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ABSTRACT
This paper aims to identify user-centric features to calcu-
late the strength of social ties between Online Social Net-
work (OSN) users, and models the same using Latent Space
Model (LSM). The modeling approach processes a socio-
centric user-set as the users are directly (friend) or indi-
rectly (friend-of-friend) related to a seed (target) user, which
makes it easier to identify social ties between users as com-
pared to random sampling from a set of diverse OSN users.
For a given user, interaction data up to two levels is mod-
eled and analyzed to generate a user-centric social network.
Eleven different features related to Facebook have been iden-
tified to calculate the strength of social ties between users.
LSM is used to visualize relationships in user-centric his-
torical data and to estimate the probability of social ties
between OSN users. The users are plotted using LSM in a
three-dimensional (3D) social space around a seed user, and
a link probability function is devised to calculate the prob-
ability of link between any two users with respect to the
persona of the seed user. A sphere of influence around each
user demarcating its active influence area is also identified
and discussed in this paper.

Categories and Subject Descriptors
I.5.1 [Pattern Recognition]: Models—Statistical, Struc-
tural ; I.5.2 [Pattern Recognition]: Design Methodology—
Pattern Analysis

General Terms
Design, Experimentation

Keywords
Social network analysis, feature identification, social net-
work modeling, Link prediction.
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1. INTRODUCTION
Online Social Networks (OSNs) are growing exponentially

with a highly dynamic nature and very complex structure.
Depending on the dynamicity of an OSN, it changes over dif-
ferent granularity of time. A less popular OSN may change
in days, an average OSN may change in hours, and a very
popular OSN may change within a fraction of second. How
we perceive an OSN is just a snapshot of that OSN at a
particular point of time. An OSN can change while its in-
formation is being processed; however, this time-lag can be
neglected [3]. A change is induced into an OSN through
various activities of the participating users. The huge size
of OSNs requires intense computational power and often re-
sults into the under-utilization of available data.

Considering the factors of exponential growth, highly dy-
namic nature, inherent complex structure, and intense com-
putational power requirement, a full-scale analysis of an
OSN is not feasible as the associated computational cost
is very high, which increases with increasing dimensionality
of data. Consequently, it becomes harder and harder to un-
derstand graphs showing thousands of nodes or edges and
overlapping elements, and a meaningful graphical represen-
tation of large OSNs is not trivial because of the number of
elements to display [1]. Therefore, instead of modeling the
whole network, this paper introduces a user-centric social
network modeling approach, which builds the social network
around a seed (target) user of interest and models her social
interactions up to a certain expanse. A set of eleven differ-
ent features related to Facebook network have been identi-
fied to model the strength of social ties between the users.
Latent Space Model (LSM) is used to visualize relationships
in user-centric historical data and to estimate the probabil-
ity of social ties between the users. Users are plotted in a
three-dimensional (3D) social space using LSM, and a link
probability function is used to calculate the link probabil-
ity between a pair of users in the underlying network. The
link probability asserts the authority on a link, based on the
interactions of the users and their closeness with respect to
the seed user.

Since link probabilities are calculated based on the spatial
position of users in a 3D socio-centric space, users who tend
to exhibit similar behaviour/personality as that of the seed
user can be identified and considered to possibly form a link
either with the seed user directly or through other users of
the same network. The links identified so do not necessarily
imply that a physical link would be formed in near future (a
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friendship link in case of Facebook). However, the person(s)
of interest within a certain link probability threshold value
can be identified.
The rest of the paper is organized as follows. Section

2 presents a brief review of the related works on feature
identification and modeling online social networks. Section
3 presents a brief description and formulation of identified
features. Section 4 presents the proposed social network
modeling approach. Section 5 describes the experimental
setup and results. Finally, section 6 concludes the paper
with possible future directions of work.

2. RELATED WORK
Traditional OSN modeling techniques involved process-

ing large quantity of data. Catanese et al. [2] acquired in-
formation only from profiles in friendship relation with the
seed and from publicly accessible profiles. However, they
simply presented a visualization of extracted Facebook data
and developed a fast algorithm for data cleaning, running in
O(n logn), exploiting the hash property of the Java Hash-
Set, which removes all duplicate nodes, fixes all edges to link
the unique instance of source and target nodes, and finally
deletes the parallel ones. A similar approach is followed in
this paper, where only friendship relations among real users
are acquired, and fan pages and companies are discarded.
Authors in [11] proposed a dairy-like measure to calculate

