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ABSTRACT

M. Sc. Thesis

HYBRID APPROACH TO COMPLEX NETWORK-BASED LINK
PREDICTION FOR RECOMMENDATION SYSTEMS IN TURKISH
PUBLICATIONS

Ali Asghar Fahad FAHAD

Karabiik University
Institute of Graduate Programs

Department of Computer Engineering

Thesis Advisor:
Assist. Prof. Dr. Emrah OZKAYNAK
January 2024, 67 pages

Link prediction is used to uncover missing links in complex networks or to predict
new links that may form in the future. Traditional methods proposed for link prediction
are based on measures of the similarity between two nodes given the general structure
of dynamic networks. Changing the nodes' interaction over time is insufficient for the
requirements of link prediction processes. This situation has encouraged researchers
to find new prediction methods that can make decisions in complex networks
according to the dynamic structure of the network. In this thesis, local similarity index
and machine learning techniques have been utilized for author-publisher, and author-
author networks created from publications in Turkish literature, and possible
collaborations based on predicted. In the data set, publications are divided into time
periods according to their publication years, and it has been observed how the created

networks will develop in the coming years. The success of the link prediction process

v



has been measured by the AUC metric. The results of experimental studies have shown
that the hybrid approach consisting of traditional neighborhood-based similarity index
methods and machine learning methods is more successful than similarity index

methods.

Keywords: Complex Networks, Link Prediction, Local Similarity Index, Machine
Learning.

Science Code: 92429



OZET

Yiiksek Lisans Tezi

TURKCE YAYINLARDA ONERI SISTEMLERI iCiN KARMASIK AG
TABANLI BAGLANTI TAHMININE HiBRIiT YAKLASIM

Ali Asghar Fahad FAHAD

Karabiik Universitesi
Lisansiistii Egitim Enstitiisii

Bilgisayar Miihendisligi Anabilim Dah

Tez Danmismanu:
Dr. Ogr. Uyesi Emrah OZKAYNAK
Ocak 2024, 67 sayfa

Baglanti tahmini, karmasik aglardaki eksik baglantilar1 ortaya c¢ikarmak veya
gelecekte olusabilecek yeni baglantilar1 tahmin etmek icin kullanilir. Baglanti tahmini
icin Onerilen geleneksel yontemler, dinamik aglarin genel yapis1 g6z oniine alindiginda
iki diigim arasindaki benzerligin Ol¢limlerine dayanmaktadir. Diiglimlerin
etkilesiminin zaman iginde degismesi, baglanti tahmin siireclerinin gereksinimleri
acisindan yeterli degildir. Bu durum arastirmacilar1 karmasik aglarda agin dinamik
yapisina gore karar verebilecek yeni tahmin yontemleri bulmaya tesvik etmistir. Bu
tezde, yerel benzerlik indeksi ve makine 6grenmesi teknikleri, Tiirk edebiyatindaki
yayinlardan olusturulan yazar-yayinci ve yazar-yazar aglarina uygulanmis ve olasi
igbirliklerine dayali olarak tahminlerde bulunulmustur. Veri setinde yayinlar
yayinlanma yillarina gére zaman periyotlarina ayrilarak olusturulan aglarin gelecek
yillarda nasil gelisecegi gozlemlenmistir. Baglant1 tahmin siirecinin bagaris1t AUC

metrigi ile 6l¢iilmiistiir. Deneysel calismalarin sonuglari, geleneksel komsuluk tabanl

vi



benzerlik indeksi yontemleri ve makine O6grenmesi yontemlerinden olusan hibrit

yaklagimin benzerlik indeksi yontemlerine gére daha basarili oldugunu gostermistir.
Anahtar Kelimeler : Karmasik Ag, Baglanti Tahmini, Yerel Benzerlik Indeksi,

Makine Ogrenmesi.

Bilim Kodu : 92429

vil



ACKNOWLEDGMENT

I am incredibly appreciative to Allah for giving me the chance to pursue my goal of
earning a master's degree at one of the most prestigious colleges in Turkey. Over the
past two years, the voyage has been an incredible experience filled with priceless

memories and enduring feelings.

I extend my deepest gratitude to my advisor, Dr. Emrah OZKAYNAK, whose
exceptional support and significant contributions were instrumental in the completion

of this thesis.

To my dear Mother and Father, they have been my unwavering pillars of support.
Thank them for believing in me and encouraging me to persevere through all the

challenges I faced.
I dedicate this achievement to my parents, my homeland, my advisor, and my friends,

whose unwavering presence provided the courage and support necessary to see this

endeavor through to fruition.

viii



CONTENTS

Page

APPROVAL ..o il
ABSTRACT ...t v
OZET ..ottt vi
ACKNOWLEDGMENT ...ttt viii
CONTENTS ..ottt b e ix
LIST OF FIGURES ..ottt xii
LIST OF TABLES ...t Xiv
INDEX OF ABBREVIATIONS .......ooiiiiiiiiiii i XV
o N 2 L P RTRRR 1
INTRODUCTION ..ottt 1
L1 MOTIVATION ...ttt 2
1.2. PROBLEM STATEMENT .....ccooiiiiiiiiiiiciii e 3
1.3. RESEARCH OBJECTIVE.......coiiiiiiiiiici e 3
1.4. CONTRIBUTION ......ooiiiiiiiiiiiiic s 4
1.5. THESIS SCOPE ...ttt 4
1.6. STRUCTURE OF THESIS .......cooiiiiiiii s 5
PART 2 s 6
LITERATURE REVIEW ..ottt 6
PART 3 e 13
GRAPH ... bbbt 13
3.1. GRAPH THEORY ....ooiiiiiiiiii e 13
3.1.1. Undirected Graph .......c.oocovoiiiiiiiiiieeeeeee e 13
3.1.2. Directed Graph .......ccceiiiiiiiiiiiiiiec e 14
3.1.3. Weighted Graph.......cccocviiiiiiiiii e 14
3.1.4. Bipartite Graph ......cccoiiiiiiiiiicic e 15
3.1.5. Complete Graph.......ccovueiiiiiiiiiie e 15

X



3.2. COMPLEX NETWORK ........cooiiiiiiiiiiii i 16

3.3. LINK PREDICTION ..ottt 18
3.3.1. Similarity APProaches ........cccvviuiiiiiiiiiiiii i 19
3.3.2. Probabilistic APProaches.........cccccviiiiiiiiiiiiiiic e 20
3.3.3. Algorithmic APProaches........covvviiiiiiiiiiiiiiee i 21

PART 4 s 22
METHODOLOGY ..ottt 22

4.1. SIMILARITY LOCAL INDEX (LSI)..cccviiiiiiiiinienieiesee e 22
4.1.1. Common Neighbor (CN) .....c.coiiiiiiiiiiiiiene e 23
4.1.2. Jaccard Coefficient (JC) ....oooiiiieiiieiieiiieiee et 23
4.1.3. AdamiC-Adar (AA) ...uiocuie ittt 23
4.1.4. Preferential Attachment (PA) .......cccoeiiiiiiiniiiien e 24
4.1.5. Resource Allocation (RA) ......coiiiiiiiiniiiii i 24
4.1.6. Sorenson INdeX (SI)......cooveiiiiiiiiiiiesie e 25

4.2. MACHINE LEARNING (ML) ....ooiiiiiiiiiiieiiie e 25
4.2.1. Decision Tre€ (DT). ..o 27
4.2.2. Support Vector Machine (SVM) .......cccovviiiiiiiiiiiiiiiiise 28
4.2.3. K-Nearest Neighbors (KINN).......ocooiiiiiiicee e 29
4.2.4. Logistic Regression (LR).......cccooiiiiiiiiiiiiice 30
4.2.5. Random Forest (RF) .....cccoiiiiiie e 31
4.2.6. Gradient Boosting (GB) ......ccccooiiiiiiiiiie e 31
4.2.7. Light Gradient Boosting Machine (LGBM)........c.cccccoiiiieniiiiciene. 32

4.3. NATURAL LANGUAGE PROCESSING (NLP).....cccoviiiiiiiiiiiiieiisecen 33

4.4. MEASUREMENT AND EVALUATION .....ccoiiiiiiiieiiiie e 35

P A RT 5 ottt 37
EXPERIMENTAL STUDY ..ottt 37

5. 1. DATASET ot 37
5.1.1. Data Pre-ProCessing..........ouvuiiiiiiiiiiiieiiiiiseesieee e 38
5.1.2. Creating NEetWOTK .......cooiviiiiiiiiei e 40
5.1.3. Data SegmeNtation........c.covvieiiiiiiiiiiiiesi e 42

5.2. PROPOSED HYBRID APPROACH .......ccccoviiiiiiiiii e, 43



RESULTS AND DISCUSSION ...ttt nie e e 46
6.1. LINK PREDICTION RESULTS FOR AUTHOR-PUBLISHER NETWORKS
46

6.1.1. ReSUILS OF LST...iiiiiiiiiiiiiii e 46
6.1.2. Results of Hybrid Model (LST and ML) ........cccocoiiiiiiiniiieiic e 48
6.1.3. Results Segmentation Dataset ..........ccocvvviieiiiiiniiiee e 49

6.2. LINK PREDICTION RESULTS FOR AUTHOR-AUTHOR NETWORKS 50
6.2.1. ReSult OFf LSI......oiiiiiiiiiee e 50
6.2.2. Result of Hybrid Model (LS and ML) ........ccoooviiiiiiiiiiiieneeee 51

