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Abstract – In social networks, link prediction calculates missing links in 

contemporary networks and new or termination links in future networks, 

is significant for mining and investigating the progress of social networks. 

In the past period, various works have been done around the link 

prediction in social networks.  The goal of this paper is to carefully review, 

study and deliberate the state-of-the-art of the topology based link 

prediction metrics in social networks. The link prediction background 

and challenges are discussed. Distinctive applications of link prediction 

are addressed. Finally, comparative study of existing topology feature 

based methods are discussed. 

Index Terms: Link prediction, Social networks, Comparative study, 

mining. 

I. INTRODUCTION 

Humans are social mortals and cooperate with one another in a range of manners such that 
human social networks are universal in nature. Such social networks can range from offline 
networks based on friendship or kinship ties to online networks in social networking websites 
like Facebook, LinkedIn, MySpace etc. Social networks are a common way to model the 
connections among the people in a group or community. They can be visualized as graphs, 
where a vertex corresponds to a person in some group and an edge represents some form of 
association among the corresponding persons. The associations are usually driven by mutual 
interests that are intrinsic to a group [1]. However, social networks are very dynamic, since 
new edges and vertices are added to the graph over time. Understanding the dynamics that 
drive the evolution of social network is a complex problem due to a large number of variable 
parameters. But, a comparatively easier problem is to understand the association among two 
specific nodes.  

Social Networks are most often characterized as graphs or hyper graphs and there is a 
widespread body of literature on social networks. Various predictive problems have been 
proposed for social networks, the link prediction problem is the problem of predicting links in 
a network which may form in the future among the nodes in the network. The link prediction 
problem was first projected by Liben-Nowell and Kleinberg [1]. The link prediction really 
consists of a family or sub problem e.g., predicting the existence of the link, type of the link, 
the strength of the link etc., as shown in fig.1. Most of the research on link prediction deliberate 
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on problem of link existence (whether a [new] link among two nodes in a social network will 
exist in the future or not). This is since the link existence problem can be easily prolonged to 
the other two problems of link weight (links have different weights related with them) and link 
cardinality (more than one link among same pair of nodes in a social network). The fourth 
problem of link type prediction is a bit dissimilar which gives different roles to relationship 
among two objects. 

 

 

 

 

 

Fig. 1. Link Prediction tasks 

When continuous radiation pass through a transparent material, a portion of the radiation 
may be absorbed. If that occurs, the residual radiation, when it is passed through a prism, yields 
a spectrum with gaps in it, called an absorption spectrum. The electromagnetic radiation that is 
absorbed has energy exactly equal to the energy difference between the excited and ground 
states. Generally, the most probable transition is from the Highest Occupied Molecular Orbital 
[HOMO] to the Lowest Unoccupied Molecular Orbital [LUMO]. 

II. BACKGROUND AND CHALLENGES 

Liben-Nowell and Kleinberg [1] planned one of the initial link prediction models that works 
obviously on a social network. Every vertex in the graph represents a person and an edge among 
two vertices demonstrates the interaction among the persons. Multiplicity of interactions can 
be modeled explicitly by permitting parallel edges or by accepting an appropriate increment 
scheme for the edges. The learning paradigm in this system typically excerpts the similarity 
among a pair of vertices by several graph-based similarity metrics and practices the ranking on 
the similarity scores to estimate the link among two vertices. They motivated mostly on the 
performance of several graph-based similarity metrics for the link prediction task. By co-
authorship social networks, this seminal work studies topological features for link prediction. 
The predictors recycled are Adamic/Adar, low-rank inner product, weighted Katz, common 
neighbors, Katz clustering, rooted PageRank, Jaccard, SimRank, unseen bigrams, and hitting 
time. The authors found that all predictors nearly always out-performed a baseline random 
prediction on wholly data sets.  Later, Hasan et. al. [2] prolonged this work in two ways. First, 
they showed that using external data outside the scope of graph topology can expressively 
improve the prediction result. Second, they used several similarity metric as features in a 
supervised learning setup where the link prediction problem is demonstrated as a binary 
classification task. Since then, the supervised classification method has been popular in several 
other works in link prediction. 

