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…It seems clear that the first epoch of the 3rd Millennium, the 

Network Age, was already asserting itself in increasingly 

powerful ways by the early 1990s, if not sooner, through the 

literal reorganization of the social, political, and economic 

infrastructure around electronic networks… [Smi01] 

Introduction 

The person who built the modern social network theory was the Stanley 

Milgram [Was94]. 

[Social network] is a map of the individuals, and the ways how 

they are related to each other.  

A single person is the node of the network while edges, that link nodes 

and are called also "connections", "links", correspond to relationships between 

people as represented on Fig.1. There are a lot of examples social network 

services, such as: 

- MySpace; 

- Facebook; 

- LiveJournal, etc. 

Why we are more interested in 

Facebook? Because, it is doubling in 

size once every six months by 

100,000 users per day. More than 60 

percent of users are outside of 

college age. Zuckerberg attributed 

the power of Facebook to the “social 

graph” the network of connections 

and relationships between people on 

the service. He said, “It’s the reason 

Facebook works.” [Far07] 

Figure 1: Social graph representation 
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There are other popular social networks that created and maintained by 

commercial companies such as: Friendster or LinkedIn. Another social 

network example is the structure of the web, especially the network of 

hyperlinks between home pages – Figure 2 [Ada03]. 

 

Figure 2: The social network based on hyperlinks at Stanford University 

Why is it difficult to predict links in social networks? 

Social networks are highly dynamic, sparse and have collective structure, that's 

why its outcome is difficult to predict. Moreover, because of early stage 

popularity, it is possible to estimate the popularity at later stage. 

The task of accurate prediction the presence of links or connections in a 

domain is on the one hand important task and on the other hand is very 

challenging. So, can we predict more on social network? 

Since the links from the network, their maintenance and quality, reflect 

social behaviors of individuals, the research on them can be helpful at the 

quantitative and qualitative assessment of human relationships in the age of 

information society. Moreover, link prediction is applicable to a wide variety of 

areas like bibliographic domain, molecular biology, criminal investigations and 

recommender systems.  
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Related Studies 

Link analysis and social network analysis (SNA) tasks are essential in such areas 

of study as: sociology, criminology, and intelligence because of using graph-

theoretic representations [Jen98, Was94]. 

On the one hand, most current data-mining methods assume the data is 

from a single relational table (e.g. as in market-basket analysis). So, such data 

representation is “propositional” (aka “feature vector” or “attribute value”) 

representation of examples [Wit99]. 

Relational data mining (RDM) [D˘ze01], on the other hand, concerns 

mining data from multiple relational tables that are connected. 

 

Figure 3: Different approaches to link prediction task [Var08] 

Link Prediction 
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The most widely studied methods for inducing relational patterns are 

those in inductive logic programming (ILP) [Lav94]. ILP concerns the induction 

of Horn-clause rules in first-order logic (i.e., logic programs) from data in first-

order logic. 

There are several basic methods for dealing with link prediction task in 

social networks: supervised vs. unsupervised. 

 

Figure 4: Application of supervised vs. unsupervised methods 

Supervised Learning Approaches (SLA) are based on learning a binary 

classifier that will predict whether a link exists between a given pair of nodes 

or not [Hassan et al., 2006] 

Moreover, classification whether a link exists or not can be performed 

using various supervised learning/classification algorithms like decision tree, 

K-nearest neighbors or support vector machines (SVM). 

Let’s consider in details link prediction task as classification, where we 

are given two entities in a network, and we should define if there be a link 

between them? 

Classification based on features of entities: entity attributes and 

relational (graph-based) features (indirect relations). 

 Attributes: number of neighbors, interests, topic model, affiliations, 

demographic data (geographical location) 

 Graph-Based Features: length of shortest path, neighborhood overlap, 

relative importance, mean first passage time 

Supervised 
methods extract 

structural 
features to learn 

a mapping 
function

Unsupervised 
methods use 

various similarity 
measures
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Directed Graphical Models vs. Undirected Graphical Models (e.g. Markov 

Networks), such as Bayesian networks and PRMs [Get02] allow easily captures 

the dependence of link existence on attributes and constraint probabilistic 

dependency graph be a directed acyclic. 