6.3. DISCUSSION ....ooiiiiiiiieie ettt nbe e be e 53
PAGERT ... N ... . A 55
CONCLUSION ...ttt sttt st sb et st b e bt sb e bt e besseesbeenne e 55
REFERENCES ...ttt ettt 57
RESUME ..ottt ettt te e ste e beenaesneesteenteanaesneeneanennreas 67

xi



LIST OF FIGURES

Page
Figure 2.1. Graph at time t graph of time tHn. .......coceiiiiiiiiiic e 6
Figure 2.2. Link prediction @raph ........ccccccviiiiiiiiiiiiiiiiiessiie e 7
Figure 3.1. Undirected raph. ........ccccoiiiiiiiiiiiiiiieiicseeeee e 14
Figure 3.2. Directed graph. .......cccooieiiiiiiiii e 14
Figure 3.3. Weighted graph. .......cccooeiiiiiiiiiiee e 15
Figure 3.4. BiIpartite graph........cccoooeeiiiiiiiiiiieiie et 15
Figure 3.5. Complete Sraph. ......cccooveiiiiiiiiiiiieieie e 16
Figure 3.6. Complex network represents author, publisher and year. ..................... 17
Figure 3.7. Structure link prediction network............cccvvviiiiiiiiiiiiiiec e 19
Figure 3.8. Taxonomy similarity approaches. ........c.cccocceeieeiiiieiiinniienie e 20
Figure 3.9. Taxonomy probabilistic approaches.............ccccevvvireiiiiiiinieniciiseeen 20
Figure 3.10. Represent algorithmic approaches in link prediction. ............ccccovvvenee. 21
Figure 4.1. Local similarity index methods. ...........ccccooiiiiiiniin 22
Figure 4.2. Machine learning methods. ...........ccooeiiiiiiiiiii e, 26
Figure 4.3. Machine learning classification............c.cccoooeiiiiiiiiiciec 27
Figure 4.4. Decision tree teChNIqQUE .........ccoecviiiiiiiiiiiiiicic e 28
Figure 4.5. Support vector machine technique. ............cccovviiieiiiiiice 29
Figure 4.6. KNN teChNIqUE........ccoiiiiiiiiiiiiiii 30
Figure 4.7. Logistic REZIESSION ......cciviiiriiiiieiic e 30
Figure 4.8. Random forest teChnique...........ccoocviiiiiiiiiiiici e 31
Figure 4.9. Gradient boosting teChNiqUE...........cocvveiiiiiiiiicie e 32
Figure 4.10. LightGBM framework technique ............cccooveiiiiiiiiiiiiieccn 33
Figure 4.11. NLP teChniqUE. .......ccooiiiiiiiieiieee e 35
Figure 5.1. Author-Publisher collaboration network. ..........ccccooeiiiiiiiiiiiiiiiin, 41
Figure 5.2. Author — Author collaboration network. ...........cocoeviiriiiiciiicnece 42
Figure 5.3. Structure link prediction model...........c.cooiiiiiiiiiiiiiiii, 45
Figure 6.1. Representation plot of LSI methods applying to author-publisher

F1TSIAN A0 4 LT 47

Figure 6.2. Representation plot of hybrid approach applying to author-publisher

F1TSIAN A0 4 LT 48

xii



Figure 6.3. Representation plot of LSI applying to author-author networks............ 51

Figure 6.4. Representation plot of hybrid approach applying to author-author
NEEWOTKS. 1ottt 52

Xiil



Table 2.1.
Table 5.1.
Table 5.2.
Table 5.3.
Table 5.4.
Table 5.5.
Table 6.1.
Table 6.2.
Table 6.3.

Table 6.4.

Table 6.5.
Table 6.6.

LIST OF TABLES

Page

The latest research on link prediction. ..........cccocvvieiiiiiiicnicee 12
The structure of the data set used in the experimental study. ................... 37
Dataset after labeling and transformation processes...........ouvvvrvervrnenne 39
Clustering of publication details by subject with NLP.............ccccovinnne 40
Dataset segmentation ON YEATS. ........cevvereereerierieeniestesreseesresne e 43
Representation structure of two different networks. .........cccovevvviiiiiiinnns 44
Author-publisher network AUC score obtained by LSI methods............. 47
AUC score hybrid model the author-publisher network..............cccce... 48
AUC scores best hybrid model to the segmentation dataset based on years.
.................................................................................................................. 49

AUC score performed using measurement methods to the author-author

NEEWOTK. 1.ttt ettt be e e 50
AUC score hybrid model the author-author network. .............ccccooiveenne. 52
The most successful models for two network. ..o, 54

Xiv



ADS
CN
CIEP
DT
GB
JC
HINs
KNN
LP
LR
LSI
LGBM
LDA
IDF
IS
ML
IDN
NLP
PA

RF
SI
SNA
SVM
TF-IDF :
TF
TP

INDEX OF ABBREVIATIONS

: Adamic-Adar

: Adamic-Adar Astrophysics Data System
: Common Neighbor

: Combined Influence and Effective Path
: Decision Tree

: Gradient Boosting

: Jaccard Coefficient

: Heterogeneous Information Networks
: K- Nearest Neighbor

: Link Prediction

: Logistic Regression

: Local Similarity Index

: Light Gradient Boosting Machine

: Linear Discriminant Analysis

: Inverse Document Frequency

: Information Systems

: Machine Learning

: Information-Defined Network

: Natural Language Processing

: Preferential Attachment

: Resource Allocation

: Random Forest

: Sorenson Index

: Social Network Analysis

: Support Vector Machine

Term Frequency-Inverse Document Frequency

: Term Frequency

: True Positive

XV



TN
FN
FP
ROC
TPR
FPR
AUC

: True Negative

: False Negative

: False Positive

: Receiver Operating Characteristic
: True Positive Rate

: False Positive Rate

: Area Under the Curve

xvi



PART 1

INTRODUCTION

Link Prediction (LP) is utilized in the analysis of complex networks receiving an
increased interest in the collaboration scientific literature field because link
prediction's goal is to discover underlying links, it serves as a compass assisting
researchers through the wide web of literature relationships. Analysis of these links
especially in an environment of scientific collaboration reveals a view of complex
relationships [1]. However, Communications not only define the past and present but
also provide a roadmap for the future. This takes significance across domains such as
social media, global trade, air transport, social interactions, and scientific

collaborations [2].

Moreover, the world of social networking of scientific collaborations is becoming
more complex as literature referencing networks, which track how scholarly books cite
each other. This challenges researchers to find real solutions to issues in this field, such
as linking authors and publishers based on years and titles and forming a so-called
literature network [3]. Notably, driven by multifaceted research interests, the authors
Search for collaboration with diverse groups of co-authors in specific fields,

highlighting the need for cooperation to ensure the longevity of their scientific work

[4].

Furthermore, predicting connections in this complex network can be achieved by
examining similarities between authors and their papers, titles, publishers, years, and
publications [5]. Among these metrics, this thesis relied on methods of local similarity
index a type of similarity-based metric that is the most straightforward and widely
adopted. They allow the researchers who are interested in the LP field to detect

common features between nodes which in turn creates a pattern. The latter aids the



researchers in having a deeper understanding of the interactions at hand which makes

the prediction process reliable and based on data [6].

However, they should be noted that these algorithms may fail to achieve high accuracy
when applied to real-world networks [7]. The goal of network science has embraced
the power of Machine Learning (ML) algorithms to significantly enhance predictive
power within literary and educational networks, in response to these technical
challenges [8]. These algorithms make it possible to leverage data features to make
accurate predictions about the relationships between authors and publishers in
scholarly and literary publishing [9].The hybrid model aims to improve and raise
predictive capabilities, ultimately allowing more accurate predictions within the

network of the scientific literature [10].

This thesis focuses on a hybrid approach to increasing the success of LP within a
complex network structure. The hybrid approach provides the mere implementation
of LP metrics and leverages the power of classification algorithms fixed in supervised
ML. The proposed approach uses traditional LSI methods and ML methods in link
prediction. Data regarding the networks created, publishers, authors and literary works
published in Turkey has been used to apply the model in order to increase cooperation,

advisory LP operations.

1.1. MOTIVATION

The abundance of author, publication and publisher data in networks increases the size
of the network and makes LP difficult. This creates an important motivation for
researchers to find appropriate algorithmic solutions to promote possible
collaborations in a complex network. As a result, it encourages researchers to develop
more powerful LP methods to reveal strong and weak connections in complex
networks consisting of excessive amounts of data. Therefore, the success of LP
depends on the combined use of efficient algorithms. In order to increase the
collaboration of authors, it is necessary to reveal hidden connections in the networks

that form them. The main motivation behind the study is to increase the success of



traditional LP methods together with ML methods for LP that can be used in the

recommendation system in collaboration networks.

1.2. PROBLEM STATEMENT

The scientific collaboration network has an exponential growth of published articles
and books along with the complexity of the collaboration. The implementation of
complex network-based LP in Turkish literary publications brings with it many notable
challenges. However, a strong challenge in this thesis is the use of a LP network for
the first time in Turkish literature it can rise to a complex network of literature
interrelations. The main challenge in this context is to effectively uncover and exploit
hidden connections within scientific collaboration networks. The literary scene is
characterized by a complex network of contacts that includes authors, publications,
and research topics. However, the interaction between these elements creates a
network with complex relations that need to be decoded. The challenge is to connect
authors and publishers based on factors such as years of publication and titles. Recent
research endeavors have made significant strides in this direction, but they have not
yet achieved satisfied levels. Moreover, there is need to enhance the accuracy of
predictive models in scientific collaboration network publishing by harnessing the
power of integrating various algorithms and methodologies to construct the most

effective and reliable models.

The main problem is the design and development of an innovative and sophisticated
model that goes beyond the limits of traditional approaches, ultimately providing
authors and publishers with a dependable model for predicting and understanding

relations, collaborations, and trends within the academic publishing.

1.3. RESEARCH OBJECTIVE

The aim of this thesis is to present a model that can be used in recommendation systems
by developing and applying a versatile hybrid model consisting of LSI and supervised
ML to solve the difficulty of the LP problem in complex networks. The main purpose

can be summarized as follows:



e The model offers an approach that can make recommending predictions in
networks created from many years of author, publication and publisher data.

e In creating the model, a hybrid approach was adopted by strengthening of the
LSI methods with ML.

1.4. CONTRIBUTION

Contribution of this thesis study makes a significant impact on NLP to extract subjects'
insights from literature book details, paving the way for a deeper understanding of
underlying patterns within the data. Besides that, the development of a hybrid model
combining LSI and ML, represents an approach to constructing and analyzing complex
collaboration networks. This hybrid model not only advances the field of LP but also
provides a significant and versatile tool for researchers to navigate scientific literature

network landscapes enhance collaboration and make informed decisions.

1.5. THESIS SCOPE

The thesis scope investigates the LP algorithms in social networks including the LSI,
which encompasses local, global, and quasi-local index. The study includes into
specific local index such as Common Neighbor (CN), Jaccard Attachment (JA),
Preferential Attachment (PA), Adamic-Adar (AA), Resource Allocation (RA), and
Sorenson Index (SI) as well. To bolster the effectiveness of LP, the thesis extends its
reach to the realm of supervised ML, incorporating a diverse set of classification
algorithms including Random Forest (RF), Decision Tree (DT), Support Vector
Machine (SVM), Gradient Boosting (GB), K-nearest neighbors (KNN), Logistic
Regression (LR) and Light Gradient-Boosting Machine (LGBM). Furthermore, it has
discussed its range of vision with the integration of an enhanced model between

algorithms LSI and algorithm ML to create networks in the field LP.



