
The University of Dodoma

University of Dodoma Institutional Repository http://repository.udom.ac.tz

Information and Communication Technology Master Dissertations

2020

Comparative study of pagerank and hits

algorithms for reciprocal link prediction

in online social networks

Pallangyo, Brian Somi

The University of Dodoma

Pallangyo, B. S. (2020) Comparative study of pagerank and hits algorithms for reciprocal link

þÿ�p�r�e�d�i�c�t�i�o�n� �i�n� �o�n�l�i�n�e� �s�o�c�i�a�l� �n�e�t�w�o�r�k�s� �(�M�a�s�t�e�r ��s� �d�i�s�s�e�r�t�a�t�i�o�n�)�.� �T�h�e� �U�n�i�v�e�r�s�i�t�y� �o�f� �D�o�d�o�m�a�,� �D�o�d�o�m�a�.

http://hdl.handle.net/20.500.12661/2492

Downloaded from UDOM Institutional Repository at The University of Dodoma, an open access institutional repository.



COMPARATIVE STUDY OF PAGERANK AND HITS 

ALGORITHMS FOR RECIPROCAL LINK 

PREDICTION IN ONLINE SOCIAL NETWORKS 

 

 

 

 

 

 

 

BRIAN SOMI PALLANGYO 

 

 

 

 

 

 

 

MASTER OF SCIENCE IN COMPUTER SCIENCE 

THE UNIVERSITY OF DODOMA 

OCTOBER, 2020 



COMPARATIVE STUDY OF PAGERANK AND HITS 

ALGORITHMS FOR RECIPROCAL LINK PREDICTION IN 

ONLINE SOCIAL NETWORKS 

 

 

 

 

 

 

 

BY 

BRIAN SOMI PALLANGYO 

 

 

 

 

 

 

A DISSERTATION SUBMITTED IN PARTIAL FULFILLMENT OF 

THE REQUIREMENTS FOR THE DEGREE OF 

MASTER OF SCIENCE IN COMPUTER SCIENCE 

 

THE UNIVERSITY OF DODOMA 

OCTOBER, 2020 



i 

DECLARATION 

AND 

COPYRIGHT 

I, BRIAN SOMI PALLANGYO, declare that this dissertation is my own original 

work and that it has not been presented and will not be presented to any other 

University for a similar or any other degree award.  

 

 

 

 

 

 

 

Signature:………………………………………………………. 

 

 

 

 

 

 

No part of this dissertation may be reproduced, stored in any retrieval system, or 

transmitted in any form or by any means without prior written permission of the author 

or The University of Dodoma. If transformed for publication in any other format shall 

be acknowledged that, this work has been submitted for degree award at                         

The University of Dodoma. 



ii 

CERTIFICATION 

The undersigned certify that they have read and hereby recommend for acceptance by 

The University of Dodoma dissertation entitled, “Comparative Study of PageRank 

and HITS Algorithms for Reciprocal Link Prediction in Online Social Networks”, 

in partial fulfillment of the requirements for the degree of Master of Science in 

Computer Science of The University of Dodoma.  

  

 

 

 

 

PROF. LEONARD MSELLE 

 

Signature:……………………………… Date: ……………….. 

(SUPERVISOR) 

 

 

Mr. JUSTINE EUSTACE 

 

Signature:……………………………… Date: ……………….. 

(SUPERVISOR) 



iii 

ACKNOWLEDGMENT 

Foremost and heartfelt recognition to the Almighty God for protection and care 

throughout the time of conducting this dissertation. His abundant grace allowed the 

smooth accomplishment of this research study. 

Appreciation to my supervisors, Prof. Leonard J. Mselle and Mr. Justine Eustace for 

the intellectual advice and guidance. They have been pillars to ensure the aptness of 

this research study.  

Special thanks to my parents, Mr. Eliawira Somi Pallangyo and Mrs. Rogathe Somi 

Pallangyo, my brother, Owen Somi Pallangyo and my sister, Dr. Diana Somi 

Pallangyo. 

Lastly, sincere gratitude is expressed to the academic staff of the College of 

Informatics and Virtual Education as well as the whole community of The University 

of Dodoma.  

    



iv 

DEDICATION 

This work is dedicated to my parents, Mr. Eliawira Somi Pallangyo and Mrs. Rogathe 

Somi Pallangyo, without whom I would not have made it to the university in the first 

place. 



v 

ABSTRACT 

Online Social Networks (OSN) provides active space for digital human interaction and 

are used daily. Human engagement is reflected by exploiting the dynamics of OSN, 

where the fundamental problem is to infer future interactions on the network, called 

link prediction. Most studies have employed classical algorithms which consider node 

similarity but neglected the link analysis algorithms which consider topological 

structure. This study focused on the comparative study of predicting reciprocal 

interaction from para-social interaction using algorithms. Particularly, this study 

selected PageRank and HITS, which are considered famous link analysis algorithms 

with high order heuristics. Network simulation was performed to understand the 

performance of the algorithms when used to predict reciprocal link formation by 

employing machine learning techniques. For the experiment, two datasets were used 

to ensure the reliability of the results. Initially, the publicly available secondary dataset 

of Twitter was used followed by primary dataset crawled from Mayocoo, both of 

which are directed networks. The resulting networks from both datasets adhere to 

power-law distribution. Resource allocation was used as the baseline for the study after 

outperforming Adamic-Adar, Jaccard Coefficient, and Preferential Attachment. The 

result of this study showed that both PageRank and HITS surpassed the baseline in 

performance of prediction. Thus, PageRank has an accuracy improvement of 1.8% 

with precision and recall of 4.8% and 1.1%, respectively. Furthermore, this 

improvement comes with a balance of 3% (f1-measure). When HITS is used, there is 

an improvement accuracy by 5%, with 15.1% (precision), 7.9% (recall) and 11.5% (f1-

measure). These empirical results demonstrate that HITS outperforms PageRank in 

prediction performance. Also, the results from the computational test showed that 

PageRank uses less computational resources compared to HITS. This study suggests 

the use of link analysis algorithms over classical algorithms for reciprocal link 

prediction in OSN. Furthermore, the use of HITS is recommended when prediction 

performance is vital compared to computational cost, otherwise, PageRank in cases 

were computational resources are minimal.
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CHAPTER ONE 

INTRODUCTION 

1.0 General introduction 

This study explored reciprocal link prediction algorithms in online social networks, 

using PageRank and Hyper Induced Topical Search (HITS) algorithms. The study 

focused on the comparative study of the algorithms using prediction performance. This 

chapter presents the background information on the research problem. Furthermore, it 

presents the problem statement and the significance of the study. The chapter also 

outlines the study objectives and their corresponding research questions. Finally, this 

chapter concludes with the description of the study scope and limitations.  

1.1 Background information 

Social relations are always associated with frequent social interactions. Recently, 

technologies have enabled people to maintain these social relations through online 

social networks platforms. The platforms are replacing other communication means 

like telephone and emails (Piña-García, Gershenson, & Siqueiros-García, 2016). 

Online Social Networks (OSN) has become part of the daily schedule in the current 

information age. OSN has experienced growth in penetration and usage as shown in 

Figure 1.1, thus being the most popular online activity with high user engagement 

(Clement, 2018). 

 

Figure 1.1: Number of global social media users from the year 2010 to 2021 

where actual data is from 2010 to 2017 and projections from the year 

2018 to 2021 as presented by Clement (2018) 
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Figure 1.2: Timeline of launching famous Online Social Networks 

By mid-2016, US citizens spent almost two hundred and fifteen minutes on OSN 

through using smartphones (Statista-Research-Department, 2016). Furthermore, the 
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study demonstrated that the same population spent almost sixty-one minutes using a 

personal computer on OSN. Moreover, some spent forty-seven minutes using tablet 

devices totalling to the usage of three hundred and twenty-three minutes per week on 

OSN. The population is equivalent to 3.2 percentage of overall week time dedicated 

to OSN, which is only 1.4 percentage points lower than time spent in eating and 

drinking, which is 4.6 percentage as outlined by the U.S. Bureau of labour statistics 

(2019). The popularity of OSN drive importance to study its characteristics and 

behavior. 

OSN are digital platforms that translate social interaction into human online behaviors 

(Pelaprat & Brown, 2012). OSN demonstrate multiple properties and geometric 

patterns like degree correlation, centrality, betweenness, resilience, community 

structure, small-world, scale-free, and power-law distribution (Borgatti, 2005; Easley 

& Kleinberg, 2010; Kwak et al., 2010; Mislove et al., 2007; Otte & Rousseau, 2002). 

Thus, they deemed to be considered complex networks. A list of popular OSN with 

corresponding founded year, country of origin and web source link is presented in 0, 

whereas the timeline of the list is summarized in Figure 1.2. 

 

Figure 1.3: Representation of social interactions 
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OSN's increasing popularity provides a platform for the spread of information and 

interaction. OSN utilization has proliferated to various fields to be important in 

fostering of distance education (Bozkurt, Karadeniz, & Kocdar, 2017), romantic 

relationships (Hand et al., 2013), marketing (Bolotaeva & Cata, 2011), news 

dissemination (Hong, 2012), recruiting (Buettner, 2016) and so forth. 

The study of OSN as complex networks is often ideal for uncovering their 

corresponding sophisticated features of numerous phenomena (Ghoshal et al., 2014), 

which is aided by complexity science. Complexity science involves the study of 

complex, dynamic, multidimensional, and interconnected relationships assisted by the 

use of computers to support complex mathematical models’ computation (Heylighen, 

Cilliers, & Gershenson, 2006). In applying complexity science to study different 

aspects of OSN, the use of graphs as modelling tool is vital for enhancing the social 

interaction modeling of people (Bondy & Murty, 1976; Rothe, 2005). 

   

                                 (a)            (b) 

 

   (c) 

Figure 1.4: Trend of articles with keywords “link prediction in social networks” 

as presented by Wang et al. (2015) from three important computer 

science libraries. (a) Association for Computing Machinery (ACM) 

(b) Institute of Electrical and Electronics Engineering (IEEE)              

(c) Elsevier 
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More than an acquaintance, social relations are always maintained by frequent 

interaction. These interactions can be expressed as para-social, reciprocal or triadic 

links. The para-social interaction link is one-way interaction from node to another 

node. The triadic interaction link is an interaction between nodes with mutual 

connection hence forming three actor circuit (triadic closure) (Lou et al., 2013). This 

study focuses on the reciprocal interaction link, which is a two-way relationship 

between a pair of nodes represented as two reciprocating directed links or using an 

undirected link. Figure 1.3 provides a visual representation of social interaction 

existing among users in OSN. 

Interactive relationships underlies much of online activities, thus understanding these 

interaction insights on users’ social behavior and changing nature of relationships. The 

motivation of attaining insights in the OSN interaction link has developed to various 

researchers, as shown in Figure 1.4. Thus, research to solve link prediction in OSN is 

growing (Wang et al., 2015). Consequently providing an increase of user visibility to 

the public through a friends recommendation system and motivates OSN to support 

user actions such as liking user status or commenting on user activity (Pelaprat & 

Brown, 2012). 