 

Figure 5: Application of probabilistic models to link prediction task 

In order to resolve main issue let's consider existed approaches that can 

be helpful: 

 exploring relational structure, clustering [Jen03, Get02]; 

 using links to predict classes/attributes of entities [Get04, Tas03, 

Jen98]; 

 predicting link types based on known entity classes [Tas03] 

 predicting links based on location in high-dimensional space 

[Hof03]; 

 ranking potential links using a single graph-based feature [Kle04]. 

In addition, link discovery problem was deeply investigated at Kansas 

State University: 

- [Hsu07] considered the problems of predicting, classifying 

annotating friends’ relations in social networks by application 

feature constructing approach. 

- [Wen08] proposed genetic programming-based symbolic 

regression approach to the construction of the relational features 

for link analysis task in social network domain.  
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Theoretical Background 

Metrics in social network analysis [Wikipedia] 

Betweenness 

Measure reflects the number of people who a person is connecting 

indirectly through their direct links.  

Bridge 

An edge is said to be a bridge if deleting it would cause its endpoints to 

lie in different components of a graph. 

Centrality 

This measure gives a rough indication of the social power of a node 

based on how well they "connect" the network. "Betweenness", 

"Closeness", and "Degree" are all measures of centrality. 

Figure 6:  

Centralization 

The difference between numbers of links for each node divided by 

maximum possible sum of differences.  

Closeness 

The degree an individual is near all other individuals in a network 

(directly/indirectly). Closeness is the inverse of the sum of the shortest 

distances between each individual and every other person in the 

network. 

Path Length 

Measure represents distances between pairs of nodes in the network.  

http://en.wikipedia.org/wiki/Betweenness
http://en.wikipedia.org/wiki/Bridge_%28graph_theory%29
http://en.wikipedia.org/wiki/Centrality
http://en.wikipedia.org/wiki/Centralization
http://en.wikipedia.org/wiki/Closeness
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Clustering coefficient 

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

them.  

Cohesion 

The degree to which actors are connected directly to each other by 

cohesive bonds.  

Degree 

The count of the number of ties to other actors in the network 

("geodesic distance").  

(Individual-level) Density 

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

among an individual's nominees (sparse versus dense networks). 

Flow betweenness centrality 

The degree that a node contributes to sum of maximum flow between 

all pairs of nodes (not that node). 

Eigenvector centrality 

Measure of the node’s importance a network.  

Local Bridge 

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

Prestige 

In a directed graph prestige is the term used to describe a node's 

centrality. "Degree/Proximity/Status Prestige", are all its measures  

Radiality 

Degree an individual’s network reaches out into the network and 

provides novel information and influence. 

Reach 

The degree any member of a network can reach other members. 

Structural cohesion 

The minimum number of members who if removed from a group, 

would disconnect the group.  

Structural equivalence 

Refers to the nodes have a common set of linkages to other nodes.  

http://en.wikipedia.org/wiki/Clustering_coefficient
http://en.wikipedia.org/wiki/Cohesive
http://en.wikipedia.org/wiki/Dense_graph
http://en.wikipedia.org/wiki/Network_%28mathematics%29
http://en.wikipedia.org/wiki/Structural_cohesion
http://en.wikipedia.org/wiki/Equivalence_relation
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Mining tasks in network-structured data 

There several fundamental tasks of link mining defined by [Get02] 

 

Figure 7: Representation of different link mining tasks 

Link prediction addresses four different problems as shown in the figure 

below. Most of the research papers on link prediction, concentrate on problem 

of link existence (whether a “new” link between two nodes in a social network 

will exist in the future or not). This is because the link existence problem can 

be easily extended to the other two problems of link weight (links have 

different weights associated with them) and link cardinality (more than one 

link between same pair of nodes in a social network). The fourth problem of 

link type prediction is a bit different which gives different roles to relationship 

between two objects [Var08].  

 

Figure 8: Differentiation of link prediction tasks 
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Link prediction problem 

Link prediction problem is equal to network structure prediction problem, 

especially if we are considering social networks. There are several types of 

well-know link prediction methods that based on: 

 node information; 

 structural information.  

 

Figure 9: Node attributed vs. structural features [Get04] 

So, in social network relations among data are represented as a graph 

structure, where each node represents a data and a link represents a relation 

between two data, in other words nodes represent constituent elements and 

links represent relations among them. 