1.6. STRUCTURE OF THESIS

In first section functions as an introduction to the thesis, providing contextual
information, outlining the inspiration behind the study, and clearly defining the
identified problem. Additionally, it delineates the objectives and goals of the research.
In second section entails a comprehensive review of the latest research, highlighting
the integration of the current study within the broader academic landscape. It
emphasizes the originality, significance, and potential impact of the research within

this specific field.

In third section provides an extensive exploration of graph complex system networks,
delving into the fundamental concepts that underpin the study of the structure and

dynamics of interconnected systems.

In fourth section offers an extensive overview of the stages involved in constructing a
LP network model within the Turkish literary domain. It begins with a discussion on
involving the utilization of a hybrid model integrating the LSI and ML. Various studies

conducted throughout the implementation phase are also outlined in this section.

In fifth section, the thesis includes into the complexity of the dataset, explain its

structure, processing, analysis, and preparation for the creation of the model.

In sixth section presents the comprehensive results obtained from the complete
methodology employed for constructing the hybrid model for LP within the Turkish
literary field. It involves a detailed discussion and comparison of the results derived

from the proposed approach with those obtained from hybrid classification techniques.

In concluding section provides a succinct summary of the results attained from the
research study, emphasizing key findings and contributions. It also offers insights into

potential avenues for future research endeavors within the domain of LP.



PART 2

LITERATURE REVIEW

This section of the thesis study is dedicated to crafting an approach for constructing
LP networks in the realm of Turkish literature, leveraging the integration of LSI
associations and ML techniques. Furthermore, the thesis work provides an extensive
literature review that encapsulates studies and initiatives pertinent to the hybrid

approach of LP networks.

In this study Muhammad et al. explored similarity-based approaches, providing
understanding of the intricate mechanisms involved in discerning shared
characteristics among pairs of nodes, as illustrated in Figure 2.1. The research further
described these similarity-based approaches into distinct categories, including local,
global, and hybrid methods, with a specific focus on local similarity approaches that
are complex subcategorized into normalized and unnormalized methodologies. This
exploration promises valuable insights into applying similarity-based methods and

their classifications [11].

Figure 2.1. Graph at time t graph of time t+n.



In 2022, Shivaansh et al. introduced an innovative perspective on LP in social
networks, utilizing ego networks to assess edge strength. Their approach incorporated
diverse topological features from ego network layers, enhancing local similarity-based
LP algorithms like CN and PA, ultimately facilitating a comprehensive evaluation of
ego strength across all edges [12]. Meanwhile, in 2021, Chen et al. conducted a study
on partner selection within an interorganizational patent cooperation network,
employing LP approaches. Their research focused on collecting cooperative patents
filed by organizations in China from 2007 to 2015. The study presented eight
commonly utilized LP approaches in social networks. Notably, they emphasized the
effective application of the CN index in selecting unfamiliar partners among
organizations involved in patent cooperation [13]. In 2022, Aparna et al. conducted a
study employing LP techniques in social networks such as Facebook, as well as in E-
business platforms like Zomato and Amazon. Their research focused on predict
potential associations between users that may not currently exist but have a likelihood
of forming in the future as shown in Figure 2.2, the study successfully employed
Proximity-Based algorithms, specifically the JC and RA demonstrated effective LP

capabilities in the context of social networks and E-business platforms [14].

Possible Link B-E

\ '

\ c . A
Possible Link A-F * . Possible Link E-G
. Possible Link B- G
| G

Figure 2.2. Link prediction graph [14].

Fo

In 2015, a study utilized Wikipedia's editing records to construct a collaboration graph
among editors, focusing on predicting social link formations. The AA predictor
emerged as the most accurate in predicting link strength between editors' common
neighbors [15]. However, Shiping and Yong et al. introduced a hybrid approach in their
work, incorporating time-varying link weight information in social networks for link

prediction. Their findings showcased the superior performance of the tw-AA, tw-CN,



and tw-JC algorithms, emphasizing the adaptability of time-varied weight in link
prediction [16]. In their 2022 study, SONG et al. applied co-authorship data extracted
from papers published in 43 statistical journals spanning the years 2001 to 2018,
skillfully constructing collaboration networks. They created training and testing
networks based on paper timestamps and developed a classification dataset for LP.
Utilizing 20 similarity indexes calculated from the training network, their research
emerged recommendations for researchers based on collaborative dynamics [17]. In
2019, Tian et al. introduced the Combined Influence and Effective Path (CIEP) index,
superior traditional indices in accuracy without added computational complexity
across 12 benchmark datasets, marking CIEP as a standout performer in LP [18].
Meanwhile, Wang et al. in 2023 explored the fusion of three fundamental citation
relationships (direct citation, co-citation, and coupling) as a predictive framework for
potential collaborations using citation information. The study strategically utilized
diverse LP indicators, such as CN, AA, PA, and RA, to forecast author collaborations
and research topics. This approach effectively enabled the identification of promising

scholarly collaborations and research synergies within the academic landscape [19].

In 2017, Li et al. handled the disappearing LP challenge in scientific collaboration
networks by employing network embedding, demonstrating that TDL2vec surpasses
established methods like CN, JC, PA, AA, RA, and SI, enhancing predictive
capabilities [20]. In 2020, Michat et al. presented a comprehensive examination of
network complexes, utilizing a blend of global, local, and semi-local algorithms to
forecast forthcoming co-authorship relations among researchers at the University of
Warsaw. This thorough analysis significantly contributes to an enriched
comprehension of the complex network dynamics within the academic environment,
shedding light on the evolving landscape of collaborative relationships among
researchers [21]. The research conducted by Zhou and Lu et al. explores a basic
framework for LP based on node similarity by comparing the performance of nine
established local similarity measures across six real networks. The results emphasized
the superior performance of the CN measure, closely followed by the AA.
Additionally, the study proposed a novel similarity measure inspired by the resource
allocation process observed within networks, demonstrating higher prediction

accuracy compared to the common neighbor's method [22]. In 2018, Javari et al.



introduced a novel probabilistic approach designed for LP to adapt to the sparsity of
data in social networks. The utilization of algorithms for link label modeling based on
the local and global. This contribution signifies a notable stride in the ongoing
development of LP methodologies, offering valuable insights and tools for navigating

the intricacies of sparse network environments [23].

Gimenes et al. introduced a methodology harnessing various topological metrics to
offer prompt and prospective link recommendations. Utilizing a blend of these metrics
as input for binary classification algorithms, their study singled out the RF as
exceptionally effective in identifying potential collaborators, similar interest groups,
competitive research efforts, and related works. This emphasized the adaptability and
efficiency of RF across diverse networks, affirming its main role in furnishing
understandable link suggestions within constrained time frames [24]. In 2021,
Mihaljevi¢ et al. discussed traditional methods depend on publication metadata,
incorporating affiliations, email data, co-authors, and scholarly themes. Their
introduction of a semi-supervised algorithm for authorship disambiguation within the
Astrophysics Data System (ADS), trained on authorship pairs and subsequent graph
clustering, demonstrated the RF algorithm's superior performance in solve authorships.
Their evaluation on 39 manually labeled author blocks, covering 9545 authorships
from 562 author profiles, strengthened the effectiveness of RF in this nuanced task
[25]. In 2020, Ching Chen et al. determined three widely-used datasets with diverse
variables, namely the Bank Marketing, Car Evaluation Database, and Human Activity
Recognition Using Smartphones. The study systematically evaluated the performance
of several classification models, including RF, SVM, KNN, and Linear Discriminant
Analysis (LDA). Notably, the results consistently highlighted RF as the most effective
model across all experimental groups, emphasizing its robust performance in diverse
and complex network data [26]. In 2013, Hurtado, a novel approach is proposed to
tackle the data imbalance challenge in social link prediction. The method combines k-
nearest neighbor sampling in 2013, Hurtado, a novel approach is proposed to tackle
the data instability challenge in social link prediction. The method combines k-nearest
neighbor sampling with random sampling, aiming to address the imbalance issue
effectively. Using ML algorithms, this innovative approach enhances the accuracy of

the LP model, particularly when applied to networks characterized by imbalanced



social connections [27]. In 2020, Kumari et al. investigated into the application of
Social Network Analysis (SNA) in various domains, emphasizing its two-fold
approach, namely content-based and structure-based analysis. The study employed ML
techniques, with the SVM algorithm emerging as the top performer in predicting future
link establishment in social networks, emphasizing its significance in understanding
and analyzing complex social structures [28]. In 2020, Kumari et al. discussed the
emerging domain of link prediction, integrating path-based similarity measures into
supervised ML models like KNN, RF, and DT. The SVM emerged as the top performer,
solidifying its efficacy in predictive modeling [29]. In 2019, Koker realized a study
used on LP algorithms within the context of social networks, employing diverse ML
techniques. The investigation utilized LR, SVM, and RF models for link prediction,
with the findings revealing that the SVM demonstrated the most effective performance
in forecasting future collaborations within the Information Systems (IS) education
community. Additionally, the incorporation of the GB technique further augmented the
predictive capabilities of the models, emphasizing the effectiveness of these advanced
methodologies in advancing social network analysis [30]. In 2022, Kumar et al.
introduced a novel approach to LP by merging centralities to create a comprehensive
feature set. The study also integrated various similarity measures including local,
quasi-local, and global structures alongside ML models, achieving optimal results with

the LGBM for accurate and efficient LP [31].

The literature also includes research on the development of hybrid models for link
prediction. In 2023, Bath and Amounts presented a hybrid approach between
supervised ML and similarity embedding methods, incorporating techniques such as
KNN-Deep Walk, Node2 Vec-SVM, PA-GB, RA-XGBoost, CN-AdaBoost and JC-RF,
among others, to predict future links in a social network [32]. Similarly, Jeong et al.'s
2019 study introduced a LP framework in information networks, employing novel
features and a prediction model that leveraged structural characteristics, meta-paths,
and path counts to improve LP accuracy. The study implemented a hybrid model
integrating similarity indices and classification ML, including combinations such as
AA-RF, CN-RF, and Random Walk - RF, thus highlighting the significance of
incorporating both structural and predictive elements in LP tasks [33]. Additionally,

Aghabozorgi and Khayyambashi's research delved into imbalanced social network
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data, proposing a hybrid strategy that combined local similarity indices, supervised
learning, and Linear Discriminant Analysis within LGBM, illustrating the potential of
hybrid models in navigating complex data structures and significantly boosting

predictive accuracy within social networks [34].