Studies on link prediction in OSN always focuses on the study of future link. Initial 

studies on link prediction in human social networks considered intrinsic structural 

features (Lorrain & White, 1971; Travers & Milgram, 1969) when examining the 

human relationships among respondents from data collected through questionnaires 

and interviews (Wasserman & Faust, 1994; Zachary, 1977). Systematic development 

of algorithms from this foundation was performed by considering feature similarity 

among two individuals to estimate the probability of link formation in OSN and are 

termed as classical link prediction algorithms (Adamic & Adar, 2003; Barabási & 

Albert, 1999; Newman, 2001). 

Further studies exploited the link structure information of complex network and 

proposed algorithms to solve the link prediction problem based on network topological 

path across the nodes (Han et al., 2016; Weng et al., 2010; Yang et al., 2012) at this 

moment termed as modern prediction methods. Among these, the PageRank algorithm 

and HITS algorithm are proven to be popular modern link prediction methods with 

high order heuristic (Devi, Gupta, & Dixit, 2014). 
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The emphasis of the previous study of link prediction is on para-social link prediction 

where reciprocal link prediction has less attention (Gong & Xu, 2014). While it is 

stated that, understanding the formation of reciprocal link provides micro-level 

dynamics underlying in the community structure of OSN like user influence to others 

(Hopcroft, Lou, & Tang, 2011). 

This study explored the PageRank algorithm and HITS algorithm as employed in OSN 

context for predicting reciprocal link formation. A comparative study is performed by 

subjecting the algorithms to OSN dataset to determine the performance of the 

algorithms in terms of prediction accuracy and usage of computational resource, after 

that the researcher attempted to determine which algorithm outperforms the other. 

1.2 Statement of the problem 

The wave of complex networks has mostly shifted from academic researches to 

decision making, event planning, sales processes among commercial organizations 

(Chambers et al., 2012). The organizations are interested in observing significant 

aspects of OSN like the reputation of social sites, information diffusion and contagion 

(Bakshy et al., 2012; Heylighen et al., 2006; Lerman & Ghosh, 2010) aided by social 

network analysis tools. 

Unfortunately, OSNs are dynamic, thus having formation and diminishing of 

interactions among individuals (Adamic & Adar, 2003), hence determining the 

presence of future interaction among entities poses a challenge. These interactions are 

dynamic due to the mutual relationship and affiliation of its actors (Kossinets & Watts, 

2006). Characterizing these interactions need link prediction algorithms. 

There are various studies on link prediction algorithms. However, each technique is 

domain-dependent, and the choice of which method to employ remains a challenge. 

Gupta et al. (2015) performed a comparative study of traditional link prediction 

methods based on accuracy, precision, specificity, and sensitivity. They determined 

that KatzGF works well but has maximum time complexity hence not suitable for a 

large dataset of which CNGF is the recommended option. 

Transformation of networks to computer-based systems brought about new research 

areas described as link-based analysis. Studies have been performed looking onto the 

nature of the connection of links among network items to determine the characteristics 
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existing in the network, hence link-based algorithms were later used. Chien et al. 

(2014) performed a study using link-based algorithms in OSN by comparing the 

ranking sequence of users by PageRank and HITS algorithms when employed to 

retweet relationships on the Twitter dataset.  

Although there is a vivid effect of reciprocal links in information diffusion of a social 

networks than non-reciprocal links (Zhu et al., 2014), various comparison studies were 

performed with emphasis on para-social link prediction algorithms. This study focused 

on employing PageRank and HITS ranking algorithms compare reciprocal link 

prediction (Devi et al., 2014) 

Nevertheless, most research has been conducted on OSN by considering a single point 

in time (Backstrom & Leskovec, 2011; J. Zhang et al., 2013; Zhao et al., 2014) while 

not performing temporal analysis of OSN. Ignoring the dynamic nature of OSN may 

lead to unrealistic conclusions when examining OSN. This study considers the 

dynamic character of OSN. Hence temporal data is collected in sequence for studying 

the reciprocal link prediction algorithms.  

This study performed a comparative study to PageRank and Hyperlink Induced Topic 

Search (HITS) algorithms, (Brin & Page, 1998; Kleinberg, 1999) in reciprocal link 

prediction by considering prediction accuracy and computation efficiency. 

1.3 The significance of the study 

Complex networks, particularly social network analysis has become a popular research 

field in computer science. Relationships in OSN are dynamic, and so the prediction of 

interaction in the network assists in knowing how the network evolves and what factors 

foster the evolution. Hence, link prediction is vital in the field of social network 

analysis. 

The significance of this study is categorized into two aspects in OSN reciprocity: their 

significance and the impact of the very study. In the case of the OSN reciprocity, it is 

used to study content interaction and diffusion in the social networks. As part of social 

capital, information flow can be used in recommendation systems such as job profile, 

search page, organization collaboration, marketing, and product recommendations 

(Galeotti & Goyal, 2009). Hence will provide knowledge on OSN evolution and what 

factors trigger the dynamic nature. 
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This study is significant in proposing an ideal reciprocal link prediction algorithm. The 

study proposed the optimal algorithm based on prediction accuracy and computation 

bounds. The result of this study can be applied to enhance prediction in a social 

networks, and also as an important social analytics tool. 

1.4 Objectives 

1.4.1 General Objective 

The main objective of this research is to perform a comparative study of PageRank 

and HITS algorithms on user relationships to predict reciprocal link formation in 

online social networks. 

1.4.2 Specific Objectives 

1. To create a network dataset from OSN obeying complex network properties. 

2. To examine classical reciprocal link prediction algorithms in OSN 

outperforming others.  

3. To compare the PageRank algorithm and HITS algorithm about the baseline 

algorithm using performance measures. 

4. To compare the PageRank algorithm and HITS algorithm using computational 

measures. 

1.5 Research questions 

1. How does the collected OSN dataset obey complex network properties? 

2. Which classical reciprocal link prediction algorithm should be used as a 

baseline? 

3. What is the prediction of the PageRank algorithm and HITS algorithm in OSN? 

4. What is the computation of the PageRank algorithm and HITS algorithm in 

OSN? 

1.6 Scope and Limitation of the study 

1.6.1 Scope of the study 

This research focused on the OSN platform to study user behavior, specifically 

relationship interaction. A study was conducted using two network datasets which are 

directed in nature. Initially, Twitter network dataset which is publicly available was 

used, thereafter network dataset attained from publicly available Mayocoo user 

contents. The goal of this study is to perform a comparatively study of PageRank and 
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HITS algorithms for reciprocal link prediction in OSN. The study used Python to 

implement the link prediction algorithms. However, the formulation of the reciprocal 

link prediction algorithms is not part of this study. 

1.6.2 Limitation of the study 

During this study, the researcher encountered several challenges. Firstly, challenge in 

the access of OSN. The researcher did not solely own the OSN platforms for 

conducting data extraction. Thus, the researcher had limited access to the data that 

were available in the public domain. However, this study mainly focused on the 

structure of links in the OSN, which are publicly available on the platform. 

Secondly, this study uses Python for implementation. It may influence better or worse 

results in comparison when another environment is used for implementation. This 

means there is the possibility of affecting the computation complexity or the 

classification accuracy in a condition which is not covered in this research study. 

Therefore, the research attempted to use the standard definition of the algorithms in 

the implementation. 

Thirdly, this study required longitudinal data to exploit the nature of social dynamics. 

The collection of real-time data collection from OSN posed a challenge due to the 

intense requirements of network resources. Instead, data were collected on a discrete-

time unit. Then the same data were mapped into continuous time series to be used for 

link prediction. 

1.7 Outline of the research document 

The introductory chapter concluded with this outline. It describes the necessary 

knowledge about research context, research problem, underlying intention, 

significance, and limitations in conducting this study. 

Literature Review which follows the introduction chapter, describe critical concepts 

associated with this study, related research works conducted before this study, and 

proposed work conducted in this study. 

The methodology chapter is equipped with a description of research methods and 

implementation procedures used to tackle the research problem to fulfil the study 

objectives. 
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Results and analysis chapter is composed of attained empirical results from the 

methods employed as well as observation from the outcome of applying analysis tools 

to attain knowledge from data findings. This is proceeded by chapter constituting the 

discussion of results and relevance of results to the achieved knowledge. 

Finally, the chapter containing conclusion and recommendation is presented 

containing a summary of the impact of the research study and recommendations on the 

further development of future work. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.0 Overview 

Social Network Analysis (SNA) perspective focuses on the study of relationships 

among social entities aided by incorporating network science and graph theory. This 

section presents fundamental concepts of SNA, specifically in the realm of link 

prediction. Description of theory and practice of SNA when used to perform link 

prediction in OSN is provided, followed by fundamental concepts of SNA and 

common metrics. Finally, it presents approaches to conduct the study, knowledge gap, 

and conceptual framework. 

2.1 The theoretical perspective of SNA 

SNA originated from the early 1930s by the work of sociologists like Jacob Moreno 

and Helen Jennings. Here then, they looked at the essential patterns of interaction 

among people (Wasserman & Faust, 1994).  

Network theory properties are ideal in describing complex social systems into tractable 

representation. It is a way of describing the world in terms of a model called network. 

The network is a demonstration of a system into things and relationships existing 

between them (Benzi, Estrada, & Klymko, 2013). Such networks allow attaining 

insights on the interaction, structure, and properties between things, which define the 

system as a whole. Having network theory knowledge is not an assurance of 

understanding OSN, but it is almost impossible to advance without this knowledge 

(Estrada, 2011).  

Real-world systems may be suitably represented as a set of points with a line 

connecting two points (Bondy & Murty, 1976). The representation is called a graph, 

which maps real-world systems into a hypothetical structure. The graph is used to 

demonstrate systems in different fields, like computer science, mathematics, 

sociology, and physics. Table 2.1 shows commonly used terms to define points and 

lines in respect to the academic field used. Studies of graphs are guided by the use of 

graph theory. 

Representation of social networks and concepts to study its formal properties was 

initially originally provided by graph theory (Wasserman & Faust, 1994). Graph 
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theory is used to study social networks by modelling pairwise relationships between 

objects enabled through representation as a graph. The graph is an elementary 

technique used to specify interaction or relationships existing in the collection of 

objects where nodes comprise of a set of objects and edges represent relationship links 

between pairs of objects (Easley & Kleinberg, 2010; Wasserman & Faust, 1994). 

Table 2.1: Terms describing points and lines in different academic fields. 

 Computer Science Mathematics Sociology Physics 

Points Nodes Vertices Actors / Agents Sites 

Lines Links Edges / Arc Ties / Relation Bond 

For studying OSN, graph theory incorporates mathematics and computer science to 

study relationship structure existing in systems. The graph serves as a mathematical 

model of network structure for its computation. Graphs are designed as data structures 

storing representational entities of a system. Algorithms were introduced to perform 

exploration of the data structure and provide eminent approaches to examining 

connected data by making use of mathematical calculations (Needham & Hodler, 

2019). Ideas of developing these algorithms are guided by graph theory, hence are 

termed as graph algorithms. 