Link Prediction Tasks 

Link Type Link 

Existence 

Link 

Weight 

Link 

cardinalit
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The research on social network evolution closely look like the link prediction problem. An 
advancement model predicts the future edges of a network, taking into account some well-
known characteristics of social networks, such as the power law degree distribution and the 
small world phenomenon. This remains the main difference among development models and 
the link prediction models. The former focus on the global properties of the network and the 
latter model the local states of the network to predict the likelihood of the existence of a link 
among a specific pair of nodes in the network. Nevertheless, the ideas from these models have 
been instrumental for some research works that straight addressed the task of link prediction.  

One of the main contests of link prediction concerns the development of Internet scale social 
networks like facebook, mySpace, Àickr, and so on. These networks are huge in size and highly 
dynamic in nature for which earlier algorithms may not scale and adapt well more direct 
methods are prerequisite to address these limitations. For instance, Tylenda et. al. [3] displays 
that exploiting the time stamps of past interactions, which explicitly utilize the lineage of 
interactions, can significantly improve the link prediction performance. Recently, Song et. al. 
[4] used matrix factorization to estimate similarity among the nodes in a real life social network 
having nearly 2 millions nodes and 90 millions edges. Any traditional algorithm that purposes 
to calculate pair-wise similarities among vertices of such a big graph is doomed to fail. 
Recently, the matrix based factorization works have been prolonged to the richer higher-order 
models such as tensors [5].  

III. APPLICATIONS OF LINK PREDICTION 

Link prediction techniques have found a large number of applications in very diverse fields. 
Any domain where objects interact in a structured way can possibly benefit from link 
prediction. Graphs provide a normal abstraction to represent interactions among diverse entities 
in a network. We can have graphs representing social networks, transport networks, illness 
networks, email / telephone calls network to list a rare. Link prediction can precisely be applied 
on these networks to analyze and solve interesting problems like predicting outbreak of a 
disease, controlling privacy in networks, detecting spam emails, suggesting alternative routes 
for possible navigation based on the current traffic patterns, etc. 

Link prediction techniques are used to increase similar users’ selection in recommender 
systems that follow a collaborative approach, primary to better recommendation results. A 
similar application is associated to social networks, which have become tremendously popular 
in modern society. Most social networks are using link prediction techniques to mechanically 
suggest connections with a high degree of accuracy. Some of the applications are illustrate in 
the figure 2. 

Also the link prediction is appropriate in the area of Internet and web science, it can be used 
in responsibilities like automatic web hyper-link creation and web site hyper-link prediction. 
In electronic commerce, one of the most noticeable usage of link prediction is bibliography and 
library science, also it can be used to find out repetition and record linkage. In security 
associated applications, it can be used to recognize hidden groups of terrorists and criminals. 
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The fig. 2 shows the link prediction applications in various domain like, recommendation 
system, unsolicited bulk mail detection, privacy setting and control in social network, 
recognizing missing references in a publication, knowledge expert detection,  influence 
detection, efficient routing in network, finally disease identification are some of the most 
popular application domains for link prediction [6 – 13].  

 

Fig. 2. Link prediction applications in various domain 

IV. TOPOLOGY BASED FEATURES 

Even in a simple network without node or edge attributes, there are many metrics available for 
calculating the similarity of two nodes. Most of the metrics are constructed on the topological 
information are called as topology-based metrics. Liben-Nowell and Kleinberg have discoursed 
several metrics based on the graph structural features [1], after their work, many topology-
based metrics were projected. Here, we will give a systematical explanation of popular 
topology-based metrics in link prediction. According to [14] the characteristics of these 
metrics, they can be separated into neighbor-based metrics, path-based metrics and random-
walk-based metrics as shown in fig. 3. The fig. 4 shows the list of metrics which comes under 
the path based category with explanation. The fig. 5 shows the list of metrics which comes 
under the category of neighbor based metrics with explanation. Finally fig.6. shows the list of 
metrics which comes under the category of random walk based metrics with brief explanation.  
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Fig. 3. Classification of topology based features 