In 2022, Krenn et al. conducted a comprehensive study on the construction of dynamic
semantic networks using papers from arXiv in computer science categories related to
artificial intelligence, spanning the years 1992 to 2020. The study employed NLP
methods, particularly the RAKE algorithm, to extract candidate concepts from the
titles and abstracts of research papers within the literature network thereby
contributing to a deeper understanding of the semantic relationships within the field
[35]. In contrast, Hariri's 2023 study succinctly defined NLP as the Al domain focusing
on computer-human language interaction. The study highlighted ChatGPT's success
due to its language understanding and generation capabilities, emphasizing NLP's role
in improving language-based interactions [36]. This section provided a comprehensive
exploration through literature reviews, covering diverse aspects like local similarity
indices, ML in hybrid models, and NLP's role in topic extraction. Together, these
reviews offer insights into methodologies shaping LP networks, illuminating their
evolving landscape. Table 2.1 supplements with brief descriptions of the discussed

studies.
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Table 2.1. The latest research on link prediction.

Author Year Method Objective Category Accuracy

Bath and 2023 SVM+PA, The study aims to discuss LP social Hybrid 0.92%

Amounts RA+KN, network analysis. Was proposed as a  Model 0.88%
[32] CN+RF, hybrid approach between supervised 0.92%
JC+G, ML classifier LP and similarity 0.91%

more  embedding methods.

Hariri's 2023 NLP The primary objective is NLP as an Al NLP -
[36] field focusing on human-computer
language interaction. This study
specifically aims to  underscore
ChatGPT's  critical position and
achievements in NLP, driven by its
advanced capabilities in understanding
and generating human language.

Shivaansh 2022 CN, PA, The study aims to propose and evaluate LSI 0.94%
et al. RA,JC, new topological features based on ego 0.96%
[12] ELP network layers to enhance the 0.95%

performance  of  LSI-based LP 0.84%
algorithms 0.92%
Aparnaet 2022 RA,JC, the objective LP in social networks like LSI 0.95%
al. RA+JC  Facebook, and E-business organizations 0.91%
[14] Zomato and Amazon. 0.98%
SONGet 2022 CN,JC, The study goal to construct LSI 0.64%
al. PA, RWR collaboration networks based on the co- 0.64%
[17] authorship information of the papers 0.61%
published in 43 journals from 2001 to 0.82%

2018.
Kumari et 2022 SVM,  The objective of the study is to introduce ML 0.90%
al. KNN, DT, a new approach to making LPs using a 0.90%
[29] LGBM  well-curated combination of centralities 0.65%
to develop a set of features that can be 0.97%

utilized to make predictions.

Krenn et 2022 NLP The objective of the study is to construct ~ NLP -
al. a dynamic semantic network using
[36] research papers from arXiv within
computer science categories related to
artificial intelligence, spanning the years
1992 to 2020. This study utilizes NLP
methods, titles, and abstracts, enabling
the creation of a comprehensive
literature network.

Mihaljevi¢ 2021 DT, RF, the objective discussed usual ML 0.96%
et al. Rule-  approaches relying on publications’ 0.97%
[25] based, metadata such as affiliations, email 0.97%

Hist- addresses, co-authors, or scholarly 0.95%

GBDT topics.

Jeonget 2019 AA+RF, The primary objective is to enhance the  Hybrid 0.98%
al. CN+RF, accuracy of LP in Heterogeneous Model 0.99%
[33] Random Information networks (HINs) through 0.99%

walk +RF the introduction of novel features and
the development of a hybrid prediction
model.
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PART 3

GRAPH

This section provides a discussion on network science, an interdisciplinary field that
investigates into the structure and dynamics of interconnected systems. Within this
expansive domain, various subfields intersect to offer profound insights into the

complex relationships and patterns of these systems.

3.1. GRAPH THEORY

Graph theory is a wealthy system encompassing of powerful theorems with broad
applications [37]. Configurations of nodes and connections find applications across
diverse fields such as Computer Science, Networking, Social Media networks, ML,
Collaborative Filtering, and Transportation Networks [38]. Furthermore, they use as
a representation of real interactions found in ecosystems, sociological relations,
databases, or the flow of control within a computer program. These configurations are
modeled using connection structures known as graphs, comprised of two sets of nodes
and edges with an relation between them [39]. In graph theory, vertices typically
denote objects or entities, while edges represent the connections between them [40].
Nodes and edges may possess additional attributes such as color, weight, title, or any
other relevant information, rendering graph theory a versatile and powerful tool in

various domains [41].

3.1.1. Undirected Graph

An undirected graph, within the context of graph theory, is a mathematical
representation of a set of nodes and their binary connections, wherein the edges have

no specific direction as shown in Figure 3.1. If there exists an edge between nodes A

and B, it implies a mutual connection, with A linked to B and conversely [42].
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Figure 3.1. Undirected graph.

3.1.2. Directed Graph

A directed graph, also known as a digraph, is a fundamental data structure in graph
theory where edges possess direction, indicating one-way relationships from one node
to another in the showed graph in Figure 3.2. Thus, if there exists an edge from node
A to node B, it does not necessarily imply the existence of an edge from node B to

node A. In other words, the relationship is not bidirectional [43].

Figure 3.2. Directed graph.

3.1.3. Weighted Graph

A weighted graph is a type of graph where every edge is set as a numerical value or

weight in Figure 3.3. These weights represent various attributes associated with the
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connections between vertices. Weighted graphs find common usage in various real-

world applications [44].

Figure 3.3. Weighted graph.

3.1.4. Bipartite Graph

A bipartite graph is a type of graph that can be divided into two distinct sets of vertices
or nodes such that no edges exist between vertices within the same set as in Figure 3.4.
However, edges can connect vertices from one set to vertices in the other set. This
characteristic makes bipartite graphs useful for modeling and solving problems related

to relationships between two different types of entities [45].

Figure 3.4. Bipartite graph.

3.1.5. Complete Graph

A complete graph is a specific type of simple graph in which every pair of distinct

vertices is connected by an edge. Moreover, this characteristic makes a complete graph
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fully connected, with an edge present between every pair of vertices as in Figure 3.5.
Complete graphs are often showed by the symbol "K" followed by the number of
vertices, such as "K3" for a complete graph with 3 vertices or "K6" for a complete

graph with 6 vertices [46].

Figure 3.5. Complete graph.

Furthermore, graph theory encompasses various other types of graphs and concepts.
The choice of which type of graph to utilize depends on the specific problem in hand,
and graph theory offers a rich array of techniques and theories to address a wide range

of applications across diverse fields.

3.2. COMPLEX NETWORK

Complex networks are systems that represent structures that are directly or indirectly
connected to each other. In contrast to earlier models that treated such systems as
random graphs, contemporary understanding recognizes that real networks follow
robust organizing principles [47]. Complex networks have gained substantial
importance in recent years owing to their diverse practical applications in various
domains, encompassing social networks, transportation networks, biological networks,
citation networks, the semantic web, and communication networks [48]. What sets
these networks apart are their distinctive properties, main among them being a
substantial number of linked nodes [49]. These nodes can represent a wide array of
entities, involving from individuals and websites to molecules and beyond, contingent

on the specific context of the network, as illustrated in Figure 3.6. This diversity of
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applications and the underlying principles governing complex networks make them a

fascinating and crucial area of study in modern science and technology.

Figure 3.6. Complex network represents author, publisher and year.

In this regard, the complex systems often exhibit various dynamic behaviors depending
on multiple factors such as interaction structures, parameter configurations. By
analyzing their characteristics, researchers can gain valuable insights into the working
of complex systems and devise strategies to optimize their performance. As our world
becomes increasingly interconnected, understanding complex networks will continue

to grow in importance, opening up new way for innovation and discovery.

Network analysis is a technique employed to search the structural relations between
people or organizations [50]. That focuses on the analysis of complex systems
represented as networks or graphs. A complex network consists of a structure that
encompasses individuals or organizations and the connections between them, with the
nature of these relationships varying based on the network type, spanning dimensions
such as friendship, collaboration, and scientific associations [51]. In this context, a
network is created of nodes connected by edges and these nodes and edges can

represent various entities and their relationships [52].
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In 2023, a recent study by Setiadi et al. the objective to identify communities or groups
of users and borrowed books based on book borrowing records employed complex
network analysis. The investigation provided valuable insights into the structure of the
book borrowing network, leading to the identification of borrowing communities and
book communities. This information can inform a more effective book development
policy strategy and targeted book recommendations for specific users [53]. In 2022,
Chira et al. gave a talk introducing complex network science, which is about studying
how things are connected. Researchers talked about tasks like finding important points
in the connections, discovering groups of connected points, and understanding patterns
in the connections. In their paper, they briefly explained these tasks and mentioned that
there's a lack of research on how things change over time in the financial sector. They
suggest that using network science tools can help us understand these changes and
patterns in a simple and effective way [54]. Zang et al. (2022) presented a network
reliability analysis method based on complex network theory, demonstrating its
feasibility in a train control system. The study analyzed the system's topological
properties and identified weak nodes and edges, facilitating efforts to improve the
system's reliability [55]. In 2021, Jia et al. focused on the significant role of complex
networks in advancing various fields like biology, chemistry, social science, computer,
and communication engineering. While the use of complex networks for studying
communication networks, particularly in designing efficient routing strategies and
robust communication networks, has gained popularity, there's still unused potential in
applying these principles to explore networks in diverse disciplines beyond
telecommunications. To address this problem, their paper introduces an Information-
Defined Network (IDN) framework, offering a conceptualization where a complex
network can be represented as a communication network intricately linked with

multiple intelligent agents [56].

3.3. LINK PREDICTION

LP striving to uncover missing connections or forecast potential links in a network
[57]. Particularly fascinating in social complex network analysis it the focus of LP
revolves around anticipating the probability or likelihood of a connection between two

nodes in a network [58]. The structure drawn of all algorithms used in different types
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of link prediction complex networks is depicted in Figure 3.7 [59]. This predictive
process is find missing links in complex networks and anticipating the creation or
dissolution of links in future networks, this predictive process plays a pivotal role in
advancing our understanding of the intricate dynamics and evolution of social complex

networks, then making a substantial contribution to their exploration and analysis [60].

Link prediction in
Social network

S Social network
Measures Approaches Application T
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| 1 1 1
Content based Hybrid Algorithm Probabilistic Similarity — Detection — Directed network
Probability .
Graph based —{ Metaheuristic | | Tensor ~—{ Local indices Recommendation |— pAeiehted
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Matrix Probability Latent o . " .
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Figure 3.7. Structure link prediction network [59].

3.3.1. Similarity Approaches

Similarity approaches form the foundation of LP algorithms, taking advantage of
notion of node similarity to predict links in a network. These approaches involve
evaluating the resemblance between nodes based on essential attributes, utilizing
similarity local index, global index, and quasi-local index as shown in Figure 3.8. By
measuring the similarity between nodes, these methods effectively forecast potential
connections within the network, facilitating a comprehensive understanding of its

underlying structure and dynamics [61].
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Figure 3.8. Taxonomy similarity approaches.

