
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
  

Prediction of New Citation Links in  
Author-Author Directed Network 

 

Mujtaba JAWED 
Master Thesis 

 
 Department: Computer Engineering 
Supervisor: Prof. Dr. Mehmet KAYA 

 
March-2016 

 
  



REPUBLIC OF TURKEY 
FIRAT UNIVERSITY 

GRADUATE SCHOOL OF NATURAL AND APPLIED SCIENCES 

 
 
 
 

PREDICTION OF NEW CITATION LINKS IN AUTHOR-AUTHOR 
DIRECTED NETWORK 

 
 
 
 
 

Master Thesis 

Mujtaba JAWED 

(121129120) 
 

 

 

Submission Date to the Institute: 23 February 2016 

Thesis Presentation Date: 11 March 2016  

 

 

                Advisory Committee:    Prof. Dr. Mehmet KAYA (Supervisor) 

                                                         Prof. Dr. Ali KARCI 

                                                         Asst. Prof. Dr. Taner TUNCER 
 

 

 

 

March, 2016 



I 
 

 

ACKNOWLEDGMENT 

 

Thanks God before everything and after everything for giving me the 

knowledge and ability to complete this research work in this final form.  

I am very thankful and indebted to my respected teacher Prof. Dr. Mehmet 

KAYA for his valuable and thorough supervision throughout all the phases of my 

thesis, without which it wouldn’t be possible to be completed. Not just during my 

thesis preparation but from the time when I came to Turkey he is one of the 

persons who helped me very much. 

My special thanks goes to Prof. Dr. Ali KAECI and Asst. Prof. Dr. Taner 

TUNCER for taking part as an advisory committee in my thesis presentation and 

their inestimable feedbacks which enhanced and improved my research. 

I would like to express my gratitude  and special thanks to Turkey 

Government and Presidency for Turks aboard and related communities (YTB 

(Yurtdışı Türkler ve Akraba Topluluklar Başkanlığı)) for providing the master 

degree scholarship to me, by which I found the ability to become familiar to 

Turkish people, Turkish culture. Their unlimited helps, supports and 

encouragements are greatly appreciated. 

Acknowledging my beloved family for their supports and encouragements 

in the hard times, I am forever indebted to my family especially my mother and 

my father for all their helps both materially and morally. I would like to thank my 

mother and my aunt for constantly including me in their prayers. 

My special thanks goes to my dear friends and all faculty members for 

their helps.  

 

 

 



II 
 

TABLE OF CONTENTS 

 
Acknowledgment ............................................................................................................................. I 

Table of Contents ............................................................................................................................ II 

List of Figures ............................................................................................................................... IV 

List of Tables .................................................................................................................................. V 

Abstract ......................................................................................................................................... VI 

1. Introduction .............................................................................................................................. 1 

1.1 Objectives ......................................................................................................................... 2 

1.2 Organization of the thesis ................................................................................................. 3 

2. Social Networks ....................................................................................................................... 4 

2.1 What is a network? ........................................................................................................... 4 

2.2 Social Networks ............................................................................................................... 4 

2.3 Definition ......................................................................................................................... 5 

2.4 Types of social networks .................................................................................................. 7 

2.4.1 Relational-based types of social networks ................................................................... 7 

2.4.2 Directional-based types of social networks .................................................................. 8 

2.5 Social Network Analysis .................................................................................................. 9 

2.5.1 Basic Metrics in Social Network Analysis ................................................................. 11 

3. Link Prediction ....................................................................................................................... 16 

3.1 Unsupervised Approach ................................................................................................. 17 

3.2 Supervised Approach ..................................................................................................... 17 

3.3 Related Works ................................................................................................................ 18 

3.4 Proximity Measures in Link Prediction ......................................................................... 19 

3.4.1 Number of Common Neighbors (CN) ........................................................................ 19 

3.4.2 Jacquard’s coefficient ................................................................................................. 20 

3.4.3 Preferential Attachment (PA) ..................................................................................... 21 

3.4.4 Adamic-Adar Coefficient (AA) .................................................................................. 21 

3.4.5 Path Distance (PD) ..................................................................................................... 22 

3.4.6 Resource Allocation  (RA) ......................................................................................... 22 

3.4.7 Local Path (LP) ........................................................................................................... 23 

4. Link prediction in directed citation network .......................................................................... 25 

4.1 Directed Networks ......................................................................................................... 25 



III 
 

4.2 Background .................................................................................................................... 26 

4.3 Link Prediction ............................................................................................................... 27 

4.4 Used Traditional Proximity Measures ........................................................................... 28 

4.4.1 Number of Common Neighbors (CN) ........................................................................ 28 

4.4.2 Jacquard’s coefficient ................................................................................................. 28 

4.4.3 Preferential Attachment (PA) ..................................................................................... 29 

4.4.4 Adamic-Adar Coefficient (AA) .................................................................................. 29 

4.5 Citation Network and Tried Patterns .............................................................................. 30 

4.6 The Proposed Time-Frame Based Link Prediction in Directed Networks .................... 32 

4.6.1 Temporal Structure ..................................................................................................... 32 

4.6.2 Temporal event ........................................................................................................... 32 

4.7 Time Frame Based Score ............................................................................................... 35 

4.8 Experimental Results ..................................................................................................... 36 

5. Link Prediction in Weighted Citation Networks .................................................................... 38 

5.1 Weighted Networks ........................................................................................................ 38 

5.2 Measures for Weighted Networks .................................................................................. 39 

5.3 Link Prediction ............................................................................................................... 39 

5.4 Traditional proximity measures ..................................................................................... 41 

5.4.1 Number of Common Neighbors (CN) ........................................................................ 41 

5.4.2 Jacquard’s coefficient ................................................................................................. 41 

5.4.3 Preferential Attachment (PA) ..................................................................................... 42 

5.4.4 Adamic-Adar Coefficient (AA) .................................................................................. 42 

5.5 Citation network and triad patterns ................................................................................ 43 

5.6 The Proposed Time-Frame Based Link Prediction in Directed Networks .................... 46 

5.6.1 Temporal Structure ..................................................................................................... 46 

5.6.2 Temporal event ........................................................................................................... 46 

5.6.3 Weighted temporal event ............................................................................................ 47 

5.7 Time Frame-based Score ................................................................................................ 49 

5.8 Experimental Results ..................................................................................................... 51 

6. Conclusion .............................................................................................................................. 53 

References ..................................................................................................................................... 55 

Curriculum vita ............................................................................................................................. 59 

 
 

 



IV 
 

 

LIST OF FIGURES 

 
 
 

Figure  2.1 A simple Social Network_______________________________________________ 5 

Figure  2.2 Social Networks over Internet ___________________________________________ 6 

Figure  2.3 Average hours spent on social networking site per visitor across Europe _________ 6 

Figure  2.4 A directed Social Network with 10 vertices (or nodes) and 13 edges. ____________ 8 

Figure  2.5  An undirected Social Network with 10 and 11 edges. ________________________ 9 

Figure  2.6 An example network for degree centrality calculation _______________________ 11 

Figure  2.7 An example network for closeness centrality calculation _____________________ 12 

Figure  4.1 Triad graph patterns __________________________________________________ 30 

Figure  4.2 Closed F1X triads ___________________________________________________ 31 

Figure  4.3 Closed F2X triads ___________________________________________________ 31 

Figure  4.4 Closed F3X triads ___________________________________________________ 31 

Figure  4.5 Protective, inventive and regressive events ________________________________ 34 

Figure  5.1 A  simple weighted network ___________________________________________ 38 

Figure  5.2 Citation network ____________________________________________________ 43 

Figure  5.3 Triad graph patterns __________________________________________________ 44 

Figure  5.4 Closed F1X triads ___________________________________________________ 45 

Figure  5.5 Closed F2X triads ___________________________________________________ 45 

Figure  5.6 Closed F3X triads ___________________________________________________ 45 

Figure  5.7 Protective, inventive and regressive events ________________________________ 49 

 

 

 

 

 

 

 



V 
 

 

LIST OF TABLES 

 

 

Table 1 Precision values (%) of five methods ______________________________________ 37 

Table 2 Precision values (%) of five methods on the weighted network __________________ 51 

Table 3 AUC values of the proposed method for different values of α ___________________ 52 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



VI 
 

 

ABSTRACT 

 

Link prediction in weighted and directed networks according to the 

application of temporal information can be point as an important problem in 

social network analysis. Link prediction tends to guess the likelihood of the 

connections occurrence between nodes. In addition the link prediction aims to 

determine the missing links in the network, which uses the state of the network up 

to a given time for predicting the new links in future. Most of the previous works 

have deployed to unweighted or undirected networks and for computing the 

proximity scores, only the current state of the network has considered without 

taking any temporal information into account, which can be point as a limitation 

in link prediction studies. In this study we tried to overcome the above mentioned 

limitation by analyzing the development of topological measures in a weighted-

directed citation network on a specific period of time. For achieving this aim, 

chosen similarity metric deployed to all non-connected pairs of nodes in different 

frames of time in the network. Then, time frames are built for each pair to record 

their values which provided by the metric. Experiments on unsupervised 

prediction on a weighted-directed citation network show that the proposed method 

finds satisfactory results and is promising. 

 

 

Keywords: Social networks, Social network analysis, Link prediction, directed 
networks, weighted networks,  citation networks, temporal events. 
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1. INTRODUCTION  

Humans are creatures of social and they interact with each other in several manners, like 

these human social networks are everywhere present in the nature. Such social networks have 

wide area of application which can be range from offline networks based on kinship ties, 

friendship to online networks. For instance citation network is an example of offline networks 

and in online social networks Face-book, Myspace, LinkedIn, etc…. are the popular once. The 

social networks represent as graphs or hyper graphs and there is an extensive body of literature 

on social networks [1].  

The advent and development of social networks is one of the most exciting events in 

recent years. The continuously developments of social networks generated a big source of 

information in different fields which has been attracting attention of many researchers. In 

literature of social networks the researches have proposed so many kinds of predictive problems. 

Link prediction is one of the mentioned problems which predict the links that tend to appear 

between a pair of nodes in a network in the future. Liben-Nowell and Kleinberg [2] proposed the 

link prediction problem for the first time, which has been studying widely from that time and 

continuing till now. A link between two individuals is established base on many elements. 

Existing links give the individuals more chances to meet new people who can become their 

friends in future. 

While the link prediction problem has been applied in many domains like social 

networks, protein-protein inter-action, record linkage problem, web-link prediction etc., we 

restrict our study to application of link prediction in social networks especially prediction of new 

citation links in Author-Author directed network. The link prediction problem has a wide range 

of applications in addition to the well-known example of e.g., recommendation systems [3] [4], 

making recommendation to create mutually beneficial professional links [5], improve 

navigational efficiency of websites [5] etc. 

In this study already existed citation network of authors will be considered according to 

the different farms of time from the past till a specific period of time near to the present. A 

Dataset that include citation relationship of authors will be considered. By using of this dataset 

the citation network between authors will be designed. In first instance we will obtain already 

existed links of the network on a time farm based like year to year or each two years. According 
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to the number of citation of authors a weight will be assigned to the links in the network 

therefore the mentioned network is going to change to a directed and weighted network. Within 

the scope of this study a real dataset which will be used is going to abstract from DBLP and 

CiteseerX websites. By using of obtained links attributes and applying the proximity measures 

prediction of new links between those nodes that don’t have any relation with each other will be 

calculated. 