Data attained from OSN is supposed to be organized and stored. Moreover, it should 

be in a format which supports management, efficient access, and modification. There 

exist different data representations in support of graphs data. Popular ones include 

edge list, adjacency matrix, and adjacency list. These are used to identify the existence 

or non-existence of edges or links in the graph. 

Edge list is a data structure containing a list of edges represented with two vertices that 

edge incident on. An adjacency matrix is a two-dimensional array comprising of 

number of row and column equivalent to the number of nodes. Thus, elements of the 

matrix ijA  have value 1 if there exist edge between node i  and node j , otherwise, the 

value is 0. Whereas, the adjacency list is an array of lists with each element containing 

the list of neighbouring nodes, and the size of the array is similar to the number of 

nodes in the graph. 
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Graphical representation of social networks can be categorized based on the nature of 

edges being either directed or undirected. Directed graph edges are represented as 

arrows, depicting the direction of interaction from actor to recipient whereas 

undirected graph edges represent association and neglect direction of interaction 

(Boccara, 2010; Easley & Kleinberg, 2010; Jungnickel, 2013). For modelling 

reciprocity in social networks, the graph is preferred to be directed. 

SNA is performed to uncover interactions and dynamics using graph theory to 

represent social theory in a network structure, hence studying the network by adopting 

network theory. This expression of facts shows SNA is the intersection of social 

theory, graph theory, and network theory. 

2.2 Data collection from OSN 

OSN generate a vast amount of data containing an extreme amount of content and 

linkage data, which can be leveraged for analysis (Aggarwal, 2011). Previous studies 

on the social networks were conducted through interviews and questionnaires social 

interaction (Newman, 2003; Wasserman & Faust, 1994; Zachary, 1977), OSN allow 

studying of user behavior and interaction by retrieving data related to the user’s 

behavior in the platform.  

Data collected from OSN may either be content data, usage data or structural data. 

Content data are entered by the OSN user and may either be posts or personal 

information (Duhan, Sharma, & Bhatia, 2009). Content data is commonly text data, 

although multimedia data may also be collected for analysis. It is useful when 

sentiment analysis is needed to be performed on a specific topic.  

Whereas, usage data consist of web surfing patterns of OSN user. It focuses on 

attaining the navigation behavior of the user, and are often stored in server log files 

(Mazman & Usluel, 2011). Usage data assist in knowing if activity is done and the 

current time of the OSN user, which may in turn help to determine the interest of OSN 

user. 

Structural data consist of topological structure existing in the OSN. It consists of the 

interaction of the user with other user or object, to determine the relationship among 

them (Murata & Moriyasu, 2008; Takemoto & Oosawa, 2012) . This data assists in 

discovering the link structure of OSN users. 



14 

2.3 OSN properties 

The presence of a graph data structure allows data manipulation. It also enables 

quantification of various existing properties in OSN, including degree, path, centrality, 

and clustering coefficient. A brief description of these properties is presented. 

Degree: Is the number of connections for a particular node which may either be 

originating or terminating at the node. Thus the total number of edges in which the 

vertex iv  is linked to is the degree of the vertex, i.e., iv   . For directed network, there 

exist  many directed edges incident on node termed as in-degree and number of 

directed edges originating from node called outdegree. 

Path: Traversal can be performed in the graph which involves moving from one node 

to the other nodes. The path is the overall traverse across edges of the graph from the 

source node to the destination node, which is not a necessary neighboring node. Thus, 

path constitutes a sequence of nodes which are connected by edges and sequence of 

edges linking the nodes. 

Centrality: It is a measure of importance for a given node in the network. The 

centrality metric can be measured in various ways using degree, closeness, 

betweenness, or Eigen-vector. Degree centrality considers a number of connection 

incidents on the node. Otherwise, centrality may be expressed in terms of average 

shortest path length in edge connections from node to other nodes termed as closeness 

centrality. Betweenness centrality considers the importance of a node in connecting 

parts or clusters in the network considering paths passing through the node. Whereas 

Eigen-vector centrality is measured as a number of connections to essential or high-

rank nodes.  

Clustering coefficient: It is a measure to determine how well users are related in a 

social network. Thus the clustering coefficient of a node v  is defined as the probability 

that two randomly selected friends of v  are friends with each other. It is dependent on 

the amount of triadic closure existing, meaning the more the triadic closure, the more 

the clustering coefficient. The Equation (2.1) expresses the clustering coefficient for a 

directed graph. 

( 1)

i
i

i i

n
C

k k



 .............................................. (2.1) 
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Where 
iC  is the clustering coefficient of the node i , 

in  represents the number of edges 

between the neighbours of a node i , and 
ik  is the degree of the node i . 

2.4 Link prediction 

Link prediction is the process of examining the present structure of the network to 

determine a link that will form between unconnected nodes in the future network 

structure. The link prediction problem was first formulated by Liben‐Nowell and 

Kleinberg (2007), by considering SNA metrics. Link prediction in OSN is a problem 

because OSN are dispersed and highly dynamic (Ibrahim & Chen, 2015), thus 

predicting future occurrence is challenging. Link prediction is one of the important 

problems investigated in OSN (Daud et al., 2017).  

2.4.1 Link prediction approaches 

Approaches for performing link prediction in OSN can either be unsupervised or 

supervised. Unsupervised approach computes similarity measure among nodes to 

predict link formation by setting a threshold (Liben-Nowell & Kleinberg, 2007). If the 

similarity measure exceeds the threshold, then link formation is predicted. Whereas, 

supervised methods uses binary classifier which learns on previous link formation 

behaviors to predict the existence of future link (Pujari & Kanawati, 2012).  

Binary classification is performed using supervised learning algorithms like Decision 

Trees, K-Nearest Neighbor or Support Vector Machines. The binary classifier is 

attained by training supervised learning algorithms with OSN structure metrics as well 

as link formation occurrences. The link prediction similarity measures are taken as 

feature attributes and the prediction class has categorical value of whether the link is 

formed or not formed. 

Learning the structure of OSN along with link formation results, make the binary 

classifiers very powerful (Mutlu & Oghaz, 2018), however, it faces a challenge when 

employed in OSN data. Typical binary classification expects class ratios to be 

approximately balanced, meaning count of positive instances should be close to 

negative instances (Lichtenwalter, Lussier, & Chawla, 2010). However, OSN data 

experience an imbalance of target class, because of sparsity existing in real-world 

networks (Soares & Prudencio, 2012). 
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Downsampling technique was proposed to deal with the class imbalance problem 

(Lichtnwalter & Chawla, 2012). It was shown to improve prediction performance by 

4.04% when considering Area Under the Curve metric. 

2.5 Link Prediction Algorithms 

A most common framework used for prediction link formation between two nodes rely 

on an idea that the link is likely formed between two nodes if they are similar (He et 

al., 2011). Based on this fact, the similarity of connection structure is computed to 

determine the probable existence of a future link between nodes. Algorithms are 

developed to compute the metrics from the OSN structure and hence used to perform 

link prediction. 

2.5.1 Classical Link Prediction Algorithms 

Classical link prediction algorithms use local topological information on the basis of 

near connection to the nodes. Because they don’t consider global information of the 

OSN, they tend to be simple to implement and fast to execute. Hence, previous studies 

were satisfied with their performance (Adamic & Adar, 2003; Barabasi & Bonabeau, 

2003; Newman, 2001). However, they tend to compute similarity of all possible 

combination of node pairs existing in OSN. 

2.5.1.1 Common Neighbor 

Common Neighbor is one of the easiest methods of identifying a friend of a friend 

introduced by Lorrain & White (1971). This intuition was transformed in link 

prediction to state that, the link may come to exist between two nodes if they contain 

common neighbours among them. Thus, it was used to show that future collaboration 

of two scientists can be determined by looking at the past collaborations (Newman, 

2003). The common Neighbor measure ( , )i jCN v v  is computed as shown in Equation 

(2.2) 

( , ) ( ) ( )i j i jCN v v v v    ……………...………. (2.2) 

where 
iv  and jv  are two nodes, ( )iv and ( )jv represent set of neighbors with direct 

link connecting to nodes 
iv  and jv (Huang, Li, & Chen, 2005). The Common Neighbor 

cannot be ideal measure as it is relative similarity of node pairs considering shared 

nodes rather than being normalized (Liben-Nowell & Kleinberg, 2007). 
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2.5.1.2 Jaccard Coefficient 

Jaccard Coefficient JC  is calculated as the ratio of common neighbours of node 
iv  

and jv  to the total neighbours of node 
iv  and 

iv  as shown in the Equation (2.3). 

( ) ( )
( , )

( ) ( )

i j

i j

i j

v v
JC v v

v v

 

 

 ……………………… (2.3) 

2.5.1.3 Adamic-Adar 

Adamic & Adar (2003) proposed a measure calculated by adding weights to nodes that 

are connected to both node 
iv  and node jv . More weights are given to node with fewer 

common neighbours. It builds on top of Common Neighbor proposition but, nodes 

sharing neighbours are penalized by logarithmic of their degrees. 

( ) ( )

1
( , )

log
i j

i j

z v v z

AA v v
k 

   ……………………… (2.4) 

where z  is set of common neighbours exiting in node 
iv  and jv  whereas 

zk  is the 

count of the links in the set of common neighbours.  

2.5.1.4 Preferential Attachment 

Preferential Attachment (PA) aims to find similarity between two nodes without 

considering the neighbourhood of the nodes (Barabási & Albert, 1999). It considers 

that new nodes tend to connect to nodes with a higher number of connections as 

compared with a low number of connections. Thus, the probability of a future link 

between nodes is proportional to their degrees. The PA measure of nodes 
iv  and jv  is 

computed as shown in Equation (2.5). 

( , ) ( ) ( )i j i jPA v v k v k v   ………………………. (2.5) 

where ( )ik v  is the number of neighbours of node 
iv  and ( )jk v  is the number of 

neighbours of the node jv .  

2.5.1.5 Resource Allocation 

Resource Allocation (RA) considers intermittent nodes connecting node 
iv  and jv  

(Zhou, Lü, & Zhang, 2009). A similarity measure is regarded as the amount of resource 
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node 
iv  receives from the node jv through indirect links and each intermediate link 

contributes unit of resource. Thus, RA of either nodes is symmetric. 

( ) ( )

1
( , )

i j

i j

z v v z

RA v v
k 

   ………………………. (2.6) 

Critics presented to the Common Neighbor are similar to Adamic-Adar but the 

approaches are different. Results show the close performance of the measures when 

the average degree of network is low, but Resource Allocation performs better when 

the average degree of network is high (Wang et al., 2015). 