3.3.2. Probabilistic Approaches

Probabilistic approaches offer a solution to the LP challenge by constructing a
statistical probability model aligned with the network's structure [62]. This algorithm
defined by parameters calculates a mathematical statistic to generate probability values
for each pair of nodes. These probability values are then categorized based on the
hypothesis that higher values indicate a greater likelihood of link formation between
the node pairs. Notably, the algorithm efficiency stems from extracting simple statistics
from the network. Moreover, its adaptability is evident as it can easily extend to operate
on networks featuring more than two types of relations [63]. In this thesis, these
approaches are categorized into four groups: the Probability Tensor Factorization
model, Probability Latent Variable model, Markov model, and Link Label Modeling,

as illustrated in Figure 3.9.

Probability Tensor Factorization
model

J

Probability Latent Variable

_ model
Probabilistic )

approaches

Link Label Modeling

Markov model

Figure 3.9. Taxonomy probabilistic approaches.
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3.3.3. Algorithmic Approaches

Algorithmic approaches represent a high-performance strategy extensively explored
by researchers within the realm of LP literature [64]. Researchers and data scientists
have employed a multitude of approaches to tackle this challenge, and among them,
algorithmic methods have garnered significant attention and recognition. Algorithmic
approaches in LP offer a systematic and rule-based framework for uncovering latent
relationships within networks, capitalizing on principles of computation, data
processing, and automated prediction tasks [65]. In contrast to similarity-based and
probabilistic approaches, which primarily depend on observed patterns and statistical
inference, algorithmic methods delve deeply into the intricacies of network structures
[66]. This category of algorithmic approaches encompasses a variety of methods, as

illustrated in Figure 3.10.
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Figure 3.10. Represent algorithmic approaches in link prediction.
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PART 4

METHODOLOGY

In the methodology section, the methods employed in the thesis are explained in term
of Neighborhood-based LSI methods and ML methods used in experimental studies

are explained in this section.

4.1. SIMILARITY LOCAL INDEX (LSI)

LSI method serves in the analysis of correlation prediction, playing a crucial role in
assessing the potential likelihood of future interactions within the network. This
method has gained widespread acceptance for its efficacy in predicting correlations
and encouraging a deeper understanding of complex network dynamics[67]. The
research examines six distinct types of algorithms within the LSI domain as shown in

Figure 4.1.

Jaccard

Index |
. < A
Adamic- o 1. Common
. adar Index” | \ . Neighbor
| Local Similarty Index
Sorenson | [ Preferential
Index o " Attachment |
\ - i "‘\\)_.--"' (‘,'
\\‘ 4’/ y / \\‘ //
T / Resource R
Allocation
~ Index
\

Figure 4.1. Local similarity index methods.
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4.1.1. Common Neighbor (CN)

CN is a concept used in various fields, including graph theory, network analysis, and
social network analysis. It refers to a measure that quantifies the similarity or
connection strength between two nodes in a network based on their shared neighbors

or connections [68]. The equation for CN is defined as:
CN(x,y) =l A(x) N B(y) | 4.1)

In the context of network analysis and the CN measure, A(x) and B(y) refer to the
neighborhood sets of nodes u and v, respectively. These neighborhood sets represent
all the nodes that are directly connected to nodes u and v in a network contributing to

the computation of their common neighbor score [69].
4.1.2. Jaccard Coefficient (JC)

The Jaccard Coefficient Index, often denoted as the JC similarity coefficient is a
measure of similarity between two sets. It's commonly used in various fields, including
data analysis, information retrieval, and network analysis, to compare the similarity
between two sets by considering their intersection and union [70]. The equation for

JC is defined as:

_ IN()UN)I
Sxy = INGONN(Y)| (42)

When calculating the similarity between a pair of nodes, JC performs the
normalization process by looking at the ratio of common neighbors of two nodes to

the total neighbors of the nodes in the network [71].
4.1.3. Adamic-Adar (AA)

AA index is a similarity measure commonly used in network analysis, particularly for
assessing the similarity between two nodes in a network based on their common

neighbors. This index serves as an extension of the Common Neighbor measure,
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emphasizing the varying degrees of informativeness exhibited by shared neighbors

[72]. The equation for AA is defined as:
1
AA(x,y) = X, ENCING) Tog NI (4.3)

The AA index quantifies the similarity between nodes A and B by considering the

inverse of the logarithm of the degree of each common neighbor.
4.1.4. Preferential Attachment (PA)

PA index is used in large non-scalable networks. The likelihood of establishing a new
link to node X relates directly to A(x). The link's chance between node x and y scales
with A(x)xB(y). The link feasibility between two nodes resonates with the count of

neighboring nodes in the system [73]. The equation for PA is defined as:
Sxy = A(x) X B(y) (4.4)
4.1.5. Resource Allocation (RA)

RA index is a similarity measure used in complex network analysis to assess the
similarity or potential interactions between nodes in a network based on the allocation
of a limited resource, often modeled as a flow of resources or information. The RA
index measures how well two nodes can allocate a resource to each other through their

common neighbors in the network [74]. The equation for RA is defined as:

1

S, = Z 1 45
Xy ze(F(x)nF(y)) kz ( )

RA index calculates the similarities between nodes X and Y based on their common
neighbors, even though there is no connection between them. The resources that the X

and Y node pair receive from each other determine their similarity ratio [75].
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4.1.6. Sorenson Index (SI)

SI is a similarity measure commonly used in various fields, including data analysis,
information retrieval, and network analysis. SI measures the similarity between two
sets or graphs by comparing their intersection to the size of their union. In network
analysis, the SI can be used to quantify the similarity between two sets of nodes, often
representing the neighborhoods of two nodes in a network [76]. The equation for SI is

defined as:

_ 2lrG)nro)l
Sxy = ka—"'kb (4.6)

The calculate of SI calculates the size of the intersection of the two sets, denoted as |A
N BJ, which represents the number of elements that are common to both sets. ST (A,
B) indicates the degree of similarity between the sets Higher values indicate greater

similarity [77].
4.2. MACHINE LEARNING (ML)

ML represents a decisive field dedicated to focusing on the creation of algorithms and
statistical models that capable of enabling computers to learn knowledge from data,
make predictions, or take actions based on the learned patterns. It has gained
widespread attention due to its potential to revolutionize various domains and improve
decision-making processes[78]. In the context of the thesis, ML techniques play a task
role in predicting relationships between authors and publishers, contributing to a
deeper understanding of the data and facilitating more precise forecasts across diverse

networks. The types of structure of ML teaching are composed as in Figure 4.2.
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The fundamental and extensively utilized technique in supervised ML is categorized
into two primary types. The first, known as binary classification, focuses on sorting
data into two distinct groups, simplifying predictions to a straightforward “yes” or
“no” when, for instance, establishing the relationship between authors and publishers.
The second type, multi-category classification, extends to predicting more than two
outcomes, offering nuanced forecasts such as strong, medium, or weak relationships
in the context of authors and publishers. Leveraging classification methods not only
enhances the precision of data comprehension but also enables more detailed and

nuanced forecasts across various networks [79]. The types of classification structures

Figure 4.2. Machine learning methods.

utilized in the thesis are depicted as shown in Figure 4.3.
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Figure 4.3. Machine learning classification.

4.2.1. Decision Tree (DT)

DT techniques have found widespread use in constructing classification and regression
models, as these models closely resemble human reasoning and are easily
understandable As illustrated in Figure 4.4 [80][81]. A decision tree assumes a
hierarchical structure resembling an upside-down tree, comprising nodes and
branches. The top node, known as the root, represents the initial decision or the starting
point for the tree. The leaves of the tree symbolize the final outcomes or decisions [82].
Beginning with a root node containing all objects of the training dataset, the DT splits
the root node into two disjoint subsets, namely the left child and the right child, and
repeats this process recursively over the child’s nodes until a specific stopping criterion
is met. To split each node, a subset of attributes is chosen, generating multiple splitting
criteria based on the type of attribute. Subsequently, a split evaluation measure assesses
each splitting criterion at each level of the DT, aiming to select the best one at that
level. When the recursive procedure halts, certain sub-trees within the DT are pruned
to reduce overall complexity and enhance generalization capability[83]. Various DT
approaches, including ID3, C4.5, C5, and CART, employ distinct mathematical
techniques to partition the training data, catering to diverse networks and offering

flexibility in solving various real-world problems [84],[85]. In the proposed thesis, a
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DT algorithm, such as CART or C4.5, is utilized to develop a model for LP. The
objective is to train the DT to classify node pairs as either having a link or not having

a link, thereby addressing LP prevalent in numerous fields and applications.

Layer 1
Internal Leaf node Layer 2
node
Leaf node Leaf node Layer 3

Figure 4.4. Decision tree technique [81].

4.2.2. Support Vector Machine (SVM)

SVM is a versatile and widely used ML algorithm that originated in statistical learning
theory and has found extensive application in various fields, including classification
and prediction tasks. Its primary objective is to create a decision boundary that
effectively separates classes and facilitates the prediction of labels based on one or
more feature vectors. Central to the SVM approach are several key concepts, including
the notion of linear separability, which allows SVM to handle data that can be distinctly
separated by a linear boundary. The kernel trick is another essential aspect of SVM,
enabling the algorithm to handle non-linear data by transforming the feature space into
a higher-dimensional space, thereby facilitating the better separation of classes,
Support vectors, representing the data points closest to the decision boundary, play a

crucial role in defining the decision boundary and aiding in the prediction of labels for
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unseen data points as shown in Figure 4.5. SVM is a powerful tool in ML for both

binary and multi-class classification problems [86-89].
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Figure 4.5. Support vector machine technique [89].

4.2.3. K-Nearest Neighbors (KNN)

KNN is a straightforward and intuitive supervised ML algorithm employed for both
classification and regression task. KNN regression finds application in various fields,
including predicting stock prices, estimating housing values, and forecasting weather
pattern. The fundamental idea behind KNN is to identify the class or category that
appears most frequently among the KNN of a given data point, as illustrated in Figure
4.6. This approach makes KNN relatively easy to implement as it doesn't require many
tuning parameters. Moreover, KNN is a non-parametric and instance-based learning
algorithm, which means it doesn't make strong assumptions about the underlying data

distribution and bases its predictions on the similarity between data point [90-93].
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Figure 4.6. KNN technique [92].

