
Recommender systems. ACM, 21-28.

Parsons, A. (2013). Using social media to reach consumers: A content
analysis of official Facebook pages. Academy of Marketing Studies
Journal. 17(2). 27-36.

Parsons, A. L. (2011). Social media from a corporate perspective: A content
analysis of official Facebook pages. In Proceedings of the Allied
Academies International Conference. Academy of Marketing Studies. 11-
23.

Purushotham, S. and Kuo, C.-C. J. (2016). Personalized group recommender
systems for location-and event-based social networks. ACM Transactions
on Spatial Algorithms and Systems (TSAS). 2(4), 16.

Quijano-Sanchez, L., Recio-Garcia, J. A. and Diaz-Agudo, B. (2011).

Happymovie: A facebook application for recommending movies to
groups. In Proceedings of the 23 IEEE International Conference on
Tools with Artificial Intelligence (ICTAI). 1EEE, 239-244.

Quijano-Sanchez, L., Recio-Garcia, J. A. and Diaz-Agudo, B. (2014). An
architecture and functional description to integrate social behaviour
knowledge into group recommender systems. Applied intelligence. 40(4),
732-748.

Rafailidis, D. and Crestani, F. (2016). Top-N Recommendation via Joint
Cross-Domain User Clustering and Similarity Learning. In Proceedings of
the Joint European Conference on Machine Learning and Knowledge
Discovery in Databases. Springer, 426-441.

Razavi, A. M. and Ahmad, R. (2014). Agile development in large and
distributed environments: A systematic literature  review  on
organizational, managerial and cultural aspects. In Proceedings of the 8"
Malaysian Software Engineering Conference (MySEC). IEEE, 216-221.

Ren, S., Gao, S., Liao, J. and Guo, J. (2015). Improving Cross-Domain

2

Recommendation through Probabilistic Cluster-Level Latent Factor

209



Model. In Proceedings of the 29" AAAI  Conference on  Artificial
Intelligence. AAAI Press. 4200-4201

Ricci, F., Rokach, L. and Shapira, B. (2011). Cross domain Recommender
Systems. Introduction to recommender systems handbook. Springer. 351-
379.

Ricci, F., Rokach, L. and Shapira, B. (2015). Recommender systems:

introduction and challenges. Recommender systems handbook. Springer.
103-134.

root nodes, F. (2015). Graph API Reference - Root nodes. Retrievable at
https://developers.facebook.com/docs/graph-api/reference.

Rosli, A. N., You, T., Ha, I, Chung, K.Y. and Jo, G.-S. (2014). Alleviating
the cold-start problem by incorporating movies facebook pages. Cluster
Computing. 18(1), 187-197.

Rosli, A. N, You, T., Ha, I, Chung, K.Y. and Jo, G.-S. (2015). Alleviating
the cold-start problem by incorporating movies facebook pages and
groups. Cluster Computing. 18(1), 187-197.

Roy, S. D., Mei, T., Zeng, W. and Li, S. (2012a). Empowering cross-domain
internet media with real-time topic learning from social streams. In
Proceedings of the International Conference on Multimedia and Expo
(ICME) . IEEE, 49-54.

Roy, S. D., Mei, T., Zeng, W. and Li, S. (2012b). Socialtransfer: cross-
domain transfer learning from social streams for media applications. In
Proceedings of the 20" ACM international conference on Multimedia.
ACM, 649-658.

Rus, H. M. and Cameron, L. D. (2016). Health communication in social

media: message features predicting user engagement on diabetes-related
Facebook pages. Annals of Behavioral Medicine. 50(5), 678-689.

Sahebi, S. and Brusilovsky, P. (2013). Cross-domain collaborative
recommendation in a cold-start context: The impact of user profile size
on the quality of recommendation. User Modeling, Adaptation, and
Personalization. Springer. 289-295.

Sahebi, S. and Brusilovsky, P. (2015). It takes two to tango: An exploration

of domain pairs for cross-domain collaborative filtering. In Proceedings

of the 9" ACM Conference on Recommender Systems. ACM, 131-138.

210


https://developers.facebook.com/docs/graph-api/reference

Salkind, N. J. (2010). Statistical Control. Encyclopedia of research design. vol.
1. Sage. 874-913.

Sedhain, S., Sanner, S., Xie, L., Kidd, R., Tran, K.-N. and Christen, P.
(2013a,b). Social affinity filtering: Recommendation through fine-grained
analysis of user interactions and activities. In Proceedings of the first
ACM conference on Online social networks. ACM, 51-62.

Shapira, B., Rokach, L. and Freilikhman, S (2013a,b). Facebook single and
cross domain data for recommendation systems. User Modeling and
User-Adapted Interaction. 23(2-3), 211-247.

Sharma, A. and Singh, A. (2018). Intelligent Semantics Approaches for
Adaptive  Web. Multidisciplinary  Approaches to  Service-Oriented
Engineering. IGI Global. 201-220.