2.5.2 PageRank 

 

Figure 2.1: Pseudo-code for PageRank Algorithm (Chien et al., 2014) 

PageRank algorithm computes metric which counts the number of links directed to the 

node with a purpose to determine an estimate of how important is the node (Brin & 

Page, 1998). Assumption is made that important nodes are more likely to have a large 

number of links directing to it. It can be represented mathematically as: 
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1 2

1 2

( )( ) ( )
( ) (1 ) ( ... )

( ) ( ) ( )

n
i

n

PR vPR v PR v
PR v d d

C v C v C v
       ………… (2.7) 

where ( )iPR v  is PageRank of node A , 
1( )PR v  represents PageRank of 

1v  pointing to 

node 
iv , 

1( )C v  is number of outbound links from node 
1v  and d  represents damping 

factor. In this study the damping factor d  is set to 0.85 as suggested by Brin & Page 

(1998). 

2.5.3 HITS 

The Hyperlink-induced topic search (HITS) compute two scores, the center point and 

power score Kleinberg (1999). Here a node has active circular segments, the higher is 

its center point score. The more a node has approaching inbound connections, the 

higher is its power score. Toward the starting, each hub is considered as a center and 

power scores are settled to a steady state. At that point the scores are upgraded and 

they focalize after couple of iterations. 

( 1) ( )

:

t t

i jj j i
A H


  …………………………… (2.8) 

( 1) ( 1)

:

t t

i jj i j
H A 


  ….…...………….……… (2.9) 

where 
iA  represents the authority of node i , H  represents hub of node i , i j  means 

node i  links to node j , t  is the initial time instance and 1t   represents the next time 

instance. 

HITS algorithm involve iterations which update the measures of the hubs and 

authorities. It can be represented mathematically in the equation (2.8) representing 

hubs and equation (2.9) representing authority. 
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Figure 2.2: Pseudo-code for HITS algorithm (Chien et al., 2014) 

2.6 Related Empirical Studies 

Links reciprocity is the tendency of vertex pairs to form mutual bidirectional 

connections between each other (Wasserman & Faust, 1994). Mislove et al. (2007) 

proposed a theoretical framework to predict reciprocal links in social networks. Their 

proposed method provides knowledge on the micro-dynamics of the social networks 

(Hopcroft et al., 2011). 
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Reciprocal link formation is influenced by several factors such as geographic distance 

and homophily (He et al., 2011). Approaches in reciprocal prediction problem often 

employ supervised machine learning (Cheng et al., 2011) and regression (Steurer & 

Trattner, 2013). The techniques provide balanced datasets for training and testing 

models characterized by binary classification. 

The models for link prediction are created with an emphasis on the topology of the 

social network features (Cheng et al., 2011) or user’s characteristics (Brin & Page, 

1998). Consequently, link prediction algorithms can be grouped into local similarity, 

global similarity and feature vector approaches (Gupta et al., 2015). 

To improve performance of link prediction methods different approaches are 

employed by researchers. Use of centrality measure of a node is among the approaches 

to improve the accuracy of link prediction methods, considering an increase in the 

centrality measure describes the ease of constructing link due to attention on the node. 

Some researchers construct feature vectors using characteristics of nodes to predict 

links where other researchers use Machine Learning (ML) methods to improve 

performance of link prediction methods. 

A recent study on link prediction categorized link prediction algorithms into 

topological feature-based and latent feature-based (M. Zhang & Chen, 2017). 

Topological feature-based is further subdivided into local node similarity heuristic 

comprising of Common Neighbor, Adamic-Adar, Preferential Attachment, Jaccard’s 

Coefficient and Resource Allocator whereas, global similarity heuristic constitutes 

Katz, SimRank, PageRank and HITS. Latent feature-based include matrix 

factorization, ranking problem methods and stochastic block models. 

Earlier methods on link prediction algorithms are mostly based on similarity measure 

among local nodes hence categorized as classical link prediction methods. The 

methods compute measure between nodes to predict the probability of interaction thus 

common neighbour count, Adamic-Adar distance, Jaccard’s coefficient, preferential 

attachment and Katz Index. 

Further study by Dong et al. (2013) improved Katz Index and Common Neighbors by 

adding up node guidance capability (guidance force), hence attaining Common 

Neighbors Guidance Force (CNGF) & Katz Guidance Force (KatzGF). The CNGF 
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based on local information whereas KatzGF based on global information. These major 

traditional link prediction algorithms work with node neighbours to find out the 

similarity between nodes but neglecting correlation existing between the nodes. 

Rahman et al. (2017) considered relationship and influence between nodes by 

calculating scores used to predict the interconnection of nodes. The link prediction 

algorithms basing on user behaviour as well as common friends were proposed 

namely, local link prediction algorithm and global link prediction algorithm (Rahman 

et al., 2017).  

A survey conducted by Gupta et al. (2015) evaluated traditional link prediction 

methods using performance metrics namely accuracy, precision, specificity and 

sensitivity. The study found that KatzGF and CNGF outperform previous prediction 

methods. Furthermore, KatzGF works best for small dataset but has maximum time 

complexity whereas CNGF performs best for large dataset. 

Development of modern link prediction algorithms considers traditional heuristic link 

prediction algorithms like Common Neighbors, Adamic-Adar, Jaccard Coefficient, 

Preferential Attachment as baseline measures for evaluating performance mostly by 

considering Area Under the Receiver Operating Curve (M. Zhang & Chen, 2017). 

Devi et al. (2014) compared PageRank and HITS algorithms to determine the strength 

and limitations of the algorithms when employed in the search engine to display query 

results in rank-ordered sequence. The study concluded that both algorithm give 

importance to links rather than content of the pages. Furthermore, the PageRank 

algorithm provides even score division to the webpages in contrast to HITS algorithm 

which calculate authority and hub scores. 

Chien et al. (2014) examined PageRank algorithm as well as HITS algorithm on the 

Twitter dataset and determined direction of edges is extremely important in ranking 

sequence; emphasis was on retweet relationship whereas follower-followee 

relationship and reply-mention relationship were neglected. 

2.7 Research Gap 

The review of the literature revealed that most studies on comparative analysis of link 

prediction have concentrated on one way link prediction. The studies made use of static 
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network data but OSN evolve with time involving dynamic sequential data. Dynamic 

data allow studying of reciprocal link prediction which isn’t extensively researched. 

Nevertheless, most performed studies have used secondary data which is known to 

lose precision when transformed to fit the research purpose. Furthermore, other studies 

used synthetic data from a virtual community containing dummy or computer-

generated users.  

Concepts from human geography elucidate the relationships between people vary 

across geographical locations. Apart from this concept, there barely studies performed 

in the context of Tanzania concerning the link prediction problem of online social 

networks.  

This presents the need for research intervention to perform a comparative study of 

reciprocal link prediction algorithms considering follow-followee relationship in 

Tanzania based OSN. 

2.8 Conceptual Framework 

Various algorithms are being proposed by researchers conducting studies on link 

prediction in social networks, out of which most of them are sometimes left unattended 

or unevaluated. This poses lack of insights hence, comparison study among these 

algorithms should be of great significance which would benefit industries if the 

algorithms are found to be well-performing and motivation to the authors to put 

substantial effort on the research.  

This research aims to determine the performances of two algorithms, HITS and Page-

Rank which are stated to perform well compared to the results of the previously 

proposed algorithms. The comparison is on the prediction of reciprocal link formation 

in OSN and will be tested upon baseline instances to attain which algorithm 

outperforms the other and under what condition.  

This study performs a comparison study of HITS and PAGERANK considering global 

information of the network in the study. The evaluation will consider prediction 

accuracy setting the classical link prediction methods as a baseline measure of the 

assessment. The network to be studied will have the limitation of being directed 

networks to capture the direction of the interaction. Thus, the approach used to perform 

this research study is presented in a series of steps and procedures. 
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Figure 2.3: Conceptual Framework of the study 

First, the reciprocal link prediction algorithms were selected and the implementation 

procedure of the algorithm is studied. Thereafter, the network datasets were prepared 

to the desired format to foster analysis. Feature engineering and extraction in the 
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dataset is followed to determine feature vectors used in the learning model. The 

reciprocal link prediction algorithms were executed on the dataset attaining metric to 

supplement the dataset before inputting to the learning model. Classification of the 

data takes place to state the possibility of link formation. Conclusively, comparative 

evaluation is done from the output of the algorithms to determine which algorithm 

outperforms the other. 
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CHAPTER THREE 

METHODOLOGY 

3.0 Overview 

In OSN, links prediction encompasses a list of steps from network creations to network 

analysis. This chapter presents the research methodology and the justification for 

deploying the stated methodology. Furthermore, it describes the strategies that have 

been used to accomplish this study objective. 

3.1 Research Design 

This study adopted an experimental research approach that tackles the problem from 

incomplete observations of the proposed algorithms towards stating the likely 

preferred algorithm. This process involves evaluation of algorithms when subjected to 

real-world data of OSN, thereafter the results compared to propose likely preferred 

algorithm for use in reciprocal link prediction in OSN. 

The choice of the approach used in this study aligns with the nature of research 

objectives and research questions. However, previous similar studies have adopted this 

design and showed success in conducting their research studies (Chien et al., 2014; 

Gupta et al., 2015; Han et al., 2016; Ostrowski et al., 2015). 

The experimentation involved implementation of the algorithms on the OSN model 

and running simulation to compare the performance of the selected algorithms. 

Computer simulations were conducted for experimenting with the algorithms. 

Thereafter the data findings were analyzed to present practical conclusions.  

3.2 Research study setting 

Presence of computer platforms has influenced the transformation of social 

behavioural research from conducting and recording direct questions posed to actors 

towards a study on actor’s action in OSN platforms. In this study, the Internet 

connection to the OSN was enabled through Huawei mobile router model 5573Cs-322 

using Tanzania Telecommunication Company Limited (TTCL) as an Internet Service 

Provider (ISP). The used router and TTCL network services support 4th Generation 

Long Term Evolution (4G LTE) with download peak of 150Mbit/s and the upload rate 

of 50Mbit/s.  
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Moreover, to enable evaluation of algorithms, the attained data from the study was 

simulated in a computing environment supported with HP Envy 17t-j100. The 

computer is equipped with 4th Generation Intel i7 quad-core processor with each 

processor having 2.6 GHz processing speed. Furthermore, it has Double Data Rate 3 

(DDR3) main memory of 16GB, 500GB Solid State Drive (SSD) to intensify data 

accessing speed and Graphical Processing Unit (GPU) named Nvidia GeForce GT 

750M with 4GB Dedicated Video Memory. 

3.3 Data collection method 

Data needed to perform this study is from OSN. Sources of OSN data may either be 

shared by previous researchers or primary collected from OSN. There are options to 

obtain primary data from OSN, including downloading dataset if possessing site 

administration privileges, retrieving data through Application Programming Interface 

(API) or crawling to public available data in OSN pages. 

 

Figure 3.1: Web crawling process 
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This study used a focused crawling method (Chakrabarti, Van den Berg, & Dom, 1999) 

to deploy a web crawler. The crawler extract connection links from a starting node and 

deterministically selects the next node to traverse. This approach tends to focus on the 

desired user to follow links and neglect other links on the webpage. Thus, data from 

OSN were retrieved by web crawler coded in Python specifically for this research. 