4.2.4. Logistic Regression (LR)

LR is a statistical and ML method primarily used for binary classification tasks,
although it can also be extended to handle multi-class classification problems. Despite
its name, LR is designed to predict the probability of an observation belonging to a
particular class, making it a powerful tool for classification tasks It is depicted in
Figure 4.7. LR models the relationship between a dependent binary variable (0 or 1)
and one or more independent predictor variables by estimating the probability of the
dependent variable belonging to the positive class. The predicted probabilities are then
transformed using a threshold, typically 0.5, to make final binary predictions. If the
probability is greater than or equal to the threshold, the data point is classified as the
positive class otherwise, it's classified as the negative class. LR is a straightforward
and interpretable method for LP, and it can work well when there are clear patterns or

features that indicate the presence or absence of links in a network [94-97].
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Figure 4.7. Logistic Regression [95].
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4.2.5. Random Forest (RF)

RF is a technique common ML algorithm capable of handling both classification and
regression tasks with proficiency. This algorithm operates by combining multiple tree
predictors, each relying on values from a randomly sampled vector, maintaining the
same distribution across all trees within the forest. Bagging randomly selects samples
from the dataset to generate a decision tree, with each decision tree relying on a
random, independent dataset to make predictions. By combining the predictions of
individual trees, RF delivers robust and accurate results, making it a valuable tool in
various ML tasks As shown in Figure 4.8. RF is used as a LP algorithm for complex
networks to predict the connection probability existing between any two nodes. The
use of the RF algorithm in the field of LP its ability to combine multiple DT and
aggregate their predictions makes it robust and accurate. Its capabilities can used to

solve LP problems in various domains [98-100].
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Figure 4.8. Random forest technique [100].

4.2.6. Gradient Boosting (GB)

GB machines are a family of powerful ML techniques that have demonstrated
significant success in various practical applications. The GB algorithm operates by
sequentially adding weak models, typically decision trees, to the ensemble. Each weak
model is trained to minimize the loss function by focusing on the network data that
previous models struggled to predict accurately. This process explains how strong

predictors can be constructed iteratively by combining weaker modelsAmong the most
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popular implementations of GB, decision trees are commonly used as base predictors.
The key strength of GB for LP lies in its ability to handle large and complex networks
effectively. It can capture non-linear relationships and interactions between entities in
the network, leading to more accurate predictions. By leveraging the advantages of
ensemble learning and iterative model improvement, as depicted in Figure 4.9. GB can
effectively forecast future links in networks. Its capacity to manage complex network
structures and noisy data renders it a valuable tool in network analysis and data mining

[101-104].
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Figure 4.9. Gradient boosting technique [104].

4.2.7. Light Gradient Boosting Machine (LGBM)

The LGBM is a widely used ML algorithm, due to its efficiency, accuracy, and
interpretability in ML tasks, such as multi-class classification. LGBM is a gradient-
boosting framework that employs a DT based learning algorithm. Its key
distinguishing feature lies in the way it grows the trees during the boosting process.
Unlike other gradient boosting algorithms that grow trees horizontally, LGBM grows
trees vertically, progressing leaf-wise instead of level-wise [105]. This vertical growth

strategy allows for a more effective and efficient way of building DT, enabling the
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algorithm to handle large datasets and complex tasks with greater speed and less

memory consumption. This characteristic is illustrated in Figure 4.10.
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Figure 4.10. LightGBM framework technique [106].

One of the primary reasons for opting for LGBM over other contemporary algorithms
is its speed and efficient memory usage, making it a powerful tool for LP tasks,
especially when handling large datasets. LGBM's ability to process data swiftly and
effectively with minimal memory consumption makes it an ideal choice for various

complex ML tasks, including LP and analysis in complex networks [105-106].

4.3. NATURAL LANGUAGE PROCESSING (NLP)

NLP stands for Natural Language Processing, which is a subfield of Al, is a range of
computational techniques whose main goal is to provide machines with the capability
to understand natural language by understanding its semantics now playing a crucial
role in a vast number of knowledge discovery tasks. It includes sentiment analysis,
language translation, social networks, academic research [107]. NLP can be applied in
the context of complex networks to extract insights and patterns from textual data used
to analyze the textual help identify communities or clusters of nodes with similar
characteristics. For example, in a social network, you can analyze users' profiles and

posts to group them based on common interests [108].
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In this thesis, NLP techniques have used to transform complex details in Turkish
literature into different topics using TF-IDF. This textual information serves as the
basic structure for a complex network connecting authors and allows authors to be
thematically identified and clustered. This approach enables the uncovering of hidden
patterns and connections in Turkish literature publications, as seen in Figure 4.11.
Additionally, TF-IDF, which stands for “Term Frequency-Inverse Document
Frequency”, is used as a numerical statistic widely used in NLP and information
retrieval to evaluate the importance of a term within a document relative to a collection

of documents [109].

The TF measures the frequency of a terms appearance in a document, indicating its

relative importance within that document [110]. It is calculated as follows:

(Number of times term t appears in document d )
(Total number of terms in document d )

TFea) = (4.7)

The IDF evaluates the importance of a term across an entire collection of documents,
giving higher weight to rare terms and reducing the weight of common terms [111]. It

is calculated as follows:

(Total number of documents in the collection D)

IDFq) = logse (4.8)

(Number of documents containing termt)

The TF-IDF score for a term in a document is the product of its TF and its IDF,
quantifying its importance in a specific document while considering its relevance

across the entire document collection [112]. The TF-IDF score is calculated as:

TF — IDF(t,d,D) = TF(t,d) * IDF(t’D) (49)

The TF-IDF process results in a numerical score for each term in each document,
providing a numerical representation of the document's content. This representation is
valuable for document ranking, text classification, and information retrieval, enabling
the comparison of documents based on the similarity of their TF-IDF representations

[113].
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Figure 4.11. NLP technique.

4.4. MEASUREMENT AND EVALUATION

A multitude of measures exist to evaluate a model's performance within ML and hybrid
model classes. Parameters like Accuracy, Precision, Recall, and ROC (AUC) constitute
some of these essential metrics. Precise estimation of these parameters is crucial in
comprehending the constructed model and identifying potential flaws Leveraging
these metrics leads to a deeper understanding of ML and hybrid model performance,
enabling informed decisions about potential enhancements. Researchers can draw
precise conclusions about model accuracy and precision while pinpointing and
rectifying potential errors. Ultimately, utilizing these metrics is pivotal for obtaining

thorough and accurate evaluations of model performance.

Accuracy is a simple and widely used metric that measures the portion of cases
properly categorized relative to the total number of occurrences in the dataset [114].

The equation for Accuracy is defined as:

TP+TN

Accuracy = ————
y TP+TN+FP+FN

(4.10)

Precision is a valuable metric to evaluate a model's performance, especially in the
context of classification problems. TP refer to predicting correctly positives and FP
refer to the model incorrectly predicting a positive outcome [115], the equation of

precision is presented as following:

TP
TP+FP

Precision = (4.11)
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The recall is a crucial metric in the classification mission and refers to the proportion
of TP cases in a classification that is accurately identified by models [116]. The Recall

is calculated as following.

TP
TP+FN

Recall = (4.12)

One well-known method for evaluating a classification model's effectiveness is the
ROC curve, which is particularly useful for differentiating between positive and
negative categories. The trade-off between TPR and FPR across different
categorization thresholds is visually represented by the ROC curve. The AUC metric,

which ranges from 0.5 to 1.0, encapsulates the overall performance of the ROC curve.

A greater AUC denotes a higher TPR and a lower FPR for each decision threshold,
indicating the superiority of the classifier. Because it takes into account all possible
cutoff values, the AUC measure provides a comprehensive evaluation of classifier

performance [117].
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PART 5

EXPERIMENTAL STUDY

In this section, the thesis focuses on key aspects such as dataset preprocessing and the
experimental study design. It will provide a detailed explanation of the data cleaning
process, data partitioning, transformation techniques, and the dataset preparation for

model training. Additionally, the section will be focused on the network architecture.

5.1. DATASET

To begin with, the information dataset on Turkish literature is acquired from Kaggle
[118]. This dataset encompasses a diverse range of literary works, research papers, and
publications across various fields, including literature, psychology, business, science,
and etc. moreover, the dataset provides an extensive detail, such as the names of
authors, publishers, book titles, book category names, book product codes, publication

years, and also comprehensive book details, as illustrated in Table 5.1.

Table 5.1. The structure of the data set used in the experimental study.

N Book Title Book Book Book Book Book Book Book detail
Publisher Author  Category  Product Page  Year
Name Code Count
0 Klinik Nobel Mehmet Ak academic 9.786250e+1 260.0 2022.0 Bilissel
Uygulamada Akademik 2 davranisci
Bilissel Yaymeihk terapi (BDT)
Davranisci alaninda cal...
Terapi - 2
1 Tasra Iletisim Tugba academic 9.789750e+1 400.0 2023.0 Tug ba Tekerek,
Universiteleri  Yaymevi Tekerek 2 tas ra
u niversitelerini
n akad...
2 Cocuklar ve Nobel  Arzu Aydin academic 9.786050e+1 304.0 2021.0 Cocuklar ve
Ergenler icin Akademik 2 Ergenler i¢in
Bilissel Yaymeihk Bilissel-
Davranisei ... davramsel ...
3 iki Dirhem Bir Kap1 iskender academic 9.789760e+1 212.0 2022.0 Anlatimi
Cekirdek Yaymlar: Pala 2 giizellestirmek,
savunulan fikir
ve dii...
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4 Reader at oDTU Kolektif academic 9.789750e+1 550.0 2020.0 This book is the

Work 2 Gelistirme 2 second volume
Vakfi of a collection...
Yaymcilik
5 Cocuklar i¢in Nobel Nancy Davis academic 9.786060e+1 460.0 2022.0 Hepimizin
Iyilestirici Yasam 2 yasam bir
Oykiiler oykii...
Dogumumuzdan

once ...
6 Adim Adim Cenevre  V.Ozlem academic 9.786260e+1 273.0 2022.0 Uzayan insan

Iyiye Fikir Bozkaya 2 omriiniin,
Sanat kronik
hastaliklarin
dev...
7 Algoritma Seckin Do¢. Dr.  academic 9.789750e+1 616.0 2020.0 Yenilenmis 14.
Gelistirme ve  Yaymncilik Fahri 2 baskisini yapan
Programlamay Vatansever kitaba,
a Giris okuyucu...
8 Bilissel Nobel Judith S. academic 9.786050e+1 406.0 2020.0 *Biligsel
Davramise1  Akademik Beck 2 Davranisci
Terapi Yaymcilik Terapi* kitabini,
Temelleri ve alanda ...
Otesi
9 Cografi Alfa Erol academic 9.786250e+1 456.0 2022.0 Uygarlk tarihi
Kegsifler Yayimnlar1 Miitercimler 2 boyunca

insanlik kesifler,
ic

5.1.1. Data Pre-Processing

Data pre-preprocessing stands as an important stage within the data mining process.
This stage requires cleaning, transforming, and integrating data to prepare it for
analysis. The primary objective of data preprocessing is to enhance data quality, and
tailor it to suit the specific requirements of the data mining task at hand. Addressing
concerns like missing values, outliers, and discrepancies, Moreover, this process
ensures that data is appropriately structured and standardized for subsequent analysis

and modeling.