 

1.1 Objectives  

In most of the link prediction studies the topological attributes, static attributes or features 

of vertices and links have been considered for finding or predicting the upcoming/future 

connections. Temporal information of vertices and connections has been taken in account in 

some of studies. Even though most of the static features provide valuable information about 

general social phenomenon that can be used for predicting the powerful connections, temporal 

attributes have a big effect on link evolution. It is not true all the time that the static features 

don’t change over the time. It is worthy to study how to use the information gained from 

temporal behavior of vertices and connections to predict future powerful connections. Therefore 

we set the (time frame based link prediction in directed-weighted citation networks) as a main 

goal of this thesis.  

Different from previous studies in this thesis we applied four topological proximity 

metrics (Common Neighbor index, Jacquard’s Coefficient index, Preferential Attachment index 

and Adamic Adar index) both weighted and unweighted versions to the link prediction problem 

in a real citation network which is directed and weighted. Also the application of temporal 

information has considered in this study.  

In the preformed experiments, we did a comparison between weighted and unweighted 

proximity metrics, according to the experimental results we can highlight that weighted 

proximity metrics outperform the unweighted metrics. 

Experimental results applied on real dataset shows that the proposed method gives 

accurate prediction and promising results which outperform the traditional proximity metrics. 

As we mentioned above all of the preformed experiments are according to the common 

neighbor based metrics and we didn’t consider the global information based metrics and path 

based metrics, therefore the application of mentioned metrics can be consider as future works, 
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moreover this work still has limits regarding the case study, which the experiments deployed on 

one dataset and as future studies this work can extend by applying on different datasets.  

 

1.2 Organization of the thesis 

 
 The rest of this thesis is organized as follow: 

 

Chapter 2: Social network brings a short definition of network, information about social 

networks, types of social networks and social networks analysis. 

Chapter 3: Link prediction starts with the two well-known approaches of link prediction. The 

past researches related to the link prediction are addressed in this chapter and the proximity 

measures in link prediction are described at end. 

Chapter 4: Link prediction in directed citation network introduce a novel method for 

predicting new links in directed citation network based on temporal information. The 

effectiveness of temporal information in link prediction is shown by the experimental results at 

the end of this chapter. 

Chapter 5: Link Prediction in Weighted Citation Networks starts with a short information 

about weighted networks. A novel method for predicting new links in weighted-directed citation 

network based on temporal information is addressed in this chapter. 

Chapter 6: Conclusion summarizes and discusses the contributions of this research work. It also 

discusses the limitations of the features introduced in this research work, and future directions of 

our research. 
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2. SOCIAL NETWORKS 

2.1 What is a network?  

  Collection of relations is called network. Formally a network consist an object’s set which 

mathematical calls nodes and a set of relations among objects or nodes. At least a simple 

network consist two nodes like the 1 and 2 in the below that might be two person or two authors, 

and a connection that connect them which can be “working in the same office or citing each 

other” 

 

                    1                                                                    2 
 

Relations can have direction in a network, as an example in the below 1 cite the 2 while 
there is no citation relation from 2 to 1. 

 

Cites 

                  1  2 

 

                                                    

  Also relations in a network can be bidirectional or mutual like the one below in which 

both nodes (authors) cited each other mutually. 

 
1 2 

 

 

  When there is more than one kind of relations in a network then it is called multiplex 

relations. For instance if 1 and 2 work in the same university and they cite each other then they 

share a multiplex relation among them. 

2.2 Social Networks 

Social networks have been increasing largely during the last 100 years so lots of people 

are interested to take part in social networks like Myspace Facebook, YouTube, Twitter, etc. to 

make connection with their families, friends, colleagues ….etc. in a virtual environment. 



5 
 

2.3 Definition 

 

A graph G = (V, E) including a set of vertices V and a set of ties/edges E, which the 

vertices show objects of the graph like people, groups, or foundations and the ties show the 

relations between objects of the network like friendship, family relations, work relations, etc.  

 

 

 

 

 

 

As mentioned above social networks can be shown by persons or foundations and the 

relationships of them. Generally these relationships show one or different kinds of solidarity (like 

religion and thoughts) or more special relations (such as citation relations and kinship). 

The cardinality of nodes expands dynamically, especially on the Web, as new documents 

and profiles are created continuously while further populating additional nodes in the social Web 

[7]. 

Figure  2.1 A simple Social Network 
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Technology and internet developments made it easy and so simple to grant accessing of 

social networking sites therefore use of social networking sites become a habit to a majority of 

people over the world. Facebook, Twitter, Google+, LinkedIn, YouTube, Tencent QQ… are the 

most popular social networking sites which are using around the world. 

 

 

Social networks are growing day by day, though people desire to spend time in these 

networks because people desire to make communities, to extend their communities, to be 

involved in more cases and activates, people want to connect and reconnect. According to a 

research which had been done about (average hours spent on social networking site per visitor 

across Europe) by comScore Data Mine in 2010 shows that “Spanish Internet users between the  

age of 15-24 spent most time on social networking sites with an average of 11 hours in 

December 2010, followed by 15-24 year olds from the UK and Italy. 35-54 year old Internet 

Figure  2.2 Social Networks over Internet 

Figure  2.3 Average hours spent on social networking site per visitor across Europe 
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users in the UK spent on average more time on Social Networking sites than their 25-34 year old 

counterparts.”[8] 

 

2.4 Types of social networks  

There are different types of social network in literature of social network concept which 

have considered by researches according their usages. Forasmuch as the topic that will be studied 

by us (Prediction of New Citation Links in Author-Author Directed Network) is related to 

directed and multi relational social networks therefore relational-based and directional-based 

types of social networks will be considered shortly. 

 

2.4.1 Relational-based types of social networks 

 
There are two types of Relational-based social networks homogeneous and 

heterogeneous. [8] 

 

2.4.1.1 Homogeneous 
 

In homogeneous social networks, objects have just one kind of relation and the 

information interchange between objects take place through this relation. Thus, social network 

analysis considers only one type of knowledge exchange between network elements. 

 

2.4.1.2 Heterogeneous 
 

A multi-relational social network which represents different kinds of relationships among 

objects is a Heterogeneous social network. In this kind of social networks the exchange of 

knowledge between objects takes place through different kinds of relationships. Thus, multi-

relational social network analysis assumes that elements are exchanging different types of 

knowledge depending on the types of relationships linking them. 
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2.4.2 Directional-based types of social networks 

2.4.2.1 Directed social networks 
 
Actually a directed network or a digraph is a directed graph. A directed network is a 

graph or a set of objects (called vertices or nodes) that are connected together, where all the 

edges are directed from one vertex to another. In contrast, a graph where the edges point in a 

direction is called a directed social network.  When drawing a directed graph, the edges are 

typically drawn as arrows indicating the direction, as illustrated in the following figure. 

 

 

 

Formally a directed Social Network/Graph can be defined as G= (N, E), consisting of the 

set N of nodes and the set E of edges, which are ordered pairs of elements of N. 
 

2.4.2.2 Undirected Social Networks 
 

An undirected social network is actually an undirected graph. An undirected network is 

a graph or a set of objects (called vertices or nodes) that are connected together, where all the 

edges are bidirectional. When drawing an undirected graph, the edges are typically drawn as 

lines between pairs of nodes, as illustrated in the following figure. 

Formally an undirected Social Network/Graph can be defined as G= (N, E), consisting of the 

set N of nodes and the set E of edges, which are unordered pairs of elements of N. 

Figure  2.4 A directed Social Network with 10 vertices (or nodes) and 13 edges. 



9 
 

 
 

 
 

2.5 Social Network Analysis 

Researches on social network analysis (SNA) stretches back more than half a century [10] 

where Jacob L. Moreno often is credited to be the researcher who was first systematically make 

use of social network analysis like techniques [11]. 

To define the social network analysis it focuses on the structure of relationships, ranging 

from casual acquaintance to close bonds. Social network analysis assumes that relationships are 

important. It maps and measures formal and informal relationships to understand what facilitates or 

impedes the knowledge flows that bind interacting units, viz., who knows whom, who work with 

whom and who shares what information and knowledge with whom by what communication 

media (e.g., data and information, voice, or video communications).[12] Social network analysis 

is a method with increasing application in the social sciences and has been applied in different 

area like link prediction from social networks, psychology, health, business organization, and 

electronic communications. 

Social network analysis is considered in a vast amount of areas. To mention just a few, it 

can be used for understanding social interactions, to optimize flow of information between 

employees in a company, or to study and analyze criminal or terrorist organizations. Important 

problems within social network analysis are, among others: 

 

Figure  2.5  An undirected Social Network with 10 and 11 edges. 
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1. To collect and extract useful data 

2. To visualize the network in a way that support analysts with interpretation of the social 

structures. 

3. To identify important structural patterns of the network (such as the identification of 

actors in the network that are extra important or powerful). 

4. To predicate new links by calculating closeness, centrality ….etc.   

Analyzing social networks enables us to detect several inter and intra connections 

between nodes in and outside their networks. The analysis of most social networks is an 

explanation of ties role of each node in the network. [13] The values explaining the role of nodes 

can be measured in the form of centrality values. There are 4 categories of centrality values 

namely degree centrality, closeness centrality, betweenness centrality, eigenvector centrality. 
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2.5.1 Basic Metrics in Social Network Analysis 

 

2.5.1.1 Degree Centrality  

 
Degree centrality is defined as the number of links incident upon a node (i.e., the number 

of ties that a node has). In the directed network (meaning that ties have direction), we usually 

define two separate measures of degree centrality, namely in-degree and out-degree. In-degree is 

a count of the number of ties directed to the node, and out-degree is the number of ties that the 

node directs to others.  

 

Formally for a graph ܩ ∈ ሺܸ,  ሻ with n vertices, the degree centrality C´D (vi) for vertexܧ

vi is as follow:         

               

C´D (vi) = 
ௗ௜

௡ିଵ
                         (2.1)         

 

 

 

C´D (4) =5/7 =0.71                                   C´D (7) =2/7 = 0.28 

 

In the figure 2.6, node 4 has the highest degree centrality while 7 and 8 have the lowest. 

 

 

Figure  2.6 An example network for degree centrality calculation 
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2.5.1.2 Closeness Centrality  
 

 Closeness centrality is the total number of spaces which an object has from other objects 

in the network, it shows the centralization of the under analysis object. Intuitively we say two 

sets are close if they are arbitrarily near to each other.  

 In graph theory closeness is a centrality measure of a vertex within a graph. Vertices that 

are 'shallow' to other vertices (that is, those that tend to have short geodesic distances to other 

vertices with in the graph) have higher closeness. In the network theory, closeness is a 

sophisticated measure of centrality. It is defined as the mean geodesic distance (i.e., the shortest 

path) between a vertex v and all other vertices reachable from it. 