Facebook usage by users of different age groups and the mo-
tivation behind the same. However, it is a survey without
actually traversing the network of a user on Facebook and
hence lacks any proper modeling approach. In [7], the au-
thors constructed a model to describe Facebook adoption by
different users, with emphasis on its contribution in educa-
tional context. A total number of 11 observed and 3 latent
variables provided by the model were used for analysis. This
is again a survey-based analysis which models the system
based on functionality. The authors in [6] analyzed network
behavior to show how it is influenced by 5 user-related fea-
tures, including gender, ethnicity, demographic traits, and
cultural preferences by creating an incremental dataset col-
lected over a time span of 3 years starting from the year
2006. They used four network parameters namely size, den-
sity, heterogeneity, and betweenness centrality to infer their
association with race/ethnicity, class, and gender.
The authors in [8] discussed the amount of personal infor-

mation that is accessible to other users and the implications
of its explicit exposure by users. A set of 400 Facebook pro-
files were used to conduct the experiment from the networks
of varying sizes. Sixty one variables were calculated from
these profiles which were classified into default/standard in-
formation, sensitive personal information, and potentially
stigmatizing information as per their content. In [5], the
authors have examined the interplay between positive and
negative links in social media to see how it affects the struc-
ture of online social networks.
In [9], the authors analyzed 133 Facebook profiles to cal-

culate the relation between the virtual and real personalities
of users. Sebastian et al. [12] conducted a web-based sur-
vey of 2603 random Facebook profiles to study its relation
with the attitudes and behaviors of users in real-life scenario.
Gjoka et al. [4] tried to obtain an unbiased sample of the
Facebook network. A random sample was calculated using
Metropolis-Hasting random walk and a re-weighted random
walk, and the efficiency of these graph-crawling/sampling

techniques and algorithms was analyzed. It however lacked
the functionality of user-centric or user-specific social graph
representation. They represented the collected sample as an
undirected graph with users as set of nodes and set of edges
depicting mutual friendship relationships between them.

3. FEATURE IDENTIFICATION
In this paper, Facebook is used as a case study to iden-

tify features pertaining to its users. As of September 2012,
Facebook has over one billion active users (The Wall Street
Journal, October 4, 2012). On analysis, a set of 11 features
that can define the strength of a tie between two users on
Facebook has been identified. The classification and a brief
description of the identified features are presented in the
following sub-sections.

3.1 Interaction-Based Features
These features are based on the content of the data shared

between two users. Commonly used data on Facebook in-
cludes comments, likes, posts, shares, and tags. On analysis,
following four features are identified in this category: rate
of comments (ρc), rate of user likes (ρl), rate of posts (ρp),
and rate of content exchanged (ρw).

3.1.1 Rate of comments
Comments serve as the main source of active communi-

cation on Facebook. Any two users with strong friendship
ties will comment on each other posts more frequently and
hence will have a higher rate of comments with respect to
each other. A user can generate comments on a time-line
post, URL or any other visible activity on the time-line of
other users. Active users with strong ties have a higher rate
of comments with each other.

The rate of comments, ρcxy, of a user x on user y can be
defined using equation 1, where Sc

xy is the set of comments
made by user x on y’s time-line and Sc

x is the set of comments
made by user x.

ρcxy =
|S c

xy |
|S c

x | (1)

3.1.2 Rate of user likes
The Facebook like button is a feature that allows users

to show their support for specific comments, pictures, time-
line posts, and statuses. Added in February 2009, the like
button allows users to show their appreciation for content
without having to make a written comment1. Like is a way
to give positive feedback or to connect with things a user
cares about on Facebook. A user can like content that her
friends post to give them feedback on Facebook. A story
about a users like will appear on her time-line and may also
appear in her news feed. A user can like the visible activity
of another users time-line on Facebook. Active users with
strong ties have a higher rate of likes with respect to each
other as they are exhibiting a positive feedback (acknowl-
edgement) to each other’s activity.

The rate of user likes, ρlxy, of a user x for user y can be

defined using equation 2, where Sl
xy is the set of likes made

by user x on y’s time-line and Sl
x is the set of likes made by

user x.

1http://whatis.techtarget.com/definition/Facebook-Like-
button



ρlxy =
|S l

xy |
|S l

x | (2)

3.1.3 Rate of posts
It represents the rate of posts between users. A user can

generate posts on the time-line of another Facebook users.
At a more abstract level, most of the activities of a user is
presented as a post on her time-line. Therefore, when a user
writes something on her own or on another users’ time-line,
shares a post of another users on her time-line, or is tagged
in a post by some other users, it is presented as a post on
her time-line. Therefore, in this paper, the rate of posts
encompasses rate of shares and tags as well. On analysis, it
is found that active users with strong ties have higher rate
of posts with respect to each other, i.e., the users interact
more frequently.
The rate of posts, ρpxy, of a user x on user y can be defined

using equation 3, where Sp
xy is the set of posts made by user

x on y’s time-line, and Sp
x is the set of posts made by user

x.