In this context, the Data cleaning is identifying and handling missing or erroneous data.
This can involve removing or imputing missing values, correcting inconsistent data,
or removing outliers. Thus, the possible of issues in analysis prevented by ensuring the

quality as well as the integrity of data.
Transforming data text into numerical values is very important, particularly when

working with textual data in various data analysis tasks. In additional, this process,

often termed text encoding or text vectorization, involves converting text variables into
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numerical representations. Utilizing tools like the Label Encoder from the scikit-learn
(sklearn) library assigns a unique integer to each distinct category value, as illustrated
in Table 5.2. This transformation enables compatibility with ML models while
retaining the inherent information within the data. However, it is essential to recognize
that label encoding doesn't introduce any new information to the dataset and might not

be suitable for all types of categorical data.

Table 5.2. Dataset after labeling and transformation processes.

N Book Book Book Book Book Book Book Subject
Title  Publisher Author Category Product Page  Released
Name Code Count Year
0 50328 194 1107 2 838 96 1922 5
1 39863 1834 14783 0 872 340 1961 9
2 36369 2538 6538 0 836 172 2007 8
3 41518 2215 17258 0 836 619 1969 7
4 47794 2538 1896 0 836 758 2011 5
5 28222 2171 9798 2 872 151 2008 7
6 52591 2538 23776 0 836 86 1977 5
7 41528 2215 17258 0 836 268 2016 7
8 31640 1897 26081 4 872 95 2013 2
9 43283 2538 23776 0 836 288 2023 5

In this direction, the NLP and ML techniques are utilized to categorize Turkish books
using their details. It is worthy to mention that the script involves several key steps,
including the importation of essential libraries, preprocessing of data by cleaning and
normalizing text, and text vectorization using the TF-IDF technique facilitates the
transformation of textual information into a format that is conducive to ML algorithms
as Table 5.3, thereby enabling the identification of significant patterns and clusters
within the dataset. In this regard, the subsequent application of KNN clustering aids in
the automatic categorization of books, simplifying the process of organizing and
understanding the diverse collection of Turkish literature based on shared features and
attributes. By documenting the steps involved in the process, and the subsequent

storage of results in a CSV file.
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Table 5.3. Clustering of publication details by subject with NLP.

Book detail Subject
Bilissel davramis¢i terapi 7
(BDT) alanminda calu...
Tug"ba Tekerek, tas,ra 5
u“niversitelerinin akad...
Cocuklar ve Ergenler icin NLP 7

Bilissel-davranisci ...

Anlatim giizellestirmek, ‘ )
savunulan fikir ve dii...
This book is the second
volume of a collection...

Hepimizin yasam bir éykii...
Dogumumuzdan énce .

5.1.2. Creating Network

In this scenario, the prepare of the structure for two distinct two networks by specifying
the nodes and links for the network link prediction. Researcher identify the nodes
within the network that hold significance in the LP task. However, these nodes can
represent diverse entities, including authors, publishers, and publication years, all of
them play a significant role in determining the connections between different network
parts. By specifying the nodes, we establish the foundation for analyzing the network's
structure and predicting future links. Once the nodes are defined, researcher move on
to specifying the links in the network. Subsequently, researcher meticulously delineate
the links in the network, representing the various connections or relationships between
the specified nodes. Gephi was chosen as the preferred tool for this study [119]. The
selection of Gephi was based on its remarkable capability to effectively handle and
process substantial volumes of data. Effectively handle and process substantial
volumes of data. Additionally, Gephi's capacity to translate complex textual data into
clear and intelligible visual representations further solidified our decision. A
comprehensive understanding of these links and their underlying characteristics is
crucial in predicting the formation of new links within the network. In the thesis study,

networks with two different structures have implemented.
Author-Publisher Network: This network entails the specification of nodes, including

authors, publishers, and publication years, with book titles serving as the edges as

shown in Figure 5.1. Structuring the data in this way facilitates the implementation of

40



LP, which takes advantage of LSI and ML techniques. This approach enables the
construction of a predictive model capable of identifying and foreseeing connections
or relationships between authors, publishers, publication years, and book titles in the
network. Within this network, our primary objective is to offer recommendations to
authors and publishers, guiding them in making informed decisions about their
publication strategies for the upcoming years. These recommendations may
encompass optimal release timing, target audience selection, and even potential

collaborative opportunities, all aimed at enhancing the success and impact.

Figure 5.1. Author-Publisher collaboration network.

Author-Author Network: In this network, both the nodes and the links are precisely
defined within the network. The nodes represent two distinct authors, while the links
signify the shared book titles as illustrated in Figure 5.2. Using LP algorithms and
advanced ML methodologies, a predictive model was built to predict possible future
collaborations between the two authors. This approach anticipates and comprehends
the potential subject areas in which the authors might collaborate based on their shared

Turkish works.
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Figure 5.2. Author — Author collaboration network.

Structuring a network is the preliminary work for a comprehensive exploration of
network dynamics and fosters a deeper understanding of the underlying relationships
and potential collaborations within the dataset. As matter of fact, this strategic
approach to data preparation forms the basis for advanced network analysis and fosters

the generation of valuable insights and predictions within the network data.

5.1.3. Data Segmentation

Data segmentation involves the process of partitioning a dataset into distinct subsets
or segments based on specific criteria or attributes. In the context, the dataset
encompasses publications from the years 1920 to 2023, which have been segmented
into five distinct periods based on their year of publication. To emphasize, these

segmented subsets are subsequently subjected to the application LSI and ML, enabling
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the construction of network structures that depict the evolution of relationships over

time.

In the first network, the dataset is partitioned into five different time periods based on
the publication years as Table 5.4. Within each time a designated portion is allocated
for training, encompassing all years within that specific segment. Additionally, another
portion is reserved for testing covering the most recent three years within the segment.
This strategic division of the dataset ensures that comprehensive training and testing

data are available for analyzing the temporal evolution of the network over distinct

timeframes.
Table 5.4. Dataset segmentation on years.
Steps Training Testing Nodes Edges
1 1922-2003 2001, 2002, 2003 2228 4687
2 1922-2008 2006, 2007, 2008 5088 10289
3 1922-2013 2011, 2012, 2013 9730 17196
4 1922-2018 2016, 2017, 2018 14469 23791
5 1922-2023 2021, 2022, 2023 18022 36619

In the author-author networks, the focus is available datasets, utilizing an NLP server
to transform the intricate details of publications into distinct subjects. This
transformation process enables the conversion of textual information into a structured
format that can be readily analyzed and processed. Subsequently its LSI algorithms
and advanced ML techniques are applied to the dataset, facilitating a comprehensive

analysis of the network's underlying relationships and dynamics.

5.2. PROPOSED HYBRID APPROACH

The experimental study constitutes an extensive exploration of various LP methods
applied to complex social networks and interaction networks. However, there remains
a paucity of research that specifically assesses the performance of these methods in
dynamic networks, particularly concerning the intricate relationships among book

publishers within the Turkish publishing dataset. As demonstrated in Table 5.5, the
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thesis outlines the construction methods employed in the two networks, encompassing
a diverse array of algorithms ranging from LSI to sophisticated ML models. To
enhance the overall model performance, a novel hybrid model was introduced,
designed to achieve superior accuracy and foster the development of an improved
predictive model within the domain of Turkish literature.

Table 5.5. Representation structure of two different networks.

Model type Networks nodes Edges Objective
1- Model LSI  Author-Publisher Author, Book title LP model to predict future
Network publisher, collaboration between authors
year and publishers to be based
2- Hybrid next year
Model Author-Author Author subject Create a LP model to predict
Between Network subject based connections
LSI and ML between authors.

The structure used dataset in the thesis consists of a Turkish literary dataset total
comprising approximately 14,537 dataset samples, spanning its inception from 1922
to 2023. In the author-publisher network, its model comprises 18,528 nodes
interconnected by 37,742 links, demonstrating a complex and expansive network
structure. In contrast, the author-author network presents a model with 11,595 nodes
connected by 13,246 links, showcasing a more concise yet interconnected network
configuration, thereby encapsulating the evolving dynamics of the literary landscape
within the network sphere. The model-building process is visually illustrated in Figure
5.3. The model construction framework is orchestrated through the implementation of
two primary methodologies. Initially, LSI algorithms are deployed to discern
underlying patterns and relationships within the dataset. Subsequently, ML are

integrated into the model, further enhancing its predictive capabilities and performance
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metrics performance metrics. are integrated into the model, further enhancing its

predictive capabilities and performance metrics.
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PART 6

RESULTS AND DISCUSSION

This section discussed the outcomes utilized two networks and conduct a comparative
analysis practically graphical representations and tables data. Then, the identification
of the most promising performance metrics will be involved a comparison of

methodologies and findings from various research studies.

6.1. LINK PREDICTION RESULTS FOR AUTHOR-PUBLISHER
NETWORKS

In the author-publisher network, two distinct models were employed, each based on
different algorithms, with the results presented for detailed analysis and discussion.
This comprehensive approach facilitates evaluation of the outcomes generated by these
diverse methodologies, thereby offering valuable insights into their strengths and

limitations within the context of the study.

6.1.1. Results of LSI

The LSI measures serve as essential indicators that assess the degree of similarity or
relatedness between two nodes within a network, primarily based on their immediate
neighbors or local graph structure. Various LSI measures were utilized in this thesis,
including CN, JC, AA, PA, RA, and SI. Table 6.1 and Figure 6.1 explain the AUC

score obtained to apply the author-publisher network.
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True Positive Rate

Table 6.1. Author-publisher network AUC score obtained by LSI methods.

True Positive Rate
°

Similarity local Method AUC
Common Neighbor Index 0.7435
Jaccard Coefficient Index 0.6190
Preferential Attachment Index 0.6600
Adamic-Adar Index 0.7426
Resource Allocation Index 0.7390
Sorenson Index 0.6309
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Figure 6.1. Representation plot of LSI methods applying to author-publisher networks.

The outcomes of LSI manifest discernibly, with the CN, AA metrics attaining the

highest accuracies of 0.7435 and 0.7426, respectively. Meanwhile, the RA metric

achieved an accuracy of 0.7390, PA demonstrated an accuracy of 0.6600, and SI

yielded an accuracy of 0.6309. It is clear that, the JC recorded the lowest accuracy of

0.6190 in assessing the similarity between two nodes.