 Closeness centrality is the sum of all distances from an interesting node to 

other nodes in the network. It explains whether such a node is the center of the 

network or not. Formally for a graph ܩ ∈ ሺܸ,  ሻ with n vertices, the closeness centrality CCܧ

(vi) for vertex vi is as follow:  

 

CC (vi) = 
௡ିଵ

∑ 		௚ሺ௩௜,௩௝ሻ೙
ೕಯ೔

    (2.2) 

 

 

 

CC (4) = 8-1/1+1+1+1+1+2+2 = 7/9 = 0.77         CC (5) =8-1/1+1+1+2+2+2+3 =7/12 =0.58 

In figure 2.7, node 4 is more central than 5. 

Figure  2.7 An example network for closeness centrality calculation 
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2.5.1.3 Betweenness Centrality 
 

 Betweenness is a centrality metrics of a node within a graph (there is also edge 

betweenness, which is not discussed here). Vertices that occur on many shortest paths between 

other vertices have higher betweenness than those that do not. For a graph ܩ ∈ ሺܸ,  ሻ with nܧ

vertices, the betweenness CB(vi) for vertex vi is computed as follows:  

1. For each pair of vertices (s,t), compute all shortest paths between them.  

2. For each pair of vertices (s,t), determine the fraction of shortest paths that pass through the 

vertex in question (here, vertex vi).  

3. Sum this fraction over all pairs of vertices (s,t). Or, more succinctly: 

 

 

ሻ݅ݒሺܤܥ 	ൌ 	 ෍
ሻ݅ݒሺݐݏߪ
ݐݏߪ

௩௦ஷ௩௜ஷ௩௧∈௏,			௦ழ௧

 
                    (2.3) 

 

 In the equation (2.3) ݐݏߪሺ݅ݒሻ is the number of shortest paths from s to t, and ݐݏߪ is the 

number of shortest paths from s to t that pass through a vertex vi.  

 

 

2.5.1.4 Eigenvector Centrality  
 
 

Eigenvector centrality is a measure of the importance of a node in a network. It assigns 

relative scores to all nodes in the network based on the principle that connections to high-scoring 

nodes contribute more to the score of the node in question than equal connections to low-scoring 

nodes. Google's PageRank is a variant of the Eigenvector centrality measure.  
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2.5.1.5 Other Metrics  
 

 Bridge:  

Bridge is a link; if we delete it then the nodes which formed the mentioned link lie on 

different subgraphs. 

 

 Centralization:  

Centralization is the difference between the numbers of links for each node divided by 

maximum possible sum of differences. A centralized network will have many of its links 

dispersed around one or a few nodes, while a decentralized network is one in which there is 

little variation between the numbers of links each node possesses.  

 

 Clustering coefficient:  

A measure of the likelihood that two associates of a node are associates themselves. A 

higher clustering coefficient indicates a greater 'cliquishness'. 

 

 Cohesion:  

Cohesion is the degree to which actors are connected directly to each other by cohesive 

bonds. Groups are identified as ‘cliques’ if every individual is directly tied to every other 

individual, ‘social circles’ if there is less stringency of direct contact, which is imprecise, or 

as structurally cohesive blocks if precision is wanted.[20]  

 

 Degree:  

Degree is the sum of the links that an object/node has in a network. Definitely it is the 

sum of in-degree and out-degree of a node.  

 

 Density:  

The degree a respondent's ties know one another/ proportion of ties among an individual's 

nominees. Network or global-level density is the proportion of ties in a network relative to 

the total number possible (sparse versus dense networks). 
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 Local bridge:  

Local bridge is an edge is a local bridge if its endpoints share no common neighbors. 

Unlike a bridge, a local bridge is contained in a cycle. 

 

 Path length:  

Path length is the distances between pairs of nodes in the network. Average path-length is 

the average of these distances between all pairs of nodes. 

 

 Prestige:  

In a directed graph prestige is the term used to describe a node's centrality. "Degree 

Prestige", "Proximity Prestige", and "Status Prestige" are all measures of Prestige. 
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3. LINK PREDICTION  

Link prediction focuses on finding hidden links or predicting connections that tend to 

become visible in the future time by considering the previous states of network [29] or this 

problem includes the new links prediction or finding invisible connections in a network. Link 

prediction is a significant task and it has a wide area of application, for instance citation 

networks, bioinformatics, e-commerce, recommending systems, co-authorship networks, etc. 

[48].. Link prediction is a significant task and it has a wide area of application, for instance 

citation networks, bioinformatics, e-commerce, recommending systems, co-authorship networks, 

bibliographic domain, criminal investigations and molecule biology [2], [4]. A classic definition 

of the link prediction problem is expressed by: ‘‘Given a snapshot of a social network at time t, 

we seek to accurately predict the edges that will be added to the network during the interval from 

time t to a given future time tˈ’’ [12]. Several approaches proposed to deal with this problem. 

Some well-known ones listed as: 1) Node-wise based approach 2) Topological/structural patterns 

based approach. 

Extracting the values of measures that show the similarity between pairs of nodes is the 

basic point for node-wise based approach. Nodes act as a vector of features, in order to find their 

closeness, similarity metrics applied to each pairs of nodes. After that the scores can be used by 

unsupervised method [12], [17], [14]. In the unsupervised strategy, a proximity metric is select 

and apply to pairs of nodes in the network aiming to rank them. The top ranked pair of nodes are 

predict to make a tie in future.  

The topological patterns based approach [13], [14], [15], [16] extract the scores from 

non-connected nodes of the network by using topological metrics. By tracking structural patterns 

of the network, these metrics provide a similarity degree between two nodes [16]. Then the 

scores used as a basis to build models for performing the prediction. Topological strategies are 

the most well-known among others. It is also easy to implement and presents good performance 

[13], [14], [15], [16]. 

In the most of previous studies the classic definition of link prediction has followed, the 

link prediction task performed by analyzing the complete structure of network at the current time 

and creation time of existing links or temporal information didn’t considered. However, temporal 

information (e.g., the interaction moments of nodes in the past or the first observation time of a 
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connection) is a meaningful perspective that should be focused during the link prediction task 

[18]. For instance, it would be helpful, if the formation time of links between neighbors not only 

how many times they interacted taken into account during the neighborhood based proximity 

score calculation. Common neighbor’s recent activities can be more valuable than the old 

activities. In order to predict new connections they use the static structure of the network and 

changes in the network over the time didn’t considered in these approaches, as a result they 

cannot model its evolution as such. Also, static approaches are suitable for investigating the 

occurrence of a certain link in a network but they are not so much useful, as an example, if the 

prediction of repeated link occurrences be a point of interest [19]. 

There are so many methods that deal with link prediction problem; the method which 

uses proximity metrics between two nodes is the most well-known among them [48].  

Commonly, there are two types of approaches which deal with the prediction after the 

similarity scores are calculated: 

 

3.1 Unsupervised Approach  

 
The unsupervised strategy rank the non-connected pairs of nodes as a list, then the pairs 

of nodes which have the highest scores ordering in top of the list. Then the top listed pairs of 

nodes are predicted to be connected. This method is so easy to implement and does not require a 

labeled training set to perform the prediction. However, it shows some limitations such as the 

need to define the threshold L and the difficulty in combining information provided by more than 

one metric. 

3.2 Supervised Approach 

 
The link prediction problem is treats as a classification problem by supervised approach, 

in which pairs of nodes that are practically connected are assigned to class positive like (class 1), 

but the   non-linked pairs of nodes are assigned to class negative like (class 0). Unlike the 

unsupervised method, the supervised approach needs a labeled training set to train the classifier 

that is going to be used. Finally, the prediction task can be performed by deploying a set of pairs 

of nodes in the trained classifier. 
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3.3 Related Works 

 In the literature of link prediction the most developed algorithms are based on topological 

information of network. According to the structural properties of the network, link prediction 

approaches can be categorized into three groups: 1) Common neighbor based 2) Global 

information based 3) Paths based. 

Here we just give some information about common neighbor based methods. Common 

neighbor based methods take only information of first order neighbors into account namely, 

Common Neighbor Index [9], [6] Jaccard Index [47], [10] Preferential Attachment Index [28], 

[14] Adamic Adar Index [7] and Resource Allocation Index [48]. 

Although, most of link prediction studies didn’t take weights of links into account, here we 

remark some previous studies in which the use of temporal information, weighted networks and 

citation networks in link prediction are the matters of importance. For instance, a weighted 

version of some unweighted proximity measures has proposed by Hially Rodrigues de Sa and 

Ricardo B. C. Prudencio in [14] and they record a good prediction performance with weighted 

proximity measures. Zhijie et al. proposed a method based on Markov Chain system in weighted 

networks with the use of Resource Allocation into it. Difference of nodes with various degrees 

and weights along various orders neighbors has considered by their method [32].  

 A weighted PageRank algorithm based on weighted directed author citation has proposed 

by Radicchi et al. in [33], aiming to rank the scientists by taking their scientific publication 

credits into account. In [18] a weighted graph modeled as a network by authors. Link’s weights 

was acting as the age of the most recent activities among nodes and after that the extended 

version of Adamic Adar for weighted networks has deployed to accomplish the link prediction 

task. Mining of network data completed with temporal information for discovering the 

association rules which explain the network in a best way has proposed by authors in [21]. 

Juszczyszyn et al. acknowledged an approach in which the probabilities of transmissions 

between triads of nodes derived by using the   history of the network (records of network during 

the past frames of time) [22]. In this approach compromising results can be achieved also a very 

expensive task which is frequent subgraphs mining has shown in this work [23]. In [19] a time 

series built for each pair of nodes by authors, in which the frequency of happening of links 

among the nodes during a particular cycle of time is the observation of each series. Potgieter in 
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[24] and Soares & Prudêncio in [25] adopted a similar idea, but according to their studies for 

prediction the proximity scores time series models were used. In this strategy, they used a chosen 

proximity metric and for each pair of nodes a time series was built by calculating the score in an 

array of time periods or various states of the network used over the time. A as result for each pair 

a final proximity score obtained by forecasting its corresponding time series. 

 

3.4 Proximity Measures in Link Prediction 

 

In the link prediction literature the evaluated and proposed proximity metrics can be 

grouped into semantic or topological measures [48]. In the node-wise metrics or semantic 

metrics for measuring the proximity nodes’ information is taken in account. As an example, for 

predicting the oncoming interchanges between authors in a co-authorship net, the already 

extracted similarities among keywords which taken out from published articles can be used [48]. 

Unlike semantic metrics, in topological approach for computing the proximity values the 

structure of network is deploying. In link prediction literature topological metrics are more 

generally proposed than other approaches. 

 
3.4.1 Number of Common Neighbors (CN) 

 

The Number of common neighbors is one of the most widespread measures adapted to 

the link prediction problem which is so simple. This method senses that the future connection of 

two nodes is related to a high number of common neighbors between those nodes [14].  