Long, M., Liu, Q., Ding, G. and Wang, J. (2013a). Twin bridge

Shi, J.

2 2

transfer learning for sparse collaborative filtering. Advances in
Knowledge Discovery and Data Mining. Springer. 496-507.

Shi, Y., Larson, M. and Hanjalic, A. (2011). Tags as bridges between

domains Improving recommendation with tag-induced cross-domain
collaborative filtering. User Modeling, Adaption and Personalization.
Springer. 305-316.

Shi, Y., Larson, M. and Hanjalic, A. (2013b). Exploiting Social Tags for

Cross-Domain Collaborative Filtering. arXiv preprint arXiv: 1302.4888.

Shrivastva, K. M. P, Singh, S. et al. (2016). Cross Domain Recommendation
Using Semantic  Similarity and Tensor Decomposition. Procedia
Computer Science. 85, 317-324.

Silva, N., Carvalho, D., Pereira, A. C., Mourao, F. and Rocha, L. (2019).
The Pure Cold-Start Problem: A deep study about how to conquer first-
time users in recommendations domains. Information Systems. 80,1-12.

Singh, A., Sharma, A., Dey, N. and Ashour, A S. (2015). Web
recommendation techniques-status, issues and challenges. Journal of
Network, Communication and Engineering Technology. 5(2), 57-65.

Song, L., Son, J. and Lin, N. (2011). Social support: The Sage handbook of

social network analysis. Sage Publishers. 116-128.

211



Stanely, W. and Robins, G. (2005). An Introduction to Random Graphs,
Dependence Graphs, and p*. Models and Methods in Social Network
Analysis. 148-161.

structure, F. (2015). Graph API - Documentation - Facebook for Developers.
Retriev-able at https://developers.facebook.com/docs/graph-api.

Su, Y.-M., Hsu, P.-Y. and Pai, N.Y. (2010). An approach to discover and
recommend cross-domain bridge-keywords in document banks. The
Electronic Library. 28(5), 669-687.

Su, Z., Ly, L., Li, M, Fan, X. and Zhou, Y. (2015). Reliable and resilient
trust management in distributed service provision networks. ACM
Transactions on the Web (TWEB). 9(3), 14.

Tan, S, Bu, J, Qin, X, Chen, C. and Cai, D. (2014). Cross domain

recommendation based on multi-type media fusion. Neurocomputing.
127,124-134.

Tang, J, Wu, S, Sun, J. and Su, H. (2012). Cross-domain collaboration
recommendation. In Proceedings of the 18" ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining.
ACM, 1285-1293.

Tang, J., Zhao, Z., Bei, J. and Wang, W. (2013). The Application of Transfer
Learning on E-Commerce Recommender Systems. In Proceedings of the
10th International Conference on Web Information System and Application
(WISA4). 1EEE, 479-482.

Tang, T. Y., Winoto, P. and Ye, R. Z (2011). Analysis of a multi-domain
recommender system. In Proceedings of the 3 International Conference
on Data Mining and Intelligent Information Technology Applications
(ICMiA). 1IEEE, 280-285.

Tiroshi, A. and Kuflik, T. (2012). Domain ranking for cross domain
collaborative filtering. User Modeling, Adaptation, and Personalization.
Springer. 328-333.

Valcarce, D., Bellogin, A., Parapar, J. and Castells, P. (2018). On the

robustness and discriminative power of information retrieval metrics for

top-N recommendation. In Proceedings of the 12" ACM Conference on

Recommender Systems. ACM, 260-268.

212


https://developers.facebook.com/docs/graph-api

Villavicencio, C., Schiaffino, S., Diaz-Pace, J. A. and Monteserin, A. (2016a).
PUMAS-GR: A Negotiation-Based Group Recommendation System for
Movies. In Proceedings of the International Conference on Advances in
Practical Applications of Scalable Multi-agent Systems. Springer. 294-
298.

Villavicencio, C., Schiaffino, S., Diaz-Pace, J. A., Monteserin, A., Demazeau,
Y. and Adam, C. (2016b). A MAS approach for group recommendation
based on negotiation techniques. In Proceeding of the International
Conference on Advances in Practical Applications of Scalable Multi-
agent Systems. Springer. 219-231.

Villavicencio, C. P., Schiaffino, S., Diaz-Pace, J. A. and Monteserin, A.
(2016¢). A group recommendation system for movies based on mas.
ADCALW: Advances in Distributed Computing and Artificial Intelligence
Journal. 5(3), 1-12.

Vinayak, S., Sharma, R. and Singh, R. (2016). MOVBOK: A Personalized
Social Network Based Cross Domain Recommender System. [Indian
Journal of Science and Technology. 9(31), Page No 291-306.