These findings underscore the superior efficacy of the CN and AA coefficients in

gauging the likeness between nodes within the network. Their discernment proves

instrumental in identifying pivotal relationships and patterns embedded in the network

structure. Conversely, while the PA, RA, and SI metrics rendered commendable

47

1.0



results, the JC metric exhibited a comparatively lower accuracy, indicative of its

limitations in capturing nuanced similarities among nodes.

6.1.2. Results of Hybrid Model (LSI and ML)

The AUC results obtained by using LSI methods together with ML in the author-

publisher network are shown in Figure 6.2 and Table 6.2.

Table 6.2. AUC score hybrid model the author-publisher network.
ML

LSI

DT SVM KNN LR RF GB LGBM
CN 0.9523 0.7989 0.9312 0.9365 0.9576 0.9523 0.9523
JC 0.9094 0.8572 0.8943 0.8426 0.9094 0.9073 0.9094
PA 0.9014 0.8615 0.8954 0.8453 0.9024 0.9057 0.9014
AA 0.9163 0.8553 0.9106 0.8534 0.9192 0.9139 0.9163
RA 0.9024 0.8553 0.9034 0.8601 0.9048 0.9053 0.9024
SI 0.9030 0.8556 0.8965 0.8488 0.9062 0.9062 0.9030
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Figure 6.2. Representation plot of hybrid approach applying to author-publisher
networks.
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To improve performance of a hybrid model between LSI and ML in the author-
publisher network by applying ML techniques to LSI algorithms. In additional, this
approach demonstrated that classification significantly improved the accuracy of
model results. In this context, the RF algorithm has got the highest accuracy, achieving
a good 0.9576 success rate. Thu, the accuracy rate of the same algorithm when applied
to the rest of the LSI algorithms ranged from 0.9019 to 0.9576, DT achieved an
accuracy range of 0.9014 to 0.9523, GB ranged from 0.9013 to 0.9523, LGBM gained
accuracy between 0.9014 and 0.9523, KNN maintained an accuracy range from 0.8943
to 0.9312. LR exhibited an accuracy ranging from 0.88426 to 0.9206, while SVM
showed an accuracy ranging from 0.7989 to 0.8615. These results underscore the
performance and power of these algorithms illuminating the intricate relationships
within the Turkish literary dataset. To conclude, the RF algorithm demonstrated
exceptional performance, outperforming other techniques and providing valuable
insights into the network dynamics and connections among authors, publishers,

publication years, and book titles in Turkish literature.

6.1.3. Results Segmentation Dataset

Following the partitioning of the dataset, the best model that obtained high accuracy

is applied to years of publication, divided into five sections as shown in Table 6.3.

Table 6.3. AUC scores best hybrid model to the segmentation dataset based on years.

Steps Years Hybrid Model (CN-RF)
1 1922-2003 0.8379
2 1922-2008 0.8792
3 1922-2013 0.9153
4 1922-2018 0.9408
5 1922-2023 0.9583

It is crucial to understand how the network evolves over time after applying the most

effective LP model to the Turkish literary dataset.
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6.2. LINK PREDICTION RESULTS FOR AUTHOR-AUTHOR NETWORKS

In the author-author network, the implementation of NLP facilitated the conversion of
intricate book details into distinct subjects. This transformation enabled the application
of two distinct methods based on different algorithms, including LSI and ML. This
approach allows for a comprehensive evaluation of the results generated by these

methods.

6.2.1. Result of LSI

The LSI is used to measure the similarity between two nodes. the algorithms CN, JC,
AA, PA, RA, and SI, has used to apply to its author-author network to find out the
similarity between two entities. The results of these analysis are presented
comprehensively in and Table 6.4 and Figure 6.3 Representation plot graph has

explained the AUC score for each technique.

Table 6.4. AUC score performed using measurement methods to the author-author

network.
Similarity local Method AUC
Common Neighbo Index 0.7091
Jaccard Coefticient Index 0.7211
Preferential Attachment Index 0.8444
Adamic-Adar Index 0.7052
Resource Allocation Index 0.7211
Sorenson Index 0.7655
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Figure 6.3. Representation plot of LSI applying to author-author networks.

The outcomes of the LSI revealed distinct accuracy levels, with the PA leading with
the highest accuracy at 0.8444, followed by the SI accuracy at 0.7655, JC obtaining
accuracy at 0.7211, RA at 0.7211, and CN getting accuracy at 0.7091. Conversely, the
AA exhibited the lowest accuracy at 0.7052 in capturing the similarity between the

two nodes.

These findings highlight the effectiveness of the PA coefficient in discerning
meaningful relationships and patterns within the network structure, underscoring its
ability to accurately assess the local similarity between nodes. While the RA and JC
measures also delivered commendable results. The comparatively lower accuracy of
the CN and AA emphasizes its limitations in capturing the nuanced similarities

between nodes within the network.

6.2.2. Result of Hybrid Model (LSI and ML)

The author-author network applied a hybrid model between LSI and ML to obtain

better results that represent relationships between authors based on their subject. The
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results of these analysis are presented comprehensively in and Table 6.5 and Figure

6.4 Representation plot graph has explained the AUC score for each technique.

Table 6.5. AUC score hybrid model the author-author network.
ML

LSI

DT SVM KNN LR RF GB LGBM

CN 0.9558 09508 0.9574 09236 0.9575 09592  0.9592
JC 0.9541 09385 09541 09197 09572 0.9562  0.9562
PA 09732 09654 09732 09442 09749 0.9738 0.9743
AA 0.9560 09258 0.9531 0.8917 0.9580 0.9551 0.9570
RA 0.9540 09387 0.9595 09147 0.9562 09573  0.9573
SI 0.9334 09233 0.9289 0.9007 0.9357 09413  0.9391
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Figure 6.4. Representation plot of hybrid approach applying to author-author
networks.

In the author-author network, the implementation hybrid model of ML to the local
similarity index analysis on the Turkish literary data revealed varying accuracy results.
Particularly notable has been the RF algorithm, which achieved the highest accuracy
at an 0.9749. Furthermore, when applied to the remaining LSI algorithms, the RF

algorithm consistently demonstrated accuracy levels, ranging from 0.9357 to 0.9749,
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GB ranged from 0.9413 to 0.9738, LGBM got an accuracy between 0.9391 and 0.9743,
KNN achieved an accuracy range between 0.9289 and 0.9732, DT demonstrated an
accuracy range from 0.9334 to 0.9732, LR exhibited accuracy ranging from 0.8917 to
0.9442, and SVM showed accuracy ranging from 0.9233 to 0.9654. These findings
underscore the adaptability and robustness of the ML algorithms across different
similarity indexes, providing valuable insights into the relationships between authors

and their subject selections within the context of Turkish literary data.

6.3. DISCUSSION

Evaluation and results obtained from the application of various algorithms, methods
and strategies on Turkish literary datasets show that LSI and ML methods are
successful for future interactions on Turkish literature dataset. These results show that

the hybrid model can be used in recommendation systems for collaboration networks.

In the initial phase, the utilization of local similarity index algorithms for LP in both
two networks revealed key insights into the nature of relationships between different
entities or nodes within the network. In the author-publisher network, the CN
demonstrated notable accuracy of approximately 0.7435. The CN Index's ability to
identify the number of shared neighbors between nodes serves as a powerful indicator
of potential collaborations and fruitful interactions, offering valuable insights for
future engagements and recommendations within the literary landscape. In the author-
author network, PA Index was the most successful method with an accuracy rate of
0.8444 among the LSI methods. Its ability to prioritize nodes with higher degrees, this
index contributes to the emergence of hubs and the overall structural and dynamic

evolution of complex networks.

In the second stage, a hybrid approach has created by applying ML algorithms to LSI
techniques in the author-publisher network. In particular, the success of CF-R in
capturing and predicting relationships between various literary entities has been
demonstrated, exhibiting good accuracy levels of 0.9576. Similarly, in the second
author-author network, PA-RF performed well with accuracy levels of 0.9749,

demonstrating its capacity to capture new connections and predict relationships
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between authors and other literary entities. As seen in Table 6.6, hybrid approaches
that give the most successful results in both networks can be used for recommendation

systems in association networks.

Table 6.6. The most successful models for two network.

Type networks Similarty AUC Hybrid AUC
index score model score

Author-Publisher Network CN 0.74 CN-RF 0.95

Author-Author Network PA 0.84 PA-RF 0.97
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PART 7

CONCLUSION

This thesis concludes two training methodologies proposed for addressing the
challenge of LP in complex networks. By comparing the accuracy of two prevalent
methods for relationship prediction, including LSI and ML, it demonstrates their
efficacy in the context of real-world Turkish literary datasets. The Python-coded
experiments evaluate the efficiency and effectiveness of prediction algorithms, with
the support of external tools such as the Networkx library, expediting development and
ensuring high quality. Moreover, the thesis delves into the application of NLP and ML
techniques for the classification of Turkish books based on their details. It involves the
utilization of fundamental libraries, text vectorization using TF-IDF, book
categorization using KNN clustering, and the recording of outcomes in a CSV file.
This thesis includes a multi-step approach that combines different algorithms and

strategies, a promising path toward building future predictive models.

The application used LSI algorithms, which is a technique used in network analysis to
predict between two nodes within a network based on their local structural similarities.
It focuses on identifying potential connections between nodes by examining their
common neighbors or shared connections in the network, In the author-publisher
network, CN and AA obtained the highest accuracy and the author-author network PA
contained better accuracy, where predicting all possible links in the two networks,
Represents ML is one of the effective tools for obtaining results that predict more
possible connections. This thesis also has appeared on the effect of ML in generating

robust connection predictions between two entities.
In two distinct networks, the hybrid model delivered noteworthy results by

implementing algorithms ML to techniques LSI achieving a prediction score high by

CN-RF in the author-publisher network and obtaining the best score for PA-RF
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algorithms in the author-author network of the literature dataset. To further develop
the performance of the model. It is considered that using a hybrid model gives more
strength to the model to obtain more future predictions and effective recommendations

for authors and publishers to choose their topics more accurately in the coming years.

The proposal for future work in leveraging the insights gained from the current thesis
and expanding the study to encompass larger datasets, incorporating additional classes
and algorithms within ML and hybrid models demonstrates a strategic and forward-
thinking approach. The idea of combining LP algorithms with ML and deep learning
as the dataset grows reflects an awareness of the evolving landscape of data analysis.
Overall, the results from the study have the potential to improve the scope and

applicability of the study.
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