The web crawler employed graph traversal technique without replacement based on 

Breadth-First Search algorithm. The Breadth-First Search is widely algorithm in OSN 

for extraction of topological characteristics (Ahn et al., 2007; Mislove et al., 2007; 

Wilson et al., 2009). To ensure the orderly expansion of visited nodes, First-In-First-

Out (FIFO) Queue is implemented on top of the BFS traversal for storing nodes linked 

to the visited nodes. 

Web crawling process was performed as depicted in Figure 3.1 for collection of social 

network user information, thus the user attributes and connections. Web crawler 

initially accepted seed node where the Mayocoo user profile is entered as input. 

The web crawler then retrieved public available user attributes from the entered user. 

User followers list comprise of visual represented usernames which are URL links. 

The URL links references profile page of a particular user. Hence, followers URL links 

were retrieved for each user and stored temporarily to the crawler frontier. The crawler 

frontier is de-queued iteratively for attaining the next user node to visit, in case the 

crawler frontier is empty then it means all discovered users are visited hence the web 

crawler ends execution and stop. 

The final output of the web crawler consisted of the adjacent list with connections of 

each user and user attributes. The collected data was stored into a file using the format 

of comma-separated values (CSV) to allow further input to experimental tool for 

simulation and analysis. In the list containing user connections as expressed in 0, each 

line is an entity where the first value is the crawled user and the proceeding values are 

user connections. 

0 shows a list of user attributes. Where, identification number, profile URL and 

number of posts are generated by OSN system. User entered attributes consist of 

gender, date of birth, working organization, university studied and location. Whereas 
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the crawler records a number of user following, number of user followers and retrieval 

time used to successfully crawl the user information. 

3.4 Experiment and simulation tools 

3.4.1 Big data text editor 

Opening a file containing massive dataset in ordinary pre-installed text editors was a 

challenge, hence the researcher used EmEditor tool version 18.06 (Emura, 2018). The 

EmEditor supports opening and editing of big data text. Developed by Yutaka Emura 

under Emurasoft Inc., it is a lightweight extensible text editor with the capability of 

opening up to 248GB of data.  

3.4.2 Python packages 

This study uses Python for simulations of various libraries. The Pandas application is 

used in performing data wrangling and formatting (McKinney, 2010). The NetworkX 

package is used in conducting network operations to the graphical data structure 

(Hagberg, Schult, & Swart, 2008). Scikit-learn (Pedregosa et al., 2011) was used to 

perform binary classification using machine learning. Visualization of data in the 

analysis process was performed using Matplotlib (Barrett et al., 2005). 

3.4.3 Integrated Development Environment (IDE) 

For supporting development using Python, there was extensive use of the IDE named 

SPYDER version 3.3.0 which is the blend of the words Scientific Python Development 

Environment (Spyder, 2018). Thus, it is used by scientist, engineers and data analysts 

for programming in Python, it is also written in Python. 

3.5 Dataset, sampling and baseline 

3.5.1 Dataset 

This research study uses network datasets as the data source, attained from real-world 

OSN which has directed relationships. Thus, the dataset is considered to form a 

directed graph and since reciprocal link prediction is time series problem, network 

evolution in time is presented in time-stamped network snapshots. 

The primary dataset comprises of Mayocoo user’s data which resulted from web crawl 

conducted from June 2018 to September 2018 hence the primary data collection 

process was conducted within 4 months. It contains 2645 nodes as users crawled 

through follow user links and attained 13840 edges as interaction links. 
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The first crawl was on 09th June 2018 and started with seed node “Justice Donatus” 

who happened to be the founder and chief executive officer (CEO) of Mayocoo. 

Furthermore, he was an active user with numerous interaction links. This can be 

confirmed by performing a calculation to the network graph and was found that the 

selected user node was the strongest connected user node with 1804 followers. 

During the data collection process of Mayocoo dataset, the web crawler faced 

challenges including mild network disconnection resolved by exception handling and 

links to some of the users contained whitespaces which at first caused the crawler to 

trim the user’s URL resulting to the HTTP status code 404 signifying page not found 

error. 

The secondary dataset consists of Twitter user network (Hopcroft et al., 2011), which 

is publicly available. The dataset consists of 112044 users and 443399 relationships 

which consist of the timestamp of creation. The users were attained by traversing 

through the following links of the users. The network structure was monitored from 

October 2010 to December 2010. 

3.5.2 Sampling 

Working on large datasets impose challenges in the computation process from 

processor overhead to large memory space utilization. Due to limited computational 

resources, the attained graph can’t be processed as a whole graph, hence sampling 

procedure was performed. There exist sampling procedures proposed by previous 

researchers which maintain the network properties, thus the difference of the whole 

graph and sub-graph generated is minimal and negligible. 

In this study, Breadth-First sampling technique was employed. It is node sampling 

technique similar to the snowball sampling technique in social science. Programming 

script written in Python programming language was adopted to perform Breadth-First 

sampling.  

The benefit of using this technique is, if the script is run multiple times to increase the 

sample then it will not select the same seed node previously selected hence ensuring 

no redundancies within the sample and making the dataset accurate as well as reliable. 

Breadth-First sampling has also been applied to retrieve data for studying user 

behaviour (Kwak et al., 2010) as well as topological analysis (Ahn et al., 2007) in 
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OSN. Nevertheless, the accuracy rate of Breadth-First sampling was found to range 

from 85% to 95% when used to retrieve data from OSNs (Mislove et al., 2007). 

3.5.3 Baseline 

Baseline is chosen and given to set grounds of experimenting algorithms. For 

proposing a reciprocal link prediction algorithm, the classical traditional method 

outperforming the others has been choosing as a baseline. The baseline algorithm is 

the result of objective 2. 

3.6 Web crawling procedure 

The implemented web crawler was executed with web requests directed to Mayocoo 

by accessing public available data. The web crawler was set with a delay of 10 seconds 

between server requests employed to minimize the request overhead to the Mayocoo 

server. 

The response from the Mayocoo server to receive webpage contents is calculated using 

the equation (3.1). Where   represents the response time of accessing each Mayocoo 

user web page, n  is the total number of Mayocoo user web page accessed and   is 

the mean response time of accessing Mayocoo user web page. Hence, the approximate 

time frame,   for single server request is attained by the sum of delay time,   and 

mean response time,   as in equation (3.2). 
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n

i

i

n
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     ................................................. (3.2) 

3.7 Simulation procedure 

Simulation is used to observe the execution of the reciprocal link prediction algorithm 

with OSN dataset. The simulation environment was enabled by computer programs 

coded in Python. OSN dataset used in the simulation process was modelled as a 

directed graph, to ease distinguishing para-social and reciprocal links in the graph. 

Various activities were conducted to enable proper simulation of the reciprocal link 

prediction algorithm. 
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3.7.1 Data wrangling 

Data wrangling sometimes referred to as data munging or data preparation is the 

transformation of raw data into format supportive for performing analytics. In this 

study, the datasets were converted to comma-separated values (CSV) format thereafter 

accepted as input to Python environment were further preparation of data was 

supported by the use of Pandas library (McKinney, 2010). 

The user attributes were trimmed to remove spaces and unwanted prefixes were also 

stripped; example in the attribute number of post, the entry “53 posts” is preprocessed 

by stripping the string “posts” to leave the field with only the numerical value “53”. 

Since this study concentrates on reciprocal link formation, the user nodes having no 

relationships were removed. These are user nodes which have zero degrees in the 

network and are termed as isolated nodes. 

3.7.2 Dividing the network data into dataset snapshots 

The evolution existing in OSN is the change of one-way interaction to two-way 

interaction which involve the use of time series data. It is was found that dynamic 

network simulation is suitable since it supports progressive change with time (Soares 

& Prudencio, 2012). The dataset used in this study was collected in different 

timestamps, the first and second network snapshot was used to create the training set 

whereas the third network snapshot was used for testing. 

This study examines evolution of dynamic social networks. The test set used is 

extension of the network graph containing new interactions not existing in previously 

examined network snapshot as applied in previous studies (Junuthula, Xu, & 

Devabhaktuni, 2016; Lichtnwalter & Chawla, 2012). 

The simulation conducted in this study is time-series simulation because the identified 

problem is progressive and exists in a dynamic network. The network was collected in 

different times and each snapshot is time stamped. At every time-stamped network, 

the number of reciprocal edges existing in the network was determined and hence new 

reciprocal edges were fetched. 

The dataset entered is the adjacency list format and hence accepted as input in the 

initialization of the directed graph object. The directed graph containing user nodes 
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and interaction link can be manipulated, where the prediction of the probable 

reciprocal links formation is proposed. 

3.7.3 Training graph 

The reciprocal link prediction algorithm accepted nodes as input from the network 

graph, the evaluation of the nodes was done to get values which measure the possibility 

of future reciprocal link. Thus, for every para-social link, the resultant values were fed 

as attributes. Thereafter, the ground truth of the network snapshot from the next point-

in-time is used to create target class, where if para-social link evolves to reciprocal 

link then target class is labelled “has_reciprocal_link” and if the reciprocal link does 

not exist the target class is labelled “no_reciprocal_link”. This complete process 

outputs the training graph. 

3.7.4 Machine Learning Model 

The machine learning model was created using a supervised learning technique 

because the graph consists of the target class as stated in Section 3.7.2. Furthermore, 

reciprocal link prediction was considered as a classification problem because the value 

of the target class is categorical. Hence, machine learning classifiers in support of 

reciprocal link prediction were found to be Decision Trees, K-Nearest Neighbors or 

Support Vector Machine (SVM).  

Previous studies have proven SVM to outperform other classifiers when employed to 

predict links in OSN (Hasan et al., 2006; Rizi & Granitzer, 2017; Soares & Prudencio, 

2012). Therefore, the researcher opted to use SVM for reciprocal link prediction in this 

study. SVM was trained to predict the reciprocal link from the training graph of the 

reciprocal link algorithm to attain the machine learning model. 

3.7.5 Testing the machine learning model 

The machine learning model was tested to determine its prediction performance. This 

was possible through the testing graph to the machine learning model. Cross-validation 

is a common technique for constructing a testing set with variance reduction and 

improved representation. Unfortunately, it is not favourable to link prediction in OSN 

because it involves large computational cost (Garcia-Gasulla et al., 2015). Thus, the 

testing graph was the extension of network graph comprising of nodes in the following 

point-in-time containing new para-social links that were not present in the training 
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graph. The model outputs predicted reciprocal links which were then compared to the 

ground truth to measure the prediction performance. 

3.8 Modelling reciprocal link prediction 

Reciprocal link prediction problem in OSN was described by modelling OSN as a 

directed graph ( , )G V E  where it contains set of OSN users V  represented as 

1 2{ , ,..., }nV v v v  and set of present directed links E  between users represented as 

{ |1 ,1 }ijE v E i n j n      . E  is a subset of the maximum amount of directed 

links possible attained by the cross product of V  represented as E V V  . Thus, 

individual directed link ( , )ij i je v v V   specifies that user 
iv  follows user jv . 