In addition, each node can also have an associated vector-structured data 

in the network model. In comparison to machine learning standard tasks 

settings: data is represented as tables, where rows represent observations and 

columns represent features/attributes. 

Moreover, let’s distinguish two link prediction tasks in networked data: 

 

Figure 10: Unobserved link prediction task vs. new links prediction task  

The identity of all 
objects is known + 

some link structure is 
known => predict 
unobserved links

New objects arrive with 
information about some of 

their links + info about 
some attributes => predict 
links among new objects
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Mathematical description for problem 

The link prediction problem is usually described as: 

Given a set of data instances 𝑉 =  𝑣𝑖 𝑖=1
𝑛 , which is organized in 

the form of a social network 𝐺 = (𝑉, 𝐸), where 𝐸 is the set of 

observed links, then the task to predict how likely an 

unobserved link 𝑒𝑖𝑗 ∉ 𝐸 exists between an arbitrary pair of 

nodes  𝑣𝑖 , 𝑣𝑗   in the data network. 

 

Given a snapshot of a social network at time 𝑡 (or network evolution 

between 𝑡1  and 𝑡2), seek to accurately predict the edges that will be added to 

the network during the interval from time 𝑡 to a given future time 𝑡′. 

 

Figure 11: Visual representation of link prediction task 

 
All the methods assign a connection weight 𝑠𝑐𝑜𝑟𝑒(𝑥, 𝑦) to pairs of 

nodes 𝑥, 𝑦, based on the input graph, and then produce a ranked list in 

decreasing order of 𝑠𝑐𝑜𝑟𝑒(𝑥, 𝑦). They can be viewed as computing a measure 

of proximity or “similarity” between nodes x and y. Negated length of shortest 

path between 𝑥 and 𝑦. All nodes that share one neighbor will be linked. 
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Classification of measures for LP approaches 

 
Figure 12: Classification of approaches for link prediction task [Xia08] 
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Node Based Topological Patterns [Xia08] 

Common Neighbors [Newman 2001] 

The measure states that the probability of scientists collaborating increases 

with the number of other collaborators they have in common: 

𝑠𝑐𝑜𝑟𝑒 𝑥, 𝑦 =  Γ 𝑥 ∩ Γ(𝑦)  

Jaccard Similarity 

The measure defines the issue that scientists may have in common neighbors 

because each has a lot of neighbors, but not because they are strongly related 

to each other: 

𝑠𝑐𝑜𝑟𝑒 𝑥, 𝑦 =
 Γ 𝑥 ∩ Γ 𝑦  

 Γ 𝑥 ∪ Γ 𝑦  
 

Adamic/Adar [Adamic, 2003] 

The measure allows counting common neighbors but gives more weight to 

neighbors that are not shared with many others: 

𝑠𝑐𝑜𝑟𝑒 𝑥, 𝑦 =  
1

𝑙𝑜𝑔 Γ(𝑦) 
𝑧∈𝑃(𝑥)∩𝑃(𝑦)

 

Ex. neighbors who are linked with 2 nodes are give weight - 1 log(2) = 1.4, 

while the neighbors who are linked with 5 nodes - 1 log(5) = 0.62 

 

𝑠𝑐𝑜𝑟𝑒𝑢𝑛𝑤𝑒𝑖𝑔 ℎ𝑡𝑒𝑑
∗  𝑥, 𝑦 =   𝑧: 𝑧 ∈ Γ(𝑦) ∩ 𝑆𝑥

 𝛿 
   

 

𝑠𝑐𝑜𝑟𝑒𝑤𝑒𝑖𝑔 ℎ𝑡𝑒𝑑
∗  𝑥, 𝑦 =  𝑠𝑐𝑜𝑟𝑒(𝑥, 𝑧)

𝑧∈Γ(𝑦)∩𝑆𝑥
 𝛿 

 

 

Preferential attachment [Barabasi, 2003] 

The probability of co-authorship of x and y is correlated with the product of 

the number of collaborators of x and y. This proposal corresponds to the 

measure: 

𝑠𝑐𝑜𝑟𝑒 𝑥, 𝑦 =  Γ 𝑥  ⋅  Γ(𝑦)  
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Path Based Topological Patterns [Xia08] 

Katz [Katz, 1953] 

Measure that directly sums over this collection of paths, exponentially damped 

by length to count short paths more heavily. This notion leads to the measure 

where 𝑝𝑎𝑡ℎ𝑠𝑥 ,𝑦
 𝑙 

 is the set of all length-l paths from 𝑥 to 𝑦, and 𝛽 > 0 is a 

parameter of the predictor. There are two variants of this Katz measure: (a) 

unweighted, in which 𝑝𝑎𝑡ℎ𝑠𝑥 ,𝑦
 𝑙 = 1  and 𝑦 have collaborated and 0 otherwise, 

and (b) weighted, in which is the number of times that 𝑥 and 𝑦 have 

collaborated. 