Wallace, L., Wilson, J. and Miloch, K. (2011). Sporting Facebook: A content
analysis of NCAA organizational sport pages and Big 12 conference
athletic department pages. International Journal of Sport Communication.
4(4), 422-444.

Wang, J. and Ke, L. (2014). Feature subspace transfer for collaborative
filtering. Neurocomputing. 136,1-6.

Wang, J., Li, S, Yang, S, Ding, Y. and Yu, W.(2015). Cross-Domain
Collaborative Recommendation by Transfer Learning of Heterogeneous
Feedbacks. In Proceedings of the International Conference on Web
Information Systems Engineering. Springer, 177-190.

Wang, L., Zeng, Z., Li, R. and Pang, H. (2013). Cross-Domain Personalized
Learning Resources Recommendation Method. Mathematical Problems in
Engineering. 574-593.

Wang, W, Chen, Z, Liu, J, Qi, Q. and Zhao, Z. (2012). User-based
collaborative filtering on cross domain by tag transfer learning. In
Proceedings of the I* International Workshop on Cross Domain

Knowledge Discovery in Web and Social Network Mining. ACM, 10-17.

213



Weaver, J. and Tarjan, P. (2013). Facebook linked data via the graph APL
Semantic Web. 4(3), 245-250.

Wongchokprasitti, C., Peltonen, J., Ruotsalo, T., Bandyopadhyay, P., Jacucci,

G. and Brusilovsky, P. (2015). User Model in a Box: Cross-System
User Model Transfer for Resolving Cold Start Problems. In Proceedings
of the International Conference on User Modeling, Adaptation, and
Personalization. Springer, 289-301.

Woo Kim, S, Chung, C.-W. and Kim, D. (2009). An opinion-based decision
model for recommender systems. Online Information Review. 33(3), 584-
602.

Xin, D., El-Kishky, A., Liao, D., Norick, B. and Han, J. (2018). Active
Learning on Heterogeneous Information Networks: A Multi-armed Bandit
Approach. In Proceedings of the International Conference on Data
Mining (ICDM). IEEE, 1350-1355.

Xin, X, Liu, Z. and Huang, H. (2014). A Nonlinear Cross-Site Transfer
Learning Approach for Recommender Systems. Neural Information
Processing. Springer, 495-502.

Xu, Q. Xiang, E. and Yang, Q. (2011a,b). Social-behavior transfer learning
for recommendation systems. In Proceedings of the Workshop on Social
Web Mining. Australian National University. 187-202.

Yan, M., Sang, J, Mei, T. and Xu, C. (2013). Friend transfer: cold-start
friend recommendation with cross-platform transfer learning of social
knowledge. In Proceedings of the Infernational Conference on Multimedia
and Expo (ICME). IEEE, 1-6.

Yang, D., Xiao, Y., Song, Y., Zhang, J., Zhang, K. and Wang, W. (2014).
Tag propagation based recommendation across diverse social media. In
Proceedings of the Companion Publication of the 23 International
Conference on World Wide Web Companion. International World Wide
Web Conferences Steering Committee, 407-408.

Yi, C., Shang, M.-S. and Zhang, Q.-M. (2015). Auxiliary Domain Selection in
Cross-Domain Collaborative Filtering. Applied Mathematics. 9(3), 1375-
1381.

Yilmaz, E., Aslam, J. A. and Robertson, S. (2008). A new rank correlation

coefficient for information retrieval. In Proceedings of the 3/* annual

214



international ACM SIGIR conference on Research and development in
information retrieval. ACM, 587-594.

Zhang, M. and Hurley, N. (2008). Avoiding monotony: improving the
diversity of recommendation lists. In Proceedings of the conference on
Recommender systems. ACM, 123-130.

Zhang, X., Cheng, J., Yuan, T., Niu, B. and Lu, H. (2013). TopRec: domain-
specific recommendation through community topic mining in social
network. In Proceedings of the 22" international conference on World
Wide Web. International World Wide Web Conferences Steering
Committee, 1501-1510.

Zhang, Y., Cao, B. and Yeung, D.Y. (2012). Multi-domain collaborative
filtering. arXiv preprint arXiv: 1203.3535.

Zhao, L., Pan, S. J, Xiang, E. W., Zhong, E., Lu, Z. and Yang, Q. (2013).
Active Transfer Learning for Cross-System Recommendation. In
Proecedings of the 27"4AAI Conference on Artificial Intelligence. AAAI
Press. 1205-1211.

Zickar, M. J, Ron, T. H. and Arnold, C. (2018). Using Facebook Pages to
Connect With Students, Faculty, Alumni, and Friends: An Empirical
Analysis. Teaching of Psychology. 45(4), 358-362.

Ziegler, C.-N., McNee, S. M. Konstan, J. A. and Lausen, G. (2005).
Improving recommendation lists through topic  diversification. In
Proceedings of the 4™ international conference on World Wide Web.

ACM, 22-32.

215