If user 
iv  follows user jv  who haven’t previous followed user 

iv , then it is the para-

social link. But, if user 
iv  follows user jv  who already has followed user 

iv , then 

reciprocal link exist between user 
iv  and user jv . Hence, the target class  0,1iy   has 

value 1 if there is a reciprocal link and value 0 if no reciprocal link. 

G  is entered as input in reciprocal link prediction algorithm to attain feature vector 
iX  

of each user 
iv  in the OSN, where 

iX  value differs with every reciprocal link 

prediction algorithm implemented. Combination of the graph G , target class values y  

and set of feature vectors X , form training graph 
trG . The machine learning classifier 

was provided with 
trG  for learning purposes and hence creates reciprocal link 

prediction model. 

Reciprocal link prediction model accepts graph and tends to predict the formation of a 

reciprocal link. Thus, for every link existing in the graph, the model is provided with 

feature vectors and computes the value of target class.   

3.9 Evaluation metrics of link prediction algorithms 

3.9.1 Accuracy 

Accuracy is the measure to determine the prediction correctness of a model. It tells 

more about how the model is well trained and accurate when performing predictions. 

It is calculated as the ratio of a number of correct prediction to the total number of 

prediction as shown in Equation (3.3). The number of correct prediction is sum of True 



35 

Positives TP  and True Negatives TN , whereas a total number of predictions is the 

sum of True Positives TP , True Negative TN , False Positive FP  and False Negative 

FN . 

TP TN
Accuracy

TP TN FP FN




  
 ................................ (3.3) 

However, researches have argued that accuracy is not enough to signify the prediction 

performance of the model. Therefore, other metrics have been used to supplement 

accuracy in the evaluation of algorithms.  

3.9.2 Precision 

Precision P  is used to determine the correctness of the model when predicting positive 

values and is calculated as a fraction of relevant instances to retrieved instances as 

shown in the Equation (3.4). 

TP
P

TP FP



 ................................................ (3.4) 

3.9.3 Recall 

Recall R  also called sensitivity, tend to determine the amount of actual positives 

which were predicted correctly and is calculated as a fraction of retrieved relevant 

instances over the total amount of relevant instances as shown in Equation (3.5). 

TP
R

TP FN



 ................................................ (3.5) 

3.9.4 F1-measure 

F1-measure also known as F1-score, is the measure for the accuracy of a model 

attained by combining precision and recall. F1-measure aims to find an optimal 

balance of precision and recall by calculating the harmonic mean of precision and 

recall as in Equation (3.6).  

*
1 2

P R
F

P R
 


 ............................................. (3.6) 

3.10 Data analysis 

The collected dataset containing social network data of user nodes and the 

corresponding interaction link were analyzed using Python. Measures used to compare 
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the reciprocal link prediction algorithms were accuracy, F1-measure and Precision-

Recall curve. The critical analysis of the experimental results was performed and used 

to raise discussion from the findings and draw a conclusion. 

3.11 Reliability and Validity 

The network of users was initially created using the following links. Later, the network 

of users was created using followers’ links. Thereafter, the two created networks were 

compared using a total number of users and interaction links. The network information 

was determined to be the same hence proposed dataset collection method was valid. 

3.12 Ethical consideration 

When performing data collection a couple of things were considered to ensure ethics 

in performing the research study. In the process of performing web scraping procedure 

to OSN, signature comprising of name and email contacts of researcher as seen in 

Figure 3.2 was embedded in the request. This was done so as to inform the OSN on 

the cause and source of the request. The signature is the disclosure of the research 

purpose which give option to OSN administrators to either allow request by responding 

or else block the request. 

 

Figure 3.2: Format of request header embedded to each server request 

For the purpose of avoiding effect on availability of service to the OSN clients as a 

result of request overhead to OSN server further procedures were conducted. The 

researcher employed delay between the instances of server request to the OSN as well 

as the web scraping procedure was conducted during midnight hours which are 

considered to be less intensive or off-peak hours for the OSN. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.0 Overview 

This chapter describe formal presentation of answers to aforementioned Research 

questions in chapter one. The information presented in this chapter relies on 

experiments conducted to compare PageRank and HITS algorithms when used to 

predict reciprocal link formation in OSN. The results from analyzed data is critically 

discussed to present the implications of the findings from this study.  

4.1 Harvested network dataset from Mayocoo with complex network 

properties 

This section provides the results from the conducted activity of harvesting network 

dataset from OSN with complex network properties. The results are structured by flow 

activities towards accomplishing the first objective of this study. The activities 

performed were web crawling, descriptive data analysis and presenting the network 

dataset properties to confirm if it has complex network properties. 

4.1.1 Web crawling results 

The web crawling procedure took a mean time of 8.79 seconds to receive single web 

page contents, thus the time frame of single server request was averagely found to be 

18.79 seconds. The procedure attained 2645 user nodes links which were each added 

actively to the queue as temporary memory to manage the next user node to visit. Out 

of the scraped list of user nodes, only 2501 user nodes equivalent to 94.56% were 

successfully visited meaning they returned HTTP response status code “200”. 

 

Figure 4.1: Proportion of successfully visited user nodes by a web crawler 
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The researcher found that the average time frame to receive a response from the 

Mayocoo server after sending server request is 8.79 seconds which is quite slow for 

the used connection to the Internet as stated in section 3.2. However, the researcher 

further noticed that most of the content populated by Mayocoo used HTTP version 1.1 

(Fielding et al., 1999) which is slower and outdated because it formats transmitted 

messages in plain text compared to the later HTTP version 2 (Belshe, Peon, & 

Thomson, 2015) which was developed to decrease web page access latency by using 

binary framing layer to format transmitted messages. The researcher believes that if 

Mayocoo system maintainers fully load the entire website contents using HTTP/2, it 

will increase the web access speed as evident in previous studies conducting 

performance comparison (Chowdhury, Sapra, & Hindle, 2015; de Saxce, Oprescu, & 

Chen, 2015). 

4.1.2 Visual representation of the harvested network 

To provide more understanding of the general network structure of collected Mayocoo 

network, the researcher generated visual representation of the user network. Visual 

representation assists in preliminary analysis of the nature and pattern of social 

networks. The graphical representation of the Mayocoo was generated with the help 

of the Fruchterman-Reingold force directed layout algorithm, which position nodes in 

a more appropriate way to have minimal crossing edges. 

 

Figure 4.2 Visual representation of relationships in Mayocoo 
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The Mayocoo dataset was accepted as input to the algorithm consisting of Mayocoo 

users as nodes and relationships existing between Mayocoo users as edges. Thereafter, 

it was executed in a computing environment as stated in section 3.2 which took an 

execution time of approximately 347.75 seconds to complete and provide the final 

output depicted in Figure 4.2. The Mayocoo visualization comprises of red points as 

nodes and black lines as edges. 

From the Figure 4.2, it is clearly shown that user nodes with high number of user 

relationships connection are positioned at the centre of the visual graphical circle, 

whereas connections of user nodes with low number of user relationships are bordering 

the figure meaning they are positioned away from the centre of the seen graphical 

circle. Furthermore, the figure depicts that low degree user nodes don’t create 

relationships with fellow low degree user nodes but tend to create more relationships 

with higher degree user nodes.  

4.1.3 User characteristics of collected Mayocoo dataset. 

The Mayocoo dataset represents the network of users. The Mayocoo users contain 

characteristics of which are set as user attributes in Mayocoo, which were entered by 

respective Mayocoo user on the process of registration, or later updated when using 

Mayocoo. This section provides a descriptive analysis of Mayocoo users’ 

characteristics from the collected network data. 

The collected attributes by the web crawler consisted of number of posts, gender, birth 

date, geographical location of user, number of following users and number of follower 

users. From the collected attributes of the Mayocoo users, birth date was used to derive 

age attribute by manipulating from the year 2018. 

4.1.3.1 Distribution of Mayocoo user’s number of posts 

The Figure 4.3 shows the distribution of posts for the Mayocoo users. Figure 4.3 

explains that from the collected dataset there are few Mayocoo users who are very 

active. Those Mayocoo users do post frequently in the Mayocoo with the amount of 

posts ranging from 200 number of posts to over 1200 number of posts. Whereas most 

of Mayocoo users have the amount of post under 200 number of posts.  
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The researcher found that the user with the highest amount of post achieved 1300 

number of posts. Furthermore, the standard deviation of the number of posts was equal 

to 31.067. 

 

Figure 4.3: Number of posts distribution for Mayocoo users 

4.1.3.2 Distribution of Mayocoo user’s gender 

Exploration of the harvested network dataset showed that there were about 1647 

Mayocoo users with access account were assigned female gender, which is equivalent 

to 65.9% of all Mayocoo users and 850 Mayocoo users were found to be assigned male 

gender, which is equivalent to 33.9% of all users. Nevertheless, 4 users preferred not 

to disclose their gender status which are equal to 0.2% of all users. 
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Figure 4.4: Gender Distribution of Mayocoo users 

Figure 4.4 shows that the number of female users which is 65.9% is greater compared 

to a number of male users which is 33.9%. Hence the Mayocoo, consist of large 

number of female users which is approximately double the number of male users. The 

result contradicts with the study on gender difference in using OSN (Mazman & 

Usluel, 2011) which used an online survey to collect data and found that most 

respondents were male users. Whereas, research exploiting longitudinal data of online 

surveys conducted from the year 2008 to 2013 (Hillsberg, 2014) show that female 

users surpass male users in terms of the number of OSN accounts, time used to interact 

with OSN and OSN engagement. 

Also, there existed users who chose not to disclose their gender status which are equal 

to 0.2%. This further supports the previous study on gender identity disclosure were 

some people opted to conceal gender status with the reason being fear of 

discrimination, social-cultural norms where others felt it is private information (Mansh 

et al., 2015). 
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4.1.3.3 Distribution of Mayocoo user’s age 

 

Figure 4.5: Age distribution of Mayocoo users 

Mayocoo consists of users with different years of age. Figure 4.5 represents the 

distribution of Mayocoo users’ age. From the figure, the age values illustrate an 

approximately normal distribution with skewness of 0.52. Also, the average age value 

is 32.16 years whereas the standard deviation from the average age being equal to 

10.66. The plot shows that most of the Mayocoo users are from the group between 22 

years of age to 42 years of age. Furthermore, 8.65% of users are under 20 years of age, 

72.77% of users were between 20 to 40 years of age which makes most of the Mayocoo 

users, and 18.58% of users are aged above 40 years. 

The results of age distribution are realistic because, the age group comprises of 

youngsters of the Information Age. Nevertheless, previous researches also align with 

this fact, as they found that most of users were youth when they studied the OSN 

Facebook (Gross, Acquisti, & Heinz, 2005) as well as Myspace (Pfeil, Arjan, & 

Zaphiris, 2009). 