 

 

,ሺ݅ܰܥ ݆ሻ ൌ 	 |Γሺ݅ሻ ∩ Γሺ݆ሻ|                                                                                              (3.1) 

 

The number of common neighbors metric can be integrated for weighted networks as 

below: 

,ሺ݅ܰܥ ݆ሻ ൌ ෍ ,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ
݇∈Γሺ݅ሻ∩Γሺ݆ሻ

           (3.2)
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N. Contractor, M. Aurangzeb Ahmad … considered the CN as Parametric Weighted 

Common Neighbors in [15] and they applied an (α) power to the neighbor nodes with this logic 

that “ α = 0 brings the common neighbors metric and  when α =1 it takes the reward of weights 

of the neighbors.” And they extended CN measure for weighted networks as: 

 

௜ܵ௝ ൌ ෍ ,ሺ݅ݓ ݇ሻ∝ 	൅ ,ሺ݇ݓ ݆ሻ∝

௞∈⎾ሺ௜ሻ	∩	⎾ሺ௝ሻ

          (3.3)

                              
T. Murata and S.Moriyasu have proposed a little bit different formula for CN in [16] and 

they are dividing the weights of common neighbors of a node in 2 as follow: 
 
 

,ሺ݅݁ݎ݋ܿܵ ݆ሻ ൌ 	 ෍
,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ

2
௞∈⎾	ሺ௜ሻ	∩	⎾ሺ௝ሻ

 
       (3.4)

 

                 

3.4.2 Jacquard’s coefficient 

 

The jacquard’s coefficient measure is greatly discovered in data mining problems [17] for 

comparing the sets. This method presumes a high value for those pairs of nodes that share a high 

ration of common neighbors related to their total number of neighbors.  

 

,ሺ݅ܥܬ ݆ሻ ൌ
ሺ݅ሻ߁| ∩ |ሺ݆ሻ߁
ሺ݅ሻ߁| ∪ |ሺ݆ሻ߁

						 															

 

(3.5) 

             

The jacquard’s coefficient metric can be integrated for weighted networks as below: 

 

 

,ሺ݅ܥܬ ݆ሻ ൌ ෍
											 ,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ

∑ ,ሺܽݓ ݅ሻ௔∈⎾ሺ௜ሻ ൅ ∑ ,ሺܾݓ ݆ሻ௕∈⎾ሺ௝ሻ௞∈⎾ሺ௜ሻ∩⎾ሺ௝ሻ

 
              (3.6) 
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3.4.3 Preferential Attachment (PA) 

 
The preferential attachment metric assumes that the creation possibility of a connection 

between a pairs of nodes in future is rational to their shared degrees. (i.e, pairs of nodes which 

share a high number of relations at present will form new connections in future). Bonabeau and 

Barabasi [18], have suggested that the collaborators number between a pairs of nodes express the 

probability of a future link between them.  

 

,ሺ݅ܣܲ ݆ሻ ൌ 	 |Γሺ݅ሻ| 	∗ 	 |Γሺjሻ|																																																																																																			     (3.7)                           

             

The preferential attachment metric can be integrated for weighted networks as below: 

 

,ሺ݅ܣܲ ݆ሻ ൌ 	 ෍ ,ሺܽݓ ݅ሻ ∗ ෍ ,ሺܾݓ ݆ሻ
௕∈⎾ሺ௬ሻ௔∈⎾ሺ௫ሻ

               (3.8)

 

3.4.4 Adamic-Adar Coefficient (AA) 

Adamic-Adar is related to Jaccard’s coefficient and formulated by Adamic and Adar 

[19]. The common neighbors with fewer neighbors weighted/carried a higher importance in this 

metric. Moreover, AA evaluates the exclusiveness (or strength) of relationship between an 

evaluated pair of nodes and a common neighbor. 

 

,ሺ݅ܣܣ ݆ሻ ൌ ෍ 					
1

log൫Γሺ݇ሻ൯
௞∈୻ሺ௜ሻ∩୻ሺ௝ሻ

 
                      (3.9)

 

The Adamic-Adar coefficient metric can be integrated for weighted networks as below: 

 

,ሺ݅ܣܣ ݆ሻ ൌ ෍ 					
,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ

logሺ1 ൅ ∑ ,ሺ݇ݓ ݈ሻ௟∈⎾ሺ௞ሻ ሻ
௞∈⎾ሺ௜ሻ∩⎾ሺ௝ሻ

 
                 (3.10)
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N. Contractor, M. Aurangzeb Ahmad … proposed the below formula for AA as a 

Parametric Adar Adamic in [15]. 

  

௜ܵ௝ୀ	 ෍
,ሺ݅ݓ ݇ሻ∝ ൅ ,ሺ݇ݓ ݆ሻ∝

logሺ1 ൅ ሺ݇ሻሻݏ
௞∈⎾ሺ௜ሻ∩⎾ሺ௬ሻ

 
                                     (3.11)    

 

 

T. Murata and S.Moriyasu have proposed the below formula for AA in [16] 

 

Sܿ݁ݎ݋ሺ݅, ݆ሻ ൌ 	 ෍
,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ

2
௞∈	⎾ሺ௜ሻ∩⎾ሺ௝ሻ

ൈ
1

logሺ∑ ,ˈሺ݇ݓ ݇ሻ௞ˈ∈⎾ሺ௞ሻ ሻ
 

            (3.12)

 

 
3.4.5 Path Distance (PD) 

In un-weighed networks the path distance (PD) metric is given simply by calculation of 

minimal number of vertices which starts at i and follow till to reach to an end point j in the 

network. PD(i, j) =1 shows the pairs of nodes (i,j) that share a common neighbor. Creation 

chance of a new link between two nodes is related to lowness of the PD metric. In weighted 

networks this method take in account the minimal path between two nodes with consideration of  

1
,ሺ݅ݓ ݆ሻൗ  score which is the distance among neighbor nodes i and j. 

  

3.4.6 Resource Allocation  (RA) 

Zhou et al. [21] proposed the RA matric. Formally resource allocation is similar to 

adamic-adar coefficient (the exclusivity idea among a pair of nodes expressed by both methods), 

but their motivations are different from each other. Resource allocation’s physical processes are 

the matter of importance in this method [20]. Resource Allocation is applicable to different kinds 

of networks for instance airport networks (passengers and aircraft’s flow) and electric power 

station networks (power distribution).  
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,ሺ݅ܣܴ ݆ሻ ൌ ෍
1

|Γሺkሻ|
௞∈୻ሺ୧ሻ∩୻ሺ୨ሻ

 
                                         (3.13)

 

The resource allocation metric can be integrated for weighted networks as below: 

 

,ሺ݅ܣܴ ݆ሻ ൌ ෍ 	
,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ
∑ ,ሺ݇ݓ ݈ሻ௟∈⎾ሺ௞ሻ௞∈⎾ሺ௜ሻ∩⎾ሺ௝ሻ

 
                     (3.14)

 

 

N. Contractor, M. Aurangzeb Ahmad … proposed the below formula for RA as a 

Parametric Resource Allocation in [15] 

 

 

௜ܵ௝ୀ	 ෍
,ሺ݅ݓ ݇ሻ∝ ൅ ,ሺ݇ݓ ݆ሻ∝

ሺ݇ሻݏ
௞∈⎾ሺ௜ሻ∩⎾ሺ௬ሻ

 
                                                 (3.15)

 

 

3.4.7 Local Path (LP) 

 

Let ܲܽݏ݄ݐ௫,௬
ሺ௟ሻ  presents a set of paths with a length of  from i to j. In local path metric the 

exactly length of all paths like 2 or 3 among a pair of non-neighbors nodes are the matter of 

importance and this method counts all the paths [21]. Different from other methods which only 

analyse the connected neighbor’s interactions, this metric has a wide range and takes in account 

the node’s neighborhood information. In LP the paths with length 2 are more related than the 

paths with length 3, therefore a neighborhood factor e is applied to this metric. 

 

,ሺ݅ܲܮ ݆ሻ ൌ ௜,௝ݏ݄ݐܽ݌|
ሺଶሻ| ൅ ݁ ∗ ௜,௝ݏ݄ݐܽ݌|

ሺଷሻ|                                                                   (3.19) 
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Let i and j present the nodes under evaluation, this metric can be integrated for weighted 

networks as: for paths with length 2		ݓሺ݅, ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ	 is used, in which k is a common neighbor 

of i and i; for paths with length 3	ݓሺ݅, ݉ሻ 	൅ ,ሺ݉ݓ	 ݊ሻ 	൅ ,ሺ݊ݓ	 ݆ሻ , in which m is a neighbor node 

to i but not to j, n is a neighbor node to j but not to i, finally m and n are connected directly. So 

local path metric for weighted networks can be given as below: 

 

,ሺ݅ܲܮ ݆ሻ ൌ ෍ ,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ ൅ ݁
௞∈⎾ሺ௜ሻ∩⎾ሺ௝ሻ

∗ ෍ ሺ݅,݉ሻݓ ൅ ,ሺ݉ݓ ݊ሻ ൅ ,ሺ݊ݓ ݆ሻ

ሼ௜,௠,௡,௝ሽ∈௣௔௧௛௦
ሺଷሻ
௜,௝

			 (3.20)
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4. LINK PREDICTION IN DIRECTED CITATION NETWORK 

 

4.1 Directed Networks 

 
When we are considering directed networks actually the directed graphs is going to be 

considered because each is representing a network. A directed Network (or digraph) (V, E) 

consists of a nonempty set of vertices V and a set of directed edges (or arcs) E. Each directed 

edge is associated with an ordered pair of vertices. The directed edge associated with the ordered 

pair (u, v) is said to start at u and end at v.  

When depicting a directed network with a line drawing, using an arrow pointing from u 

to v indicate the direction of an edge that starts at u and ends at v. A directed network may 

contain loops and it may contain multiple directed edges that start and end at the same vertices. 

A directed network may also contain directed edges that connect vertices u and v in both 

directions; that is, when a digraph contains an edge from u to v, it may also contain one or more 

edges from v to u [48].  

  

Directed graphs that may have multiple directed edges from a vertex to a second 

(possibly the same) vertex are used to model such networks. We called such graphs directed 

multi graphs. When there are m directed edges, each associated to an ordered pair of vertices (u, 

v), we say that (u, v) is an edge of multiplicity m. 

  

In Twitter, a connection between two users can establishes if a person is interested in 

news updates of another person. The link is thus directed because there is no mutual agreement 

needed to establish a link. The resulting network is directed and is also called follower network. 

User can follow an arbitrary number of other users to receive news or activity updates. The same 

in a citation network when an author is citing by someone the citied person or node receive a link 

or connection from opposite side and reverse; therefore the invented network is a directed 

network.  
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4.2 Background  

The advance of internet gave this possibility to people and organizations to interact and 

collaborate more and more which provide the basis for the growth of social networks in the 

internet. Social networks are the outcome of nodes and edges that can be shown as a graph, in 

which the nodes act as organizations or people and edges act as different types of social 

relationships (such as citation, in which two authors are connected if they have cite each other) 

between them. In Social networks, ties/links tend to become visible, become stronger, become 

weaker and become invisible along the time that makes the dynamic of social networks. 

Social Network Analysis (SNA) has a wide area of researches which tries to overpass 

these kinds of problems [1]. Several tasks can be related to SNA. In this paper our aim is to 

consider the dynamic of links in Author-Author social network, thus we want to predict those 

citation links that will form or become stronger along the different frames of time based on 

previous state of the network. SNA deal with such well-known problem called link prediction. 

Lots of studies have been done to treat the link prediction problem [2], [3], [4]. The 

application of proximity metrics on the non-linked pairs of nodes at the current time in the 

network has been considered by most of studies in the past to predict new links at future time. 