𝑠𝑐𝑜𝑟𝑒 𝑥, 𝑦 =  𝛽𝑙 ∙  𝑝𝑎𝑡ℎ𝑥 ,𝑦
 𝑙  

∞

𝑙=1

 

Hitting time 

A random walk on 𝐺 starts at a node 𝑥 and iteratively moves to a neighbor of 𝑥 

chosen uniformly at random from the set 𝛤(𝑥). The hitting time 𝐻𝑥 ,𝑦  from 𝑥 to 

𝑦 is the expected number of steps required for a random walk starting at x to 

reach y. Because the hitting time is not in general symmetric, it also is natural 

to consider the commute time 𝐶𝑥 ,𝑦  =  𝐻𝑥 ,𝑦  +  𝐻𝑦 ,𝑥 . Both of these measures 

serve as natural proximity measures and hence (negated) can be used as 

𝑠𝑐𝑜𝑟𝑒(𝑥, 𝑦). 

PageRank [Brin, 1998] 

It defines 𝑠𝑐𝑜𝑟𝑒(𝑥, 𝑦) under the rooted PageRank measure with parameter 

𝛼 ∈ [0,1] to be the stationary probability of 𝑦 in a random walk that returns to 

𝑥  with probability 𝛼 each step, moving to a random neighbor with probability 

1 − 𝛼. 

SimRank [Jeh, 2002] 

SimRank is a fixed point of the following recursive definition: Two nodes are 

similar to the extent that they are joined to similar neighbors. Numerically, this 

quantity is specified by defining 𝑠𝑐𝑜𝑟𝑒(𝑥, 𝑥) = 1 for a parameter 𝛾 ∈ [0.1]. 

𝑠𝑐𝑜𝑟𝑒 𝑥, 𝑦 = 𝛾 ∙
  𝑠𝑐𝑜𝑟𝑒 𝑎, 𝑏 𝑏∈Γ 𝑦 𝑎∈Γ 𝑥 

 Γ 𝑥  ∙  Γ 𝑦  
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Figure 13: The level of similarity between nodes (red edges - strong) 

 Common 
Neighbors 

Jaccard’s 
Similarity 

Adamic/Adar 
Measure 

Preferential 
Measure 

Kartz 
Measure 

Common 
Neighbors 1 0.92 0.94 0.31 0.61 

Jaccard’s 
Similarity 0.92 1 0.97 0.53 0.75 

Adamic/Adar 
Measure 0.94 0.97 1 0.49 0.70 

Preferential 
Measure 0.31 0.53 0.49 1 0.84 

Katz 
Measure 0.61 0.75 0.70 0.84 1 

The data for table was retrieved from [Nov03]. 
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Experiment Planning 

Crawling Social Network 

Crawler is automatic programs which explores the World Wide Web, following 

the links and searching for information or building a database such programs 

are often used to build automated indexes for the Web, allowing users to do 

keyword searches for Web documents. Web crawlers are programs that exploit 

the graph structure of the Web to move from page to page [Cha07].  

 

Figure 14: Parallel crawling of social networks example 

For retrieving Facebook 

database will users’ profiles it is 

planning to use free open-source 

SQL full-text search engine 

Sphinx that available on 

http://www.sphinxsearch.com/ . 

 

http://www.sphinxsearch.com/
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Facebook Database 

 

Figure 15: Facebook database representation 
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Facebook social graph visualization tools 

Nexus displays the friend links and commonalities between your friends. It 

finds how your friends are connected, and which interests they share - even 

find which of your friends you have the most in common with.  