4.1.3.4 Distribution of user’s geographical location 

From the attained dataset of Mayocoo, details of the geographical location where 

collected thereafter geocoded to get geographical coordinates. Geographical 
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coordinates were then fed to the world map to pinpoint population density of Mayocoo 

users concerning geographical location. 

Figure 4.6 expresses visually the geographical population density of Mayocoo users, 

the population density is proportional to the size of the circle in the Figure 4.6. Hence, 

the figure expresses that Mayocoo users are densely populated at East Africa, 

specifically in the United Republic of Tanzania. This data complements the existence 

of Mayocoo headquarters to be located at United Republic of Tanzania. 

 

Figure 4.6: Geographical distribution of Mayocoo users 

4.1.4 Harvested network dataset properties 

This section presents and discusses the properties of the harvested dataset as stated in 

section 3.5.1 in terms of structural network properties followed by statistical network 

properties. These properties provide topological details of the network and are 

essential in proving the complexity of the network. 

4.1.4.1 Beta index of the graph 

Beta index    provides the degree of connectivity in graph or density of the network 

from its graphical representation, it is calculated by the relating number of edges over 

number of nodes as seen in Equation (4.1). The connectivity of the network is 

proportional to the density of the network and hence when the beta index increases as 

the connectivity of the network increases.  
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E

V
   ….................................................. (4.1) 

where E  represents number of edges in the network and V  represents number of nodes 

in the network. 

Simple networks have   value of less than one and cycle connected network has   

value of one, whereas complex networks describe   value greater than one (Rodrigue, 

Comtois, & Slack, 2013). 

Dataset used in this study has 13840 total number of edges and 2645 total number of 

nodes, hence has approximated beta index of 5.23 as presented in Equation (4.2).  

3
13840

26
2

45
5.    ..................................................... (4.2) 

As the   value of the network from the dataset is 5.23 which is greater than 1, it clearly 

explains that dataset represents a complex network.  

4.1.4.2 Degree distribution 

Figure 4.7 shows the degree distribution of the Mayocoo dataset, which depicts the 

counts of users from the whole network dataset having a certain amount of 

relationships. The figure shows a long-tailed plot which follows the nature of power-

law distribution which implies it obeys scale free network as explained by Barabasi & 

Bonabeau (2003). The power-law distribution expresses that, the network contain few 

users with very high amount relationships whereas most users have low amount of 

relationships. 
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Figure 4.7: Degree distribution of Mayocoo dataset 

The collected Mayocoo dataset is from a real world network because several real-

world networks poses a power-law distribution which is not vivid in random or small 

world networks (Takemoto & Oosawa, 2012). Furthermore, researches done to human 

related networks like co-authorship networks have also proven existence of power law 

distribution in their researched dataset. Hence Mayocoo is a real world network 

obeying characteristics of scale free network model. 

4.2 Comparison of classical reciprocal link prediction algorithms 

This section present results of performing reciprocal link prediction using selected 

classical link prediction algorithms which are Adamic-Adar, Jaccard Coefficient, 

Preferential Attachment and Resource Allocation. The algorithms are executed on 

simulated network to achieve prediction values which are then trained to the ML 

model. After training the ML model, it is then evaluated by computing accuracy, 

precision, recall and f1-measure. From the attained results, classical reciprocal link 

prediction algorithm outperforming the others in terms of prediction performance will 

be used as baseline when comparing PageRank and HITS algorithms in section 4.3. 

4.2.1 Comparison of algorithms using F1-measure 

Results from the experiment containing F1-measure are presented in Table 4.1. F1-

measure in Mayocoo dataset from Resource Allocation was 0.687, which surpassed 
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that of Adamic-Adar, Jaccard Coefficient and Preferential Attachment, which were 

approximately 0.634, 0.654 and 0.641 respectively. Furthermore, for the Twitter 

dataset, the F1-measure results of Resource Allocation were 0.686 which performed 

best among Adamic-Adar (0.686), Jaccard Coefficient (0.681) and Preferential 

Attachment (0.687). Thus, resource allocation performs best among classical 

reciprocal prediction algorithms in terms of F1-measure. 

Table 4.1: F1-measure of classical reciprocal link prediction algorithms 

Classical algorithm F1-measure 

 Twitter Mayocoo 

Adamic-Adar 0.686 0.634 

Jaccard Coefficient 0.681 0.654 

Preferential Attachment 0.687 0.641 

Resource Allocation 0.746 0.687 

 

Figure 4.8: F1-measure of classical reciprocal link prediction algorithms 
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4.2.2 Comparison of algorithms using Accuracy score 

 

Figure 4.9: Accuracy of classical reciprocal link prediction algorithms 

Figure 4.9 show plots of accuracy scores for classical reciprocal link prediction 

algorithms, which include Adamic-Adar, Jaccard Coefficient, Preferential Attachment 

and Resource Allocation. Numerical results of the performed experiment are provided 

in Table 4.2. 

Table 4.2: Accuracy of classical reciprocal link prediction algorithms 

Classical algorithm Accuracy 

 Twitter Mayocoo 

Adamic-Adar 0.775 0.886 

Jaccard Coefficient 0.765 0.883 

Preferential Attachment 0.726 0.879 

Resource Allocation 0.795 0.888 

When executed in Mayocoo dataset, Resource Allocation algorithm was found to have 

the prediction accuracy of 0.888, which is better than Adamic-Adar (0.886), Jaccard 

Coefficient (0.883) and Preferential Attachment (0.879). Moreover, Resource 

Allocation algorithm showed a prediction accuracy of 0.795 when executed in the 

Twitter dataset, thus performs better than Adamic-Adar (0.775), Jaccard Coefficient 

(0.765) and Preferential Attachment (0.726).  
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4.2.3 Comparison of algorithms using a Precision score 

Table 4.3 presents the precision score results attained after experimenting. Using 

Mayocoo dataset, Adamic-Adar was found to have a precision of approximately 0.623, 

where Jaccard Coefficient, Preferential Attachment and Resource Allocation got 

0.620, 0.636 and 0.671 respectively. For the Twitter dataset, the precision results for 

Adamic-Adar, Jaccard Coefficient, Preferential Attachment and Resource Allocation 

were found to be 0.690, 0.658, 0.726 and 0.757 respectively.   

Table 4.3: Precision of classical reciprocal link prediction algorithms 

Classical algorithm Precision 

 Twitter Mayocoo 

Adamic-Adar 0.690 0.623 

Jaccard Coefficient 0.658 0.620 

Preferential Attachment 0.726 0.636 

Resource Allocation 0.757 0.671 

The results from both datasets indicate that Resource Allocation has best precision 

score when compared to the other classical reciprocal link prediction algorithm as 

shown in Figure 4.10. 

 

Figure 4.10: Precision of classical reciprocal link prediction algorithms 
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4.2.4 Comparison of algorithms using Recall score  

Recall score from the performed experiment were recorded and plotted as shown in 

Table 4.4 and Figure 4.11 respectively. The algorithms recall scores for Mayocoo 

dataset were 0.644 for Adamic-Adar, 0.691 for Jaccard Coefficient, 0.645 for 

Preferential Attachment and 0.705 for Resource Allocation. Whereas, for Twitter 

dataset were found to be 0.682 for Adamic-Adar, 0.706 for Jaccard Coefficient, 0.652 

for Preferential Attachment and 0.736 for Resource Allocation. 

Table 4.4: Recall of classical reciprocal link prediction algorithms 

Classical algorithm Recall 

 Twitter Mayocoo 

Adamic-Adar 0.682 0.644 

Jaccard Coefficient 0.706 0.691 

Preferential Attachment 0.652 0.645 

Resource Allocation 0.736 0.705 

 

Figure 4.11: Recall of classical reciprocal link prediction algorithms 

From Figure 4.11, it can be notably seen that Resource Allocation has greatest recall 

score among the classical reciprocal link prediction algorithms when executed in both 

datasets. 
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4.2.5 Baseline algorithm selected from classical reciprocal link prediction 

algorithms 

To attain a baseline algorithm, classical reciprocal link algorithms were compared. The 

comparison was performed based on based on accuracy, precision, recall and F1-

measure. It was found that Resource Allocation performed best among the classical 

algorithms against all scores. Hence, Resource Allocation is chosen as baseline 

algorithm in comparison of PageRank and HITS algorithms. 

4.3 Reciprocal link prediction in OSN using PageRank and HITS algorithms 

This section present results of performing reciprocal link prediction using PageRank 

and HITS algorithms. The objective is to first obtain the prediction efficiency of 

PageRank and HITS algorithm when used in reciprocal link prediction and compare 

with classical algorithms. Then, compare the efficiency of PageRank and HITS 

algorithms to know which surpasses the other.  

The experiment conducted from the previous section showed Resource Allocation 

algorithm perform well compared to other classical reciprocal link prediction 

algorithms. Hence, the algorithm will be used as a baseline algorithm. Results are 

represented in tables corresponding to the measure used for testing. For each table, the 

bolded values indicate the algorithm with the best measure.  

4.3.1 Comparison of PageRank and HITS algorithms using Accuracy score 

 

Figure 4.12: Accuracy of PR and HITS reciprocal link prediction algorithms 

Table 4.5 shows the accuracy score results from the performed test. The accuracy score 

of the PageRank algorithm was approximately 0.907, whereas HITS algorithm 

attained 0.938 accuracy score for Mayocoo dataset and baseline algorithm accuracy 



51 

score was 0.888. For the Twitter dataset, baseline algorithm attained accuracy score of 

0.795, whereas PageRank algorithm and HITS algorithm attained accuracy score of 

0.915 and 0.940 respectively. 

Table 4.5: Accuracy of PR and HITS reciprocal link prediction algorithms 

Algorithm Accuracy 

 Twitter Mayocoo 

Baseline algorithm 0.795 0.888 

PageRank algorithm 0.915 0.907 

HITS algorithm 0.940 0.938 

For the Twitter dataset, PageRank has an accuracy score of 0.28 better than the 

baseline which is equivalent to 28%, whereas HITS has an accuracy score of 0.245 

better than the baseline equivalent to 24%. 

These result show that HITS has greater fraction of right predictions than PageRank. 

The predictions considered are both whether reciprocal link is formed or not formed. 

Thus, HITS has overall greater number of correct prediction instances from the overall 

prediction instances when compared with PageRank. 

4.3.2 Comparison of PageRank and HITS algorithms using Precision score 

Table 4.6 contains results of precision score from the conducted experiment. When 

Mayocoo dataset was used, the chose baseline algorithm attained a precision score of 

approximately 0.671. Whereas, PageRank and HITS algorithms achieved a precision 

score of 0.719 and 0.821 respectively. Both PageRank and HITS algorithms obtained 

better precision score as compared to the baseline algorithm as shown in Figure 4.13. 