These kinds of metrics give scores to any pair of nodes, and then the given scores use for 

performing the prediction task by an unsupervised or a supervised method. In unsupervised 

method, the non-connected pairs of nodes are rank by a chosen metric and then the top ranked 

pairs specify as a predicted links. In supervised method the link prediction problem consider as a 

classification task. In this method the connected pairs of nodes assign to positive class while non-

connected ones assign to negative class. In this method the similarity scores which chosen from a 

set of topological metrics, accept as features and then use by a classifier for preforming the 

prediction task. In the previous studies the proximity score calculation usually done without 

taking the evolution of the network into account. This can be point as a limitation in the previous 

works. The proximity metrics computed using all network data up to the current time (i.e., 

present state of the network) without considering when links were created. Therefore, an 

effective source of data for link prediction is not taken into account. 
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In order to check the performance of our proposed approach, we performed experiments 

on Author-Author Citation networks that extracted from different parts of DBLP1 (Digital 

Bibliography & Library Project). DBLP formed form bibliographic datasets which provides a big 

amount of data about various research publications in the Computer Science area. In order to 

experiment and compare our studies results with the already gained ones by traditional 

approaches, we used the common neighbors, Jacquard’s coefficient, preferential attachment and 

Adamic/Adar [6], [8], [7], [5] traditional similarity measures among others  traditional similarity 

metrics in an unsupervised method [9], [14], [11].  

 

4.3 Link Prediction 

Link prediction focuses on finding hidden links or predicting connections that tend to 

become visible in the future time by considering the prior statuses of network. Link prediction is 

a significant task and it has a wide area of application, for instance citation networks, 

bioinformatics, e-commerce, recommending systems, co-authorship networks, bibliographic 

domain, criminal investigations and molecule biology [2], [4]. A classic definition of the link 

prediction problem is expressed by: ‘‘Given a snapshot of a social network at time t, we seek to 

accurately predict the edges that will be added to the network during the interval from time t to a 

given future time tˈ’’ [12]. Several approaches proposed to deal with this problem. Some well-

known ones listed as: 1) Node-wise based approach 2) Topological/structural patterns based 

approach. 

Extracting the values of metrics which show the similarity among two vertices is the 

basic point for node-wise based approach. Nodes act as a vector of features, in order to find their 

closeness, similarity metrics applied to each pairs of nodes. After that the scores can be used by 

unsupervised method [12], [17], [14]. In the unsupervised strategy, a proximity metric is select 

and apply to pairs of nodes in the network aiming to rank them. The top ranked pairs of nodes 

predict to make a tie in future.  

Topological patterns based approach [13], [14], [15], [16] extract the scores from non-

connected nodes of the network by using topological metrics. By tracking structural patterns of 

the network, these metrics provide a similarity degree between two nodes [16]. Then the scores 

used as a basis to build models for performing the prediction. Topological strategies are the most 
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well-known among others. It is also easy to implement and presents good performance [13], 

[14], [15], [16]. 

In the most of previous studies the classic definition of link prediction has followed, the 

link prediction task performed by analyzing the complete structure of network at the current time 

and creation time of existing links or temporal information didn’t considered. Nevertheless, 

temporal information (like the interaction moments of vertices in the past or the first observation 

time of a tie/link) is a meaningful perspective which should be focused in the link prediction task 

[18]. For instance, it would be helpful, if the formation time of links between neighbors not only 

how many times they interacted taken into account during the neighborhood based proximity 

score calculation. Common neighbor’s recent activities can be more valuable than the old 

activities. In order to predict new connections they use the static structure of the network and 

changes in the network over the time didn’t considered in these approaches, as a result they 

cannot model its evolution as such. Also, static approaches are suitable for investigating the 

occurrence of a certain link in a network but they are not so much useful, as an example, if the 

prediction of repeated link occurrences be a point of interest [19]. 

 

4.4 Used Traditional Proximity Measures   

  In this section, we explained the traditional measures applied as predictor and comparator 

attributes in our unsupervised link prediction approach. 

 

4.4.1 Number of Common Neighbors (CN) 

 The most widespread and simplest metric acknowledged in link prediction problem is the 

common neighbor (CN) metric. Also, a high number of common neighbors make it possible that a 

connection between two node x and y will create in future [6]. The CN metric for un-weighted 

networks is given as follow: 

,ሺ݅ܰܥ ݆ሻ ൌ 	 |Γሺ݅ሻ ∩ Γሺ݆ሻ|                                                                                               (4.1) 

 

4.4.2 Jacquard’s coefficient 

 



29 
 

For comparing sets in data mining the JC metric is well explored [47]. The JC presume 

the likelihood of creation of a new connection among a pair of nodes that share a high ratio of 

common neighbors comparative to the total number of their adjacent nodes. Jacquard’s 

coefficient for un-weighted networks is given as: 

 

JCሺi, jሻ ൌ
|Γሺ݅ሻ ∩ Γሺjሻ|
|Γሺ݅ሻ ∪ Γሺjሻ|

										  
     (4.2) 

 

 

4.4.3 Preferential Attachment (PA) 

Preferential attachment metric supposes that the occurrence probability of a future 

connection among a pair of nodes is rational to their shared degrees. (i.e., nodes that share a high 

amount of relations at the present will form new connection future). Bonabeau and Barabasi [28], 

have suggested that production of collaborators number among a pair of nodes can express the 

probability of a future link between them. The PA metric for un-weighted networks is given as 

below: 

 

,ሺ݅ܣܲ ݆ሻ ൌ 	 |Γሺ݅ሻ| 	∗ 	 |Γሺjሻ|																																													                                                    (4.3) 

 

4.4.4 Adamic-Adar Coefficient (AA) 

 
This measure is formulated by Adamic and Adar [7] which is relevant to Jaccard’s 

coefficient. The common neighbors with fewer neighbors weighted/carried a higher importance 

in this metric. Moreover, AA evaluates the exclusiveness (or strength) of relationship between an 

evaluated pair of nodes and a common neighbor. The AA measure is given for un-weighted 

networks as below: 

 

,ሺ݅ܣܣ ݆ሻ ൌ ෍ 					
1

log൫Γሺ݇ሻ൯
௞∈୻ሺ௜ሻ∩୻ሺ௝ሻ

 
 (4.4)
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4.5 Citation Network and Tried Patterns 

 Dyad is the basic unit of analysis in social network theory. In undirected networks, a 

dyad is a pair of nodes who may share a social relation with one another. In directed 

networks, a dyad is a pair of nodes who may share a social relation through mutual links, a 

nonreciprocal relation, or no relation. Nonreciprocal means that one node is interested in the 

other node but the other node is not interested. A set of three parties, which includes three 

dyads, is called triad. A triad is ‘closed’ if all nodes are linked with each other in some manner. 

A closed triad is also called triangle. Figure 4.1 shows triad patterns of the actors x, z, and y. 

Edges are directed because our aim is to model patterns in directed social networks (e.g., 

citation networks). All patterns are open triads with z being the common neighbor of x and y 

[29]. 

 

 

Figure (4.1) shows all possible connectivity configurations between x, z, and y with the 

condition that x and y are not directly connected. Open triads are labeled as F0X where X is a 

changing index between [1, 9]. The pattern F01 shows the case where x and z as well as y and z 

are mutually connected. According to the theory of triadic closure, the chances are high that x 

will also connect to y (i.e., x and z as well as y and z mutually cited each other, x and y will 

possibly cite each other also). In F02, only x and z are mutually cited by each other. The node 

y is cited by z but the relationship is not reciprocated. F03, F05, and F07 indicate 

Figure  4.1 Triad graph patterns 
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complementary cases where a mutual citation among one dyad exists. The other cases 

labeled as F04, F06, F08, and F09 shows patterns without any mutual citation among the 

dyads. The goal which follows by link prediction is to determine which one of the triads are 

or will be closed (i.e., becoming a triangle). A triad can be closed as follow, if x cites y, y 

cites x, or if x and y mutually cite each other. The figures below shows closed triads based on 

F01 and F09 (the first and the last pattern of Figure (4.1) are shown for brevity).  

 

 

Figure (4.2) shows the patterns where the triads are closed from x to y. The triads 

which are closed via x to y are labeled as F1X with X = [1, 9]. In the same manner, the triads 

that are closed via y to x are labeled as F2X with X = [1, 9] which is shown in figure (4.3). 

 

 

Finally, the triads which are closed by mutual connections of x and y (figure 4.4), 

labeled as F3X with X = [1, 9].  

Figure  4.2 Closed F1X triads 

Figure  4.4 Closed F3X triads 

Figure  4.3 Closed F2X triads 
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  To summarize the discussions about triad patterns, triads that are related to link 

prediction may have 36 different configurations with respect to how nodes are connected to 

each other through directed links. Open triads have 2 connected dyads and have 2 to 4 links. 

Closed triads have 3 connected dyads and have 3 to 6 links. 

 

4.6 The Proposed Time-Frame Based Link Prediction in Directed Networks 

4.6.1 Temporal Structure 

 
Let’s observe the network G at time t that should be split into numerous time-segment 

snapshots, which present the network at different times in the past. Then a prediction window 

defined, that shows how further we want to make the prediction in the future. Afterword, small 

sets which we named them frames grouped in the sequential snapshot which includes snapshots 

according to the length of prediction window. 

Let Gt represent the network at time t. The frame created from the union of the graphs 

from time 1 to T shows by [G1, G2,,,,,, GT]. The number of periods (frames) in the series given 

by n. And w presents the prediction window. 

In this paper we focused on a network which indicate users information up to the year T = 

2012 with a 4 year length of prediction window (i.e., new links prediction from 2009 up to 2012 

is the task). We extracted k = 3 frames from the network structure and N obtained as (N=F1, F2, 

F3). 

N = {[1997-2000], [2001-2004], [2005-2008], [2009, 2012]} 

 

4.6.2 Temporal event 

 
A temporal event occurs when the states of two vertices changes from a status like linked 

or non-linked to other state along the different frame of time within evolves of network from a 

frame to another frame. Three types (Protective, Inventive or Regressive) of events has 

categorized below. 
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4.6.2.1 Protective 
 

A protective event occurs when a dyad’s relation is not dropped with the evolvement of 

the network that is when a dyad share a connection in a frame and the link is remain in the next 

frame. With respect to the above mentioned graph patterns protective event can be redefined as, 

a protective event occur when a triad safe its states without any changes along the evolvement of 

the network from a frame to the other one. In the formula below P(i, j, k) is the reward of a 

protective event for (i, j) nodes in the frame Fk which is the matter of importance within the 

evolution of network between (k-1)th frame to the kth ones: 

 

,ሺ݅݌ ݆, ݇ሻ ൌ ൜	
,௞ିଵሺ݅݊	݂݅					,݌ ݆ሻ ൌ ݊௞ሺ݅, ݆ሻ
	݁ݏ݅ݓݎ݄݁ݐ݋																														,0	

	                                                                (4.5) 

                                     

In the equation (4.5), ݊௞ିଵሺ݅, ݆ሻ is the number of edges between i and ݆ nodes in the (k-1)-

th frame. If there is a mutual relation between the related nodes, this number equals to 2. The 

constant p shows the reward for protective event, as the link between two nodes is stable the 

event’s value should be a positive. Ek-1and Ek present sets of edges detected in frames Fk-1 and 

Fk one by one. 