 

Figure 16: User’s profile visualization tool (http://nexus.ludios.net/view/) 

 

Figure 17: User’s profile visualization tool (http://nexus.ludios.net/view/) on 

radial graph 

 

 

 

 

http://nexus.ludios.net/view/
http://nexus.ludios.net/view/
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In the tradition of creating useful and engaging network visualization 

tools for various systems such as Amazon and Google, TouchGraph is now 

leveraging the power of the booming Facebook platform with its new 

TouchGraph Facebook Browser. The tool allows users to see how their friends 

are connected, and who has the most photos together. Users can also explore 

their own personal networks by graphing photos from anyone's album, or view 

the connections between members of a group. The interactive tags feature 

seems also quite interesting. 

 

Figure 18: User’s profile visualization tool (http://www.touchgraph.com/) 

 

Figure 19: Visualization tool (http://www.touchgraph.com/) for Fulbright 

Organization based on Google search  

http://www.touchgraph.com/TGAmazonBrowser.html
http://www.visualcomplexity.com/vc/project.cfm?id=83
http://www.facebook.com/
http://www.touchgraph.com/
http://www.touchgraph.com/
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Alternative Tools for SNA 

It is essential to use number of different social network analysis computer 

programs. All of these are available in the computer labs. All but UCINET are 

freely available on the web.  

 UCINET, available in computer labs and for purchase from Analytic 

Technologies at: http://www.analytictech.com/  

 PAJEK, available to download at http://vlado.fmf.uni-

lj.si/pub/networks/pajek/default.htm  

 NETDRAW, available to download at: http://www.analytictech.com/  

 STOCNET, available to download at: http://stat.gamma.rug.nl/stocnet/ 

(see also http://stat.gamma.rug.nl/snijders/siena.html ) 

 For information about InFlow analysis tools, articles and diagrams 

http://www.orgnet.com/inflow3.html  

 

The International Network for Social Network Analysis (INSNA) is the 

international and interdisciplinary professional association for people 

interested in social network research. Its website 

(http://www.sfu.ca/~insna/) is a wonderful source of information and 

resources on social networks, including links to many informative sites and to 

social network computer programs and data.  

The listserv, SOCNET, is the main on-line forum for discussion of current topics 

on social networks. Information on how to join is available through the INSNA 

site (see above) or at: http://www.heinz.cmu.edu/project/INSNA/socnet.html  

Connection is INSNA’s newsletter/ informal journal. It is available through the 

INSNA website or directly at: http://www.sfu.ca/~insna/.  

Centrality is a newon-line journal devoted to relationship capital management.  

http://blog.visiblepath.com. Steve Borgatti’s web page is a nice source of 

introductory material and handouts on various topics on social networks: 

http://www.analytictech.com/networks/  

  

http://www.analytictech.com/
http://vlado.fmf.uni-lj.si/pub/networks/pajek/default.htm
http://vlado.fmf.uni-lj.si/pub/networks/pajek/default.htm
http://www.analytictech.com/
http://stat.gamma.rug.nl/stocnet/
http://stat.gamma.rug.nl/snijders/siena.html
http://www.orgnet.com/inflow3.html
http://www.sfu.ca/~insna/
http://www.heinz.cmu.edu/project/INSNA/socnet.html
http://www.sfu.ca/~insna/
http://blog.visiblepath.com/
http://www.analytictech.com/networks/
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Conclusions 

The prediction task for previously unobserved links in social networks was 

discussed in the project. The concept of social network was defined as well as 

social graph representation. 

The related works in research area were analyzed. Existed approaches 

were compared: supervised vs. unsupervised, single table data representation 

as feature vector vs. relational data mining etc. In case of interpretation link 

prediction task as classification task the application of range of induces were 

digested such as: J48, OneR, IB1, Logistic, NaiveBayes as well as other available 

approaches for resolving given task e.g. SVM, GP, BN, PRMs etc. 

Mining tasks in network-structured data were analyzed. Mathematic 

representation for unobserved link prediction task in social networks was 

given as well as deep classification and description of measures for link 

prediction approaches. 

The experiment was planned based on crawling technique with 

application of free open-source SQL full-text search engine Sphinx. The 

proposed training corpus is Facebook social network web site. The database 

for selected data was represented in SQL format. The visualization tools for 

social networks graph representation were described.  

Consequently, research in a number of scientific fields have 

demonstrated that social networks operate on many levels, from families up to 

the level of nations, and play a critical role in determining the way problems 

are solved, organizations are run, and the degree to which individuals succeed 

in achieving their goals. 
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