Table 4.6: Precision of PR and HITS reciprocal link prediction algorithms 

Algorithm Precision 

 Twitter Mayocoo 

Baseline algorithm 0.757 0.671 

PageRank algorithm 0.779 0.719 

HITS algorithm 0.842 0.821 
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Moreover, when the Twitter dataset was used, baseline attained a precision score of 

0.757. Whereas, PageRank and HITS precision scores was found to be 0.779 and 0.842 

respectively. 

 

Figure 4.13: Precision of PR and HITS reciprocal link prediction algorithms 

Furthermore, the HITS algorithm was found to have better precision score against the 

PageRank algorithm. This shows that, the amount of predicted reciprocal links which 

were actually true reciprocal links from the ground truth, is higher for HITS as against 

PageRank. 

4.3.3 Comparison of PageRank and HITS algorithms using Recall score 

Table 4.7: Recall of PR and HITS reciprocal link prediction algorithms 

Algorithm Recall 

 Twitter Mayocoo 

Baseline algorithm 0.736 0.705 

PageRank algorithm 0.749 0.716 

HITS algorithm 0.788 0.783 

 

Results of the measured recall score from the experiment are presented in Table 4.7. 

For Mayocoo dataset, baseline algorithm was found to have recall score of 0.705, while 

the recall score of the PageRank algorithm was 0.716 and HITS algorithm had 0.784. 

When Twitter dataset was used, baseline algorithm was found to have recall score of 

0.736, while the recall score of the PageRank algorithm was 0.749 and HITS algorithm 

had 0.788. 
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Figure 4.14: Recall of PR and HITS reciprocal link prediction algorithms 

As shown in Figure 4.14, baseline algorithms were outmatched by both PageRank and 

HITS algorithms. For Mayocoo dataset, PageRank’s recall measure exceeded the 

baseline by 0.011 equivalent to 1.1% and HITS’ recall measure exceeded the baseline 

by 0.078 equivalent to 7.9%. Moreover, for the Twitter dataset, PageRank’s recall 

measure has an improvement of 0.013 equivalent to 1.3% and HITS shows 

improvement of 0.052 equivalent to 5.2%. Furthermore, results from the recall score 

suggests HITS vividly outperform PageRank. This means that HITS was able to 

predict greater number of reciprocal links as found from the ground truth when 

compared to PageRank. 

4.3.4 Comparison of PageRank and HITS algorithms using F1-measure 

Table 4.8: F1-measure of PR and HITS reciprocal link prediction algorithms 

Algorithm F1-measure 

 Twitter Mayocoo 

Baseline algorithm 0.746 0.687 

PageRank algorithm 0.764 0.717 

HITS algorithm 0.814 0.802 

 

Table 4.8 consist of F1-measure attained as results from the conducted experiment. 

The results of Mayocoo dataset show that HITS algorithm has the greatest F1-measure 

of 0.802, followed by the PageRank algorithm with 0.717 and lastly the baseline 

algorithm with 0.687. When the Twitter dataset is used, HITS shows the greatest F1-
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measure of 0.814, followed by the PageRank algorithm by 0.764 and baseline 

algorithm by 0.746. 

This depicts that baseline algorithm has performed the worst when compared to 

PageRank and HITS. Nevertheless, HITS algorithm is seen to have better F1-measure 

than PageRank algorithm. 

 

Figure 4.15: F1-measure of PR and HITS reciprocal link prediction algorithms 

F1-measure aims to get the balance of precision score and recall score. Meaning it does 

not neglect the occurrence of incorrect predictions which may impact the overall 

prediction performance of the algorithm.  

4.4 Comparison of PageRank and HITS algorithms using computational cost 

In order to determine the computational cost of performing reciprocal link prediction 

for PageRank and HITS algorithms, a further test was conducted. The environment 

used to perform this computation testing was as stated in section 3.2.  

To determine if the computational cost of the algorithm is affected by amount of 

predicted values, each test was performed by varying the amount of links to be 

predicted. Each algorithm was given the same amount of one-way link to predict 

formation of reciprocal link for every test. The amount of links inputted to the 

algorithms for tests were 100, 200, 500, 1000 and 1500 respectively. 

Results are recorded basing on time used to run the individual algorithm. The time was 

used to determine the processor ability to execute the algorithms from start to finish. 

Thus, the greater the complexity of the algorithm the more the time used to complete 

execution. 
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While experimenting in simulation environment with specification stated in section 

3.2, the time used to execute the algorithm to the final output was recorded as shown 

in Table 4.9. 

Table 4.9: Time taken for execution on PageRank and HITS algorithms 

Algorithm Time taken for execution (seconds) 

N=100 N=200 N=500 N=1000 N=1500 

PageRank algorithm 13.76 14.04 14.34 14.42 15.03 

HITS algorithm 24.24 24.79 27.01 31.55 36.55 

 

From Figure 4.16, it is shown that time to complete execution increases as the number 

of instances needed to perform prediction increases. This is the case for both PageRank 

and HITS. However, PageRank uses less time to complete execution at all times when 

compared to HITS. Furthermore, the rate of increase in executing HITS rises extremely 

as number of prediction instances increase as compared to PageRank which rises 

slightly. Thus, the experiment show that the PageRank algorithm is computationally 

efficient as compared to the HITS algorithm. 

 

Figure 4.16: Time taken for execution of PageRank and HITS algorithms 
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4.5 General Summary 

This chapter presented experimental results from conducting reciprocal link prediction 

in OSN. Python was used to create network simulation of OSN using Mayocoo dataset. 

Results and discussion presented in this chapter were divided into parts. First, 

Comparison of prediction performance of four classical reciprocal link prediction 

algorithms was performed. The chose algorithms are Adamic-Adar, Jaccard 

Coefficient, Preferential Attachment and Resource Allocation. Metrics used for 

comparison consisted of accuracy, precision, recall and F1-measure. Resource 

Allocation was found to perform best among the classical reciprocal link prediction 

algorithms in terms of prediction performance. Hence, was selected as baseline 

algorithm. 

Thereafter, PageRank algorithm and HITS algorithm were then employed to perform 

reciprocal link prediction. The attained results were measured using accuracy, 

precision, recall and F1-measure. The attained metrics were compared to the selected 

baseline algorithm, which result show it was surpassed by both PageRank and HITS 

in terms of prediction performance. When comparing PageRank and HITS, results 

show that HITS perform better than PageRank in terms of prediction performance. 

Nevertheless, computational cost of executing PageRank and HITS algorithms was 

tested. The results from performing the experiment was collected and compared. It was 

found that PageRank uses less computational resources as compared to HITS. Thus, 

PageRank is more efficient than HITS when comparing computational cost.     
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.0 Overview 

This chapter summarizes the research by providing a conclusion of the study from 

findings. In the process of conducting this study realization have been noticed, and 

therefore suggested for further studies. 

5.1 Conclusion 

Reciprocal link prediction is the process of predicting future two-way interaction 

among users which develop from one-way interaction in OSN. PageRank algorithm 

and HITS algorithm was used to perform reciprocal link prediction in OSN dataset by 

analyzing the behavioural pattern of links. PageRank and HITS were compared with 

baseline algorithm which was selected after outperforming other classical reciprocal 

link prediction algorithms. It was found that both PageRank and HITS perform better 

than the baseline in terms of prediction performance. 

Furthermore, after comparing the prediction performance of PageRank and HITS, it 

was found that HITS has higher prediction performance than PageRank in terms of 

accuracy, precision, recall and F1-measure. However, PageRank was found to 

consume less computational resources as compared to HITS. And also, the amount of 

computational resources needed by HITS increases drastically as the number of 

instances to be predicted increases. Whereas, PageRank has a fair increase in 

computational resources when the number of predicted instances increases. 

5.2 Recommendation 

The study recommends OSN owners to implement the HITS algorithm for outstanding 

performance of reciprocal link. When the prediction performance is high it means the 

algorithm has higher possibility of predicting appropriate future interaction among 

OSN users. This will motivate the engagement in OSN since link prediction is the core 

of recommender systems.  

The OSN owners which are sensitive to the computational cost of the web servers 

should implement PageRank algorithm. Although its prediction performance is worse 

than HITS, it has been found to have preferable prediction performance which is better 

than classical reciprocal link prediction algorithms. 
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Apart from OSN, the algorithms should be implemented in professional based systems 

to attain insights of the trends and patterns of interaction which will increase the 

likelihood of proper decision making. These include the academic realm to foster 

author collaboration or in human resource to study how job seeker might interact with 

employees. 

5.3 Suggestions for further studies 

Further studies may be performed to better examine the evolution of one-way 

interaction into two-way interaction by considering the time of interaction. 

Advancement should be made moving from predictive analytics performed in this 

research to prescriptive analytics which will be completed by predicting the cause and 

time of interaction 

Moreover, studies should be done to research reciprocal link among users focusing on 

the conversation using sentiment analysis, to determine active and interactive 

relationships. Extensively, the application of natural language processing for studying 

the nature of posted information to determine the impact of user posting behaviour. 

Thus, informers who share widespread information versus meformers who are users 

posting on matters concerning themselves.  

Nevertheless, studies can also be done to predict the likelihood of diminishing 

reciprocal links in OSN. This means the evolution of two-way link to one-way link. 
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APPENDICES 

Appendix 1: List of famous Online Social Networks platforms 

S/N Name Year Founded Country of Origin OSN URL link 

1 Tencent QQ 1999 China qq.com 

2 Friendster 2002 Malaysia friendster.com 

3 Cyworld 2002 South Korea cyworld.com 

4 Myspace 2003 United States myspace.com 

5 LinkedIn 2003 United States linkedin.com 

6 Baidu Tieba 2003 China tieba.baidu.com 

7 Skype 2003 Estonia skype.com 

8 Hi5 2003 United States hi5.com 

9 Netlog 2003 Belgium netlog.com 

10 Orkut 2004 Turkey orkut.com 

11 Tagged 2004 United States tagged.com 

12 Flickr 2004 Canada flickr.com 

13 Facebook 2004 United States facebook.com 

14 Bebo 2005 United States bebo.com 

15 Douban 2005 China douban.com 

16 Reddit 2005 United States reddit.com 

17 Xanga 2005 United States xanga.com 

18 Qzone 2005 China qzone.qq.com 

19 Twitter 2006 United States twitter.com 

20 Windows Live 

(now Outlook) 

2006 United States outlook.live.com 

21 Vkontakte 2006 Russia vk.com 

22 Badoo 2006 Russia badoo.com 

23 Odnoklassmiki 2006 Russia ok.ru 

24 Flixster 2007 United States flixster.com 

25 Kaixin001 2008 China kaixin001.com 

26 WhatsApp 2009 United States whatsapp.com 

27 Pinterest 2010 United States pinterest.com 

28 Instagram 2010 United States instagram.com 

29 Viber 2010 Israel viber.com 

30 WeChat 2011 China wechat.com 

31 Snapchat 2011 United States snapchat.com 

32 Twoo 2011 Belgium two.com 

33 Discord 2015 United States discordapp.com 
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Appendix 2: Snippet of adjacent list containing user connection in Mayocoo 
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Appendix 3: Snippet of user attributes from Mayocoo 

 