 

4.6.2.2 Inventive 
   

The formation of new connection among pairs of nodes in various frames of time is 

showed by inventive event. This happen when there is no connection between two nodes in a 

frame and a connection appears in the following frame. In the formula below I(i, j, k) is the 

reward of an inventive event for (i, j) nodes in the frame Fk which is the matter of importance 

within the evolution of network between (k-1)th frame to the kth ones: 

 

Iሺ݅, ݆, ݇ሻ ൌ ൜	
,௞ሺ݅݊	݂݅					,ܫ ݆ሻ ൐ ݊௞ିଵሺ݅, ݆ሻ
	݁ݏ݅ݓݎ݄݁ݐ݋																														,0

                                                                   (4.6) 
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In the above equation the constant I indicates the reward for inventive events. Since the 

tie between two nodes becomes strong its value should be positive. 

4.6.2.3 Regressive 
 

Regressive events are the opposite form of inventive events. The elimination of an 

existent connection among pairs of nodes in two different frames is representing by regressive 

event. In the formula below r(i, j, k) is the reward of a regressive event for (i, j) nodes in the 

frame Fk which is the matter of importance within the evolution of network between (k-1)th 

frame to the kth ones: 

 

,ሺ݅ݎ ݆, ݇ሻ ൌ ൜	
,௞ିଵሺ݅݊	݂݅					,ݎ ݆ሻ ൐ ݊௞ሺ݅, ݆ሻ

	݁ݏ݅ݓݎ݄݁ݐ݋																														,0	
                                                                (4.7) 

  

In the above equation the constant r indicates the reward for regressive events. Since the 

tie between two nodes tends to decrease then its value should be negative. 

 

Figure (4.5) shows an example of the above mentioned three events (Protective, Inventive 

& Regressive) in which, we can see that a protective event occurred between node z & y after the 

evolvement of the network from frame k-1 to frame k. A link reduction can be seen between x 

and z which is the representation of the regressive event on other hand there is no connection 

between x and y in frame k-1 while a new link observed in frame k between them which present 

the inventive event.  

 

 

 

Figure  4.5 Protective, inventive and regressive events 
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4.7 Time Frame Based Score 

There are different kinds of strategies for link prediction that calculate scores to pair of 

nodes by applying proximity metrics, to find how similar are the vertices and is there any 

connection tend to appear or form between them in the future. 

In the proposed method we use the rewards of secondary events, that shows the 

consideration of temporal events in nodes’ neighborhood, not the one directly related to the 

under analysis pairs of nodes.  

 

,ሺ݅	݁ݎ݋ܿܵ ݆ሻ ൌ ෍ܲሺ݅, ݆, ݇ሻ ൅ ߙ ൈ ,ሺ݅ݏ ݆, ݇ሻ
௡

௞ୀଶ

 
 (4.8)

 

 

ܲሺ݅, ݆, ݇ሻ ൌ ቐ
,ሺ݅݌ ݆, ݇ሻ			݂݅	݁ݒ݅ݐܿ݁ݐ݋ݎ݌	ݐ݊݁ݒ݁	݀݁ݒݎ݁ݏܾ݋	
,ሺ݅ܫ ݆, ݇ሻ				݂݅	݅݊݁ݒ݅ݐ݊݁ݒ	ݐ݊݁ݒ݁	݀݁ݒݎ݁ݏܾ݋			
,ሺ݅ݎ ݆, ݇ሻ		݂݅	݁ݒ݅ݏݏ݁ݎ݃݁ݎ	ݐ݊݁ݒ݁	݀݁ݒݎ݁ݏܾ݋	

                                             (4.9) 

 

 

ܵሺ݅, ݆, ݇ሻ ൌ ෍ ܲሺ݅, ݈, ݇ሻ ൅ ܲሺ݆, ݈, ݇ሻ
௟∈	୻ሺ୧ሻ∩୻ሺ୨ሻ

 (4.10)  

 

 

In equation (4.8)  ߙ is parameter that shows the strong affection of secondary events over 

the link between nodes i and j. In Equation (4.9) the reward of (Protective, Inventive or 

Regressive) event for (i, j) pairs, which considered in the transition from frame k-1 to frame k has 

calculated by P(i, j, k). In Equation (4.10) S(i, j, k) shows the collected rewards of secondary 

events appointed to the pairs (i, j) and the primary events considered in nodes common 

neighborhood, ߁ሺ݅ሻ is the set of neighbors of node i in the network. 

In our experiment, the proposed metrics have compared with commonly used metrics in 

the literature for link prediction. For this purpose, Common Neighbors (CN) [6], Jaccard’s 

Coefficient (JC) [47], Preferential Attachment (PA) [28] and Adamic-Adar Coefficient (AA) [7] 

metrics has been used. 
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The steps of the proposed method are as follows: 

 

1. The non-connected pairs are selected from the frame before the prediction frame 

(validation frame). The non-connected pairs that didn’t meet with any events during the 

network evolution were eliminated. 

2. The proximity scores of five different predictors (CN, JC, PA, AA, and our method) are 

computed for the chosen pairs. 

3. The ranked top n-pairs are taken into account as the future links that are more likely to 

appear. 

4. If a non-connected pair in the validation set converts a connected pair in the prediction 

frame, the pair of nodes is assumed as positive and as negative otherwise. 

5. The performance measures of all the predictors considered are compered. 

4.8 Experimental Results   

In order to evaluate the performance of the proposed method we conducted a set of 

experiments using DBLP-Citation-Network-V7 dataset. We downloaded the dataset from 

Arnetminer (https://aminer.org) which already extracted from DBLP and other sources by 

providers [34]. The dataset contains 2,244,021 papers and 4,354,534 citation relationships. We 

used the validation set to empirically evaluate and determine the most appropriate values of p, i, 

r and α parameters in the link prediction task. We showed with some tests that the best 

performance was achieved at ݌ ൌ 0.40, ݅ ൌ 0.80, ݎ ൌ െ0.37 and ߙ ൌ 0.1. These results indicate 

that protective (p) and regressive (r) values almost balance with each other. The best 

performance values were achieved when ݌ ൏ ݅. 

The first experiment is dedicated to the evaluation of precision values for the proposed 

method and the traditional proximity scores on the network with {[1997-2000], [2001-2004], 

[2005-2008], [2009-2012]} frames. In this structure, the frame size is 4 and the snapshot at 

[2009-2012] time interval is used as the prediction frame. Precision values found by five 

methods are reported in Table 1. Precision can be evaluated at different points in a ranked list of 

extracted citations. Mathematically, precision at rank n (P@n) is defined as the proportion of 

relevant citations and extracted citations. 
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ܲ@݊ ൌ
ݐ݊ܽݒ݈݁݁ݎ	݂݋	ݎܾ݁݉ݑ݊ ݏ݊݋݅ݐܽݐ݅ܿ ݄ݐ݅ݓ ݇݊ܽݎ ݊

݊
 

                        (4.11) 

 

 
Table 1 Precision values (%) of five methods 

Method P@10 P@50 P@100 P@500 

CN 0 4 21 38 

JC 10 12 29 41 

PA 10 21 28 53 

AA 50 59 64 68 

Our 

method 

70 78 81 84 

 

 

As can be easily seen from Table 1, our approach outperforms the other well-known 

predictors for every four P@n. Our method also performs best at Precision@500. CN delivers 

worst in terms of P@n. 
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5. LINK PREDICTION IN WEIGHTED CITATION NETWORKS  

5.1 Weighted Networks 

 

A weighted network is a network where the ties among nodes have weights assigned to 

them. A network is a system whose elements are somehow connected the elements of a system 

are represented as nodes (also known as actors or vertices) and the connections among 

interacting elements are known as ties, edges, arcs, or links. The nodes might be neurons, 

individuals, groups, organizations, airports, or even countries, whereas ties can take the form of 

friendship, communication, collaboration, alliance, flow, or trade, to name a few. 

In a number of real-world networks, not all ties in a network have the same capacity. In 

fact, ties are often associated with weights that differentiate them in terms of their strength, 

intensity, or capacity [44] On the one hand, Mark Granovetter et al., [45] argued that the strength 

of social relationships in social network is a function of their duration, emotional intensity, 

intimacy, and exchange of services. On the other, for non-social networks, weights often refer to 

the function performed by ties 

By recording the strength of ties, a weighted network can be created (also known as a 

valued network). Below is an example of such a network: 

 
 

 
 
 
 

Figure  5.1 A  simple weighted network 
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5.2 Measures for Weighted Networks 

  

Although weighted networks are more difficult to analyze than if ties were simply present 

or absent, a better way to analyze weighted networks would be to redefine and generalize current 

methods to explicitly take weights into account. Currently, only a small set of measures have 

been generalized a number of network measures has been proposed for weighted networks: 

 Node strength: The sum of weights attached to ties belonging to a node. 

 Closeness: Redefined by using Dijkstra's distance algorithm. 

 Betweenness: Redefined by using Dijkstra's distance algorithm. 

 The clustering coefficient (global): Redefined by using a triplet value. 

 The clustering coefficient (local): Redefined by using a triplet value or using an algebraic 

formula  

A theoretical advantage of weighted networks is that they allow one to derive 

relationships among different network measures (also known as network concepts, statistics or 

indices. For example, Dong and Horvath et al, [25] show that simple relationships among 

network measures can be derived in clusters of nodes (modules) in weighted networks. For 

weighted correlation networks, one can use the angular interpretation of correlations to provide a 

geometric interpretation of network theoretic concepts and to derive unexpected relationships 

among them. 

5.3 Link Prediction  

 
Link prediction focuses on finding hidden connections or predicting links that tend to 

appear in the future time by considering the previous states of network. It is a very well-known 

task applicable to a bored of areas, such as citation networks, recommending systems, 

bibliographic domain, criminal investigations and molecule biology [2, 4]. Classical description 

of link prediction problem is stated by: ‘‘Given a snapshot of a social network at time t, we seek 

to accurately predict the edges that will be added to the network during the interval from time t to 

a given future time tˈ’’ [24]. Different approaches proposed to deal with this problem. Some 

well-known ones listed as: 1) Node-wise based approach 2) Topological/structural patterns based 

approach. 
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Extracting the values of metrics which show the similarity among two vertices is the basic 

point for node-wise based approach. Nodes act as a vector of features, in order to find their 

closeness similarity metrics applied to each pairs of nodes. After that the scores can be used by 

unsupervised method [11, 24-27 ]. In the unsupervised strategy, a proximity measure is selected 

and applied to pairs of nodes in the network aiming to rank them. The top ranked pairs of nodes 

predict to form a link in future. 

Topological patterns based approach [9, 11, 28, 29] extract the scores from non-connected 

nodes of the network by using topological metrics. By tracking the network’s structural patterns, 

these metrics provide a similarity degree among a pair of nodes [9]. Then the scores used as a 

basis to build models for performing the prediction. The topological based approach is the most 

widespread one. It also easy to implement and presents good performance. 

In the most of previous studies the classic definition of link prediction has followed, the 

link prediction task performed by analyzing the complete structure of network at the current time 

and creation time of existing links or temporal information didn’t considered. Nevertheless, 

temporal information (like interaction moments of vertices in the past or the first observation 

time of a tie/link) is a meaningful perspective which should be focused in the link prediction task 

[30-31]. For instance, it would be helpful, if the formation time of links between neighbors not 

only how many times they interacted taken into account during the neighborhood based 

proximity score calculation. Common neighbor’s recent activities can be more valuable than old 

activities. In order to predict new connections they use the static structure of the network and 

changes in the network over the time don’t considered in these approaches, as a result they 

cannot model its evolution as such. Also, static approaches are suitable for investigating the 

occurrence of a certain link in a network but they are not so much useful, as an example, if the 

prediction of repeated link occurrences be a point of interest. 
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5.4 Traditional proximity measures 

 

 In this section, we explained the traditional measures applied as predictor and comparator 

attributes in our unsupervised link prediction approach. 