 

Fig. 4. List of path based metrics with explanation 
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Fig. 5. List of neighbor based metrics with explanation 
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Fig. 6. List of Random-walk based metrics with explanation 

 

V. COMPARATIVE STUDY OF EXISTING TOPOLOGY FEATURE BASED METHODS 

We will look at various topology feature based methods for link prediction in this section. 
The algorithms will work on the topology based features.  The comparison is given in table1. 
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TABLE 1. SURVEY OF VARIOUS TOPOLOGY BASED FEATURE METHODS 

Author & year Measures Method Dataset 

Pavlov et.al (2007) [13] Shortest path, Common neighbours, 
Jaccard’s coefficient, Adamic / Adar, Katz, 
etc. 

SVM, Decision trees, J48, Decision 
stump, boosting 

IEICE dataset Tokyo. 

Wang et.al (2007) [15] Katz, neighbors, shortest path, Adamic-Adar, 
Preferential Attachment measures, etc 

Logistic regression DBLP, Genetics, 
Biochemistry 

Scripps et.al (2008) [16] Path length, Common neighbors Matrix alignment algorithm DBLP, TakingItGlobal.org, 
Webkb 

Kahanda et.al (2009) [17] Acquard coefficient, Adamic – Adar 
measures 

Logistic regression, bagged 
decision trees, naïve Bayesian 
classifier 

Purdue Facebook dataset 

Menon, A. K., & Elkan, 
C. (2011) [18] 

Adamci-Adar, Katz measures Unilinear and Bilinear Regression KEGG / PATHWAY dataset, 
NIPS, PowerGrid, Conflict. 

De Sa et. al (2011) [19] Common neighbors, Jaccard’s coefficient,  
Preferential attachment, Adamic / Adar, path 
distance,  

J48, Naïve Bayesian, IBk, 
LibSVM, LibLinear 

DBLP 

Yang, X. et.al (2012) [20] Common neighbors Tensor-based Node Similarity 
(TBNS) link prediction algorithm 

Autonomous system, Wiki-
edit Esperanto, Facebook 
Wall posts 

Pujari, & Kanawati, 
(2012) [21] 

Common neighbors,  Jaccard’s coefficient, 
Adamic Adar, Preferential attachment, 
shortest path, katz, etc. 

Supervised rank aggregation, 
decision tree, naïve Bayesian, kNN 

DBLP 

Ahmed, C., & ElKorany, 
A. (2015) [22] 

Common Neighbors, Adamic- Adar, 
SimRank, FriendTNS 

Similarity Algorithm Twitter dataset 

Srilatha, P., & Manjula, 
R. (2016) [23] 

Common neighbors, Salton index, Jaccord 
coefficient, Sorenson Index, Hub promoted 
Index, Hub depressed index. 

User behavior based features Facebook 

Berlusconi, G et. al 
(2016) [24] 

Common neighbors, Katz, Resource 
allocation. 

Similarity Score Italian Criminal case dataset 
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From the table 1. One can infer that the topological based features can predict the link efficiently. 
The advantages of these approaches include the genericity and ease with which they can 
incorporate the attributes of the entities in the future model. 

VI.   CONCLUSION 

This survey paper is attempts to analytically summarize the works which are focusing on 
topology based feature methods. This paper begins with background and challenges in link 
prediction and followed by applications of link prediction. Next focused on detailed study of 
topology based link prediction metrics. Finally compared the existing topology feature based 
methods. Based on the survey the topology features gives efficient results for predicting links in 
social networks. In future, we use topology features with classification algorithm to predict the 
links in social networks. 
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