 

5.4.1 Number of Common Neighbors (CN) 

  The most widespread and simplest metric acknowledged in link prediction problem is the 

common neighbor (CN) metric. Also, a high number of common neighbors make it possible that a 

connection between two node x and y will create in future [6]. The CN metric for un-weighted 

networks is given as follow: 

 

,ሺ݅ܰܥ ݆ሻ ൌ 	 |Γሺ݅ሻ ∩ Γሺ݆ሻ|                                                                                               (5.1) 

The weighted version of common neighbor (CN) metric can be extended as below for 

weighted networks. 

,ݔሺܰܥ ሻݕ ൌ ෍ ,ݔሺݓ ሻݖ ൅ ,ݕሺݓ ሻݖ
௭∈୻ሺ୶ሻ∩୻ሺ୷ሻ

                                          (5.2) 

    

5.4.2 Jacquard’s coefficient 

For comparing sets in data mining the JC metric is well explored [47]. The JC presume 

the likelihood of creation a new link between two nodes that share a high ratio of common 

neighbors comparative to the total number of their adjacent nodes. Jacquard’s coefficient for un-

weighted networks is given as: 

 

,ሺ݅ܥܬ ݆ሻ ൌ
ሺ݅ሻ߁| ∩ |ሺ݆ሻ߁
ሺ݅ሻ߁| ∪ |ሺ݆ሻ߁

 
                                                             (5.3) 

 

The weighted version of Jacquard’s coefficient (JC) metric can be extended as below for 

weighted networks. 

 



42 
 

,ݔሺܥܬ ሻݕ ൌ ෍
						 ,ݔሺݓ ሻݖ ൅ ,ݕሺݓ ሻݖ

∑ ,ሺܽݓ 			ሻ௔∈⎾ሺ௫ሻݔ
൅ ∑ ,ሺܾݓ ሻ௕∈⎾ሺ௬ሻ௭∈⎾ሺ௫ሻ∩⎾ሺ௬ሻݕ

 
                                (5.4) 

 

5.4.3 Preferential Attachment (PA) 

Preferential attachment metric supposes that the occurrence probability of a forthcoming 

connection among a pair of nodes is rational to their shared degrees. (i.e., nodes which have a 

high amount of relations at the present will form new connections in future). Newman [14] 

Bonabeau and Barabasi [28], have suggested that production of collaborators number among a 

pair of nodes can express the probability of a future link between them. Preferential attachment 

for un-weighted networks is given as below: 

 

,ሺ݅ܣܲ ݆ሻ ൌ 	 |Γሺ݅ሻ| 	∗ 	 |Γሺjሻ|                                                                                        (5.5) 

 

The weighted version of preferential attachment (PA) metric can be extended as below 

for weighted networks. 

 

,ሺ݅ܣܲ ݆ሻ ൌ 	 ෍ ,ሺ݉ݓ ݅ሻ ∗ ෍ ,ሺ݊ݓ ݆ሻ
௡∈⎾ሺ௝ሻ௠∈⎾ሺ௜ሻ

                  (5.6) 

 

 

5.4.4 Adamic-Adar Coefficient (AA) 

This measure which is relevant to Jaccard’s coefficient have formulated by Adamic and 

Adar [7]. The common neighbors with fewer neighbors weighted/carried a higher importance in 

this metric. Moreover, AA evaluates the exclusiveness (or strength) of relationship between an 

evaluated pair of nodes and a common neighbor. The AA measure is given for un-weighted 

networks as belwo: 

 

,ሺ݅ܣܣ ݆ሻ ൌ ∑ 					
ଵ

୪୭୥൫୻ሺ௞ሻ൯
	௞∈୻ሺ௜ሻ∩୻௝                                                                         (5.7) 
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The weighted version of Adamic and Adar (AA) metric can be extended as below for 

weighted networks. 

,ሺ݅ܣܣ ݆ሻ ൌ ෍ 					
,ሺ݅ݓ ݇ሻ ൅ ,ሺ݆ݓ ݇ሻ

logሺ1 ൅ ∑ ,ሺ݇ݓ ݈ሻ௟∈⎾ሺ௞ሻ ሻ
௞∈⎾ሺ௜ሻ∩⎾ሺ௝ሻ

 
                    (5.8) 

 

 

5.5 Citation network and triad patterns 

 
A directed weighted graph in which, each node indicates an author and each edge 

indicates a citation link from an author to another one, and weights show the citation numbers 

between two nodes. This can be shown by an arrow (link) going from the node showing Ai to the 

node showing Aj. In this case the nodes from a collection A (authors) form a directed weighted 

citation network. The figure below represents a citation network over the time. 

 

  

 Dyad is the basic unit of analysis in social network theory. In undirected networks, a 

dyad is a pair of nodes who may share a social relation with one another. In directed 

networks, a dyad is a pair of nodes who may share a social relation through mutual links, a 

nonreciprocal relation. Nonreciprocal means that one node is interested in the other node but 

the other node is not interested. A set of three parties, which includes three dyads, is called triad.  

Figure  5.2 Citation network 
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A triad is ‘closed’ if all nodes are linked with each other in some manner. A closed triad 

is also called triangle. Figure (5.3) shows triad patterns of the actors x, z, and y.  

 Edges are directed because our aim is to model patterns in directed social networks 

(e.g., citation networks). All patterns are open triads with z being the common neighbor of x 

and y [29]. 

Figure (5.3) shows all possible connectivity configurations between x, z, and y with the 

condition that x and y are not directly connected. Open triads are labeled as F0X where X is a 

changing index between [1, 9]. The pattern F01 shows the case where x and z as well as y and z 

are mutually connected. According to the theory of triadic closure, the chances are high that x 

will also connect to y (i.e., x and z as well as y and z mutually cited each other, x and y will 

possibly cite each other also). In F02, only x and z are mutually cited by each other. The node 

y is cited by z but the relationship is not reciprocated. F03, F05, and F07 indicate 

complementary cases where a mutual citation among one dyad exists. The other cases 

labeled as F04, F06, F08, and F09 shows patterns without any mutual citation among the 

dyads. The goal which follows by link prediction is to determine which one of the triads are 

or will be closed (i.e., becoming a triangle). A triad can be closed as follow, if x cites y, y 

cites x, or if x and y mutually cite each other. The figures below shows closed triads based on 

F01 and F09 (the first and the last pattern of Figure (5.3) are shown for brevity). Figure (5.4) 

shows the patterns where the triads are closed from x to y. 

Figure  5.3 Triad graph patterns 
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The triads which are closed via x to y are labeled as F1X with X = [1, 9]. In the same 

manner, the triads that are closed via y to x are labeled as F2X with X = [1, 9] which is 

shown in figure (5.5). Finally, the triads which are closed by mutual connections of x and y 

(Figure 5.6), labeled as F3X with X = [1, 9]. 

 

 

 

 

  To summarize the discussions about triad patterns, triads that are related to link 

prediction may have 36 different configurations with respect to how nodes are connected to 

each other through directed links. Open triads have 2 connected dyads and have 2 to 4 links. 

Closed triads have 3 connected dyads and have 3 to 6 links. 

Figure  5.4 Closed F1X triads 

Figure  5.5 Closed F2X triads 

Figure  5.6 Closed F3X triads 
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5.6 The Proposed Time-Frame Based Link Prediction in Directed Networks 

 
5.6.1 Temporal Structure 

 
Generally the prediction of new links with a particular type between a pair of nodes 

,ݔ ݕ ∈ ܸ in the future is the link prediction task in social networks. Temporal link prediction 

considers the dynamic evolvement of network, different from static link prediction. Prediction of 

links at time ܶ ൅ 1 is refers to temporal link prediction by using the links and nodes in time T. 

Let’s observe the network G at time t that should be split into numerous time-segment snapshots, 

which present the network at different times in the past. Then a prediction window defined, that 

shows how further we want to make the prediction in the future. Afterword, small sets which we 

named them frames grouped in the sequential snapshot which includes snapshots according to 

the length of prediction window. 

Let Gt represent the network at time t. The frame created from the union of the graphs 

from time 1 to T shows by [G1, G2,,,,,, GT]. The number of periods (frames) in the series given 

by n. And w presents the prediction window. 

In this paper we focused on a network which indicate users information up to the year T = 

2012 with a 4 year length of prediction window (i.e., new links prediction from 2009 up to 2012 

is the task). We extracted k = 3 frames from the network structure and N obtained as (N=F1, F2, 

F3). 

N = {[1997-2000], [2001-2004], [2005-2008], [2009, 2012]} 

 

5.6.2 Temporal event 

 
A temporal event occurs when the states of two vertices changes from a status like linked 

or non-linked to other state along the different frame of time within evolves of network from a 

frame to another frame. Three types (Protective, Inventive or Regressive) of events has 

categorized below. 
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5.6.3 Weighted temporal event 

 
A weighted temporal event occurs when the state of a link changes from a state 

(connected, non-connected, became stronger or became weaker) to another state or an e changes 

appear in link’s weight along the different frame of time within evolves of network from a frame 

to another frame. Three types (W-Protective, W-Inventive and W-Regressive) of events has 

categorized below. 

 
 

5.6.3.1 W-Protective 
 
 A weighted protective event occurs when total weight of relations between two nodes 

does not decrease less than an event changing rate (݁) pre-determined or does not increase more 

than this rate through the evolvement of network from a time frame to another one. 

In order to take a weighted protective event into account within the evolution from frame 

(k-1)-th to the k-th, w-p(u, v, k) reward  for each pair of nodes (u, v) related to frame Fk is defined 

as follows: 

 

 

ݓ െ ,ሺ݅݌ ݆, ݇ሻ

ൌ

ە
ۖ
۔

ۖ
ۓ

	

݌ ݂݅	൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯ െ ݁. ൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯ ൏

൫ݓ௞ሺ݅, ݆ሻ ൅ ,௞ሺ݆ݓ ݅ሻ൯ ൏

൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯ ൅ ݁. ൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯
0 ݁ݏ݅ݓݎ݄݁ݐ݋

			 

 

 

(5.9)

 

 

In the equation (5.9), the constant p shows the reward for weighted protective event, 

,௞ିଵሺ݅ݓ ݆ሻ and ݓ௞ିଵሺ݆, ݅ሻ are the weights of edges between i and j, and j and i in the frame	ܨ௞ିଵ, 

respectively. e ሺ0 ൏ ݁ ൑ 1ሻ	is the event changing rate pre-determined, the events between frames 

changes with respect to this rate. 
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5.6.3.2 W-Inventive  
 

A weighted inventive event occurs when total weight of relations between two nodes 

increases more than the event changing rate (݁) in the next frame.For each pair of nodes (i, j) an 

wi(i, j, k) reward  related to frame Fk has defined, in order to take a weighted inventive event into 

account within evolution from the (k-1)th to the kth frame and its formula is as follow: 

 

ݓ െ ,ሺ݅ܫ ݆, ݇ሻ ൌ ቐ	
݅ ݂݅	൫ݓ௞ሺ݅, ݆ሻ ൅ ,௞ሺ݆ݓ ݅ሻ൯ ൐

൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯ ൅ ݁. ൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯
0 ݁ݏ݅ݓݎ݄݁ݐ݋

       (5.10) 

 

In the equation above the constant I indicates the reward for weighted inventive events. 

Since the tie between two nodes becomes stronger its value should be positive and wEk-1and 

wEk are the sets of edges observed in frames Fk-1 and Fk respectively. 

 

5.6.3.3 W-Regressive 
 
  A weighted regressive event occurs when total weight of relations between two nodes 

decreases more than the event changing rate (݁) in the subsequent frame. For each pair of nodes 

(i, j) an wr(i, j, k) reward  related to frame Fk has defined, in order to take a weighted regressive 

event into account within the evolution from the (k-1)th to the kth frame and its formula is as 

below: 

 

ݓ െ ,ሺ݅ݎ ݆, ݇ሻ ൌ ቐ	
ݎ ݂݅	൫ݓ௞ሺ݅, ݆ሻ ൅ ,௞ሺ݆ݓ ݅ሻ൯ ൏

൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯ െ ݁. ൫ݓ௞ିଵሺ݅, ݆ሻ ൅ ,௞ିଵሺ݆ݓ ݅ሻ൯
0 ݁ݏ݅ݓݎ݄݁ݐ݋

       (5.11) 

 

In the equation (44) the constant wr indicates the reward for weighted regressive events. 

Since the tie between two nodes tends to decrease then its value should be negative. 
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Figure (5.7) shows an example of the above mentioned three events (Protective, Inventive 

& Regressive) in which, we can see that a protective event occurred between node z & y after the 

evolvement of the network from frame k-1 to frame k. A link reduction can be seen between x 

and z which is the representation of the regressive event on other hand there is no connection 

between x and y in frame k-1 while a new link observed in frame k between them which present 

the inventive event.  

 
 

 

5.7 Time Frame-based Score 

 
There are different kinds of strategies for link prediction that calculate scores to pair of 

nodes by applying proximity metrics, to find how similar are the vertices and is there any 

connection tend to appear or form between them in the future. 

In the proposed method we use the rewards of secondary events, that shows the 

consideration of temporal events in nodes’ neighborhood, not the one directly related to the 

under analysis pairs of nodes.  

,ሺ݅	݁ݎ݋ܿܵ ݆ሻ ൌ ෍ܲሺ݅, ݆, ݇ሻ ൅ ߙ ൈ ,ሺ݅ݏ ݆, ݇ሻ
௡

௞ୀଶ

 
(5.12)

 

ܲሺ݅, ݆, ݇ሻ ൌ ቐ
,ሺ݅݌ ݆, ݇ሻ			݂݅	݁ݒ݅ݐܿ݁ݐ݋ݎ݌	ݐ݊݁ݒ݁	݀݁ݒݎ݁ݏܾ݋	
,ሺ݅ܫ ݆, ݇ሻ				݂݅	݅݊݁ݒ݅ݐ݊݁ݒ	ݐ݊݁ݒ݁	݀݁ݒݎ݁ݏܾ݋			
,ሺ݅ݎ ݆, ݇ሻ		݂݅	݁ݒ݅ݏݏ݁ݎ݃݁ݎ	ݐ݊݁ݒ݁	݀݁ݒݎ݁ݏܾ݋	

                                           (5.13) 

 

ܵሺ݅, ݆, ݇ሻ ൌ ෍ ܲሺ݅, ݈, ݇ሻ ൅ ܲሺ݆, ݈, ݇ሻ
௟∈	୻ሺ୧ሻ∩୻ሺ୨ሻ

 (5.14)  

Figure  5.7 Protective, inventive and regressive events 
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In equation (5.12)  ߙ is parameter that shows the strong affection of secondary events 

over the link between nodes i and j. In equation (5.13) the reward of (Protective, Inventive or 

Regressive) event for (i, j) pairs, which considered in the transition from frame k-1 to frame k has 

calculated by P(i, j, k). In equation (4.14) S(i, j, k) shows the collected rewards of secondary 

events appointed to the pairs (i, j) and the primary events considered in nodes common 

neighborhood, ߁ሺ݅ሻ is the set of neighbors of node i in the network. 

In our experiment, the proposed metrics have compared with commonly used metrics in 

the literature for link prediction. For this purpose, Common Neighbors (CN) [6], Jaccard’s 

Coefficient (JC) [47], Preferential Attachment (PA) [28] and Adamic-Adar Coefficient (AA) [7] 

metrics has been used. 

 

 

The steps of the proposed method are as follows: 

 

1. The week connections with a weight less than threshold pre-determined or non-connected 

pairs are selected from the frame before the prediction frame. The non-connected pairs 

that didn’t meet with any events during the network evolution were eliminated. 

2. The proximity scores of five different predictors (CN, JC, PA, AA, and our method) are 

computed for the chosen pairs. 

3. The ranked top n-pair are taken into account as the future links or strong links that are 

more likely to appear. 

4. If the weight of a pair with a weight less than threshold per-determined measure changes 

more that the even changing rate (e) from the frame under consideration to the prediction 

frame, the connection pf the pair turn from week to strong and vice versa. 

5. The performance measures of all the predictors considered are compered. 
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5.8 Experimental Results 

In order to evaluate the performance of the proposed method we conducted a set of 

experiments using DBLP-Citation-Network-V7 dataset. We downloaded the dataset from 

Arnetminer (https://aminer.org) [34]. The dataset contains 2,244,021 papers and 4,354,534 

citation relationships. We used the validation set to empirically evaluate and determine the most 

appropriate values of p, i, r and α parameters in the link prediction task. We showed with some 

tests that the best performance was achieved at ݌ ൌ 0.40, ݅ ൌ 0.80, ݎ ൌ െ0.37 and ߙ ൌ 0.1. 

These results indicate that protective (p) and regressive (r) values almost balance with each 

other. The best performance values were achieved when ݌ ൏ ݅. 

The first experiment is dedicated to evaluate the precision values of the proposed method 

and the traditional proximity scores on the unweighted network with {[1997-2000], [2001-

2004], [2005-2008], [2009-2012]} frames. In this structure, the frame size is 4 and the snapshot 

at [2009-2012] time interval is used as the prediction frame. Precision can be evaluated at 

different points in a ranked list of extracted citations. Mathematically, precision at rank n (P@n) 

is defined as the proportion of relevant citations and extracted citations. 

 

 
࢔@ࡼ ൌ

࢚࢔ࢇ࢜ࢋ࢒ࢋ࢘	ࢌ࢕	࢘ࢋ࢈࢓࢛࢔ ࢙࢔࢕࢏࢚ࢇ࢚࢏ࢉ ࢎ࢚࢏࢝ ࢑࢔ࢇ࢘ ࢔
࢔

 
  (5.15) 

 

Table 2 Precision values (%) of five methods on the weighted network 

Method P@10 P@50 P@100 P@500 

CN 5 7 28 44 

JC 14 17 33 46 

PA 13 23 32 57 

AA 59 63 68 73 

Our method 

(e=20%) 

75 82 86 89 

Our method 

(e=40%) 

72 79 82 85 
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The second experiment finds the precision values of the proposed method and the other 

predictors on the weighted network. This experiment also investigates the effect of the event 

changing rate e for the performance of the time frame based score on the weighted citation 

network. Table 2 reports the results of this experiment. As can be seen from Table 2, the best 

prediction performances are achieved by our link predictor over first weighted version of the 

network with e=20%. Since the event changes of the links (protective, inventive or regressive) 

between the frames are determined by this rate, it is important to choose the most appropriate 

event changing rate. This is because while the size of frame remains constant, if the event 

changing rate increases, less number of the event changes between frames is observed. The 

observations in Table 2 are similar to those described above for the frames on the unweighted 

network. However, it should be noted that all values are larger than those of the unweighted 

network 

The third experiment deals with investigating the effect of the amortization factor ߙ for 

the performance of the time frame based score. As mentioned before, this parameter emphasizes 

the importance of the second events in relation to primary events in the proposed method. For 

this purpose, we evaluated the time frame based score for four different values of	ߙ. It should be 

noted that when	ߙ ൌ 0, secondary events are not considered. However, for higher values, 

possible an extreme importance is assigned to secondary events. The AUC values obtained as 

measure of performance for different ߙ values are given in Table 3. Our method performs best 

with an AUC value of 0.95 at ߙ ൌ 0.1 on the weighted network with e=20%. Second ranked are 

again the weighted network having e=20% with an AUC of 0.91 at ߙ ൌ 0.2. 

 

Table 3 AUC values of the proposed method for different values of α 

Network ࢻ ൌ ૙ ࢻ ൌ ૙. ૙૞ ࢻ ൌ ૙. ૚ ࢻ ൌ ૙. ૛ 

Unweighted 0.68 0.82 0.92 0.87 

Weighted 

(e=20%) 

0.72 0.86 0.95 0.91 

Weighted 

(e=40%) 

0.70 0.83 0.89 0.88 
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6. CONCLUSION 

 
There have been numerous attempts to address the problem of link prediction using 

supervised learning methods which acquire the knowledge through various measures. However, 

the knowledge gained through the existing static knowledge extraction measures are not 

sufficient for accurate link prediction in highly dynamic social networks. It leads to in accurate 

and less precise predictions. In order to alleviate this problem, we contributed by introducing two 

novel time frame based features which are based on common neighbors. 

We focused on a network which indicate users information up to the year T = 2012 with a 

4 year length of prediction window (i.e., new links prediction from 2009 up to 2012 is the task). 

We extracted k = 3 frames from the network structure and N obtained as (N=F1, F2, F3). 

In this thesis we introduced three novel temporal events namely (Protective, Inventive 

and Regressive) and the weighted version (W-Protective, W-Inventive and W-Regressive) which 

takes temporal information into account by monitoring how the network evolved along time.  

Our method consists of computing scores by aggregating rewards of the temporal events 

observed at each step in the network evolution, which resulted in more representative scores to 

the under analysis links. 

Different from previous studies in this thesis we applied four topological proximity 

metrics (Common Neighbor index, Jacquard’s Coefficient index, Preferential Attachment index 

and Adamic Adar index) both weighted and unweighted versions to the link prediction problem 

in a real citation network which is directed and weighted. Also the application of temporal 

information has considered in this study. Furthermore, we did a comparison between weighted 

and un-weighted metrics as the experiments show; the weighted metrics outperform the un-

weighted metrics. 

In the preformed experiments, we did a comparison between weighted and unweighted 

proximity metrics, according to the experimental results we can highlight that weighted 

proximity metrics outperform the unweighted metrics. 

Experimental results applied on real dataset shows that the proposed method gives accurate 

prediction and promising results which outperform the traditional proximity metrics. 

As we mentioned above all of the preformed experiments are according to the common 

neighbor based metrics and we didn’t consider the global information based metrics and path 
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based metrics, therefore the application of mentioned metrics can be consider as future works, 

moreover this work still has limits regarding the case study, which the experiments deployed on 

one dataset and as future studies this work can extend by applying on different datasets.  
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