ρpxy =
|Sp

xy |
|Sp

x | (3)

3.1.4 Rate of content exchanged
Users exchange information over social networks. If there

is a higher rate of information sharing between two users,
it strengthens their relationship and thereby increases their
tie strength. The content exchanged (word count), ρwxy, of a
user x for user y can be defined using equation 4, where Sw

xy

is the set of words written by user x on y′s time-line and Sw
x

is the set of words written by user x.

ρwxy =
|Sw

xy |
|Sw

x | (4)

Considering the interaction set, I = {ρc, ρl, ρp, ρw}, for ev-
ery node the interaction value, Γxy, of users x and y is de-
fined using equation 5.

Γxy =

∑
f i∈I

min(f ixy , f
i
yx )

|I | (5)

3.2 Interest-Based Features
Certain activities of a particular user depicts her interests

in a social network. In case of Facebook, these include com-
mon pages, URL sharing, and event participation. Based on
the activities of a user, following three features fall in this
category: rate of common events (ρe), common pages (ηpl),
and common urls (ηurl).

3.2.1 Rate of common events
A Facebook event is a calendar-based resource, which can

be used to notify users of upcoming occasions. Events can be
created by anyone and can be open to anyone or to specific
users. Facebook events are a great way to spread the words
on upcoming events or occasions, as they are able to reach
thousands of people in a short period of time. The event
also provides an “RSVP” list, which displays lists of invi-
tees grouped by their response. Invitees are either placed in

“attending,”“not attending,”“may be attending,” or “hasn’t
responded” categories. If an invitee RSVPs that they are
“attending” the event, it appears in their news feed to no-
tify their friends. When the date of the event approaches,
it is displayed on the invitees’ home pages to remind them2.
When two users are attending the same event, it shows there
common interest in some cause/occasion. Being in a same
event increases the likelihood of communication and shar-
ing of ideas pertaining to the event, and hence results into
better social ties.

The common event participation rate, ρexy, for users x and
y can be defined using equation 6, where Se

x and Se
y are the

set of events attended by users x and y, respectively.

ρexy =
|S e

x

⋂
S e
y |

|S e
x

⋃
S e
y | (6)

3.2.2 Rate of common pages
Pages are for businesses, organizations and celebrities to

share their stories and connect with people. Like time-line,
pages can be customized by adding apps, posting stories,
and hosting events. Pages engage and grow its audience by
posting regularly. People who like a page get updates in their
news feeds. It represents the maximum number of common
pages that any two users like. Common page like shows
common interest and hence depicts a strong tie between two
users.

The common pages, ηpl
xy, of users x and y can be defined

using equation 7, where Spl
x and Spl

y are the set of page likes
by users x and y, respectively.

ηpl
xy =

|Spl
x

⋂
Spl
y |

|Spl
x

⋃
Spl
y | (7)

3.2.3 Rate of common URLs
A user on Facebook can post any valid URL or link on

her time-line. When two different users post same link on
their respective time-lines, they share common interest and
hence have a strong tie.

The common URL posts, ηurl
xy , of users x and y can be

defined using equation 8, where Surl
x and Surl

x are the set of
URL posts by users x and y, respectively.

ηurl
xy =

|Surl
x

⋂
Surl
y |

|Surl
x

⋃
Surl
y | (8)

3.3 Spatial Features
Every user has some associated personality traits based

on her spatial location. Some basic properties provide an
insight into the personality of a user on an OSN like place
of origin, religion, political views, age, languages spoken,
etc. On analysis, following four features are found in this
category: geographical similarity (ηg), belief similarity (ηb),
age similarity (δa), and language similarity (ηlg).

3.3.1 Geographical similarity
Users originating from same geographical location tend to

have same ideology and interests. The higher value of ge-
ographical similarity indicates a possibility of stronger ties

2http://whatis.techtarget.com/definition/Facebook-event



between two users. It represents the geographical closeness
of any two users based on the place of origin. In this paper,
only state and country are considered for calculating this
parameter. Based on the information available on the pro-
file of a particular user, the geographical location is divided
into two groups namely ‘Current’ and ‘Home’ location. The
current location depicts the present location of a user, which
can be same as the home location of a user or different in case
the user has displaced temporally or permanently for what-
ever reasons. Considering the state and country of a user,
16 possibilities arise for current state (Cs), current country
(Cc), home state (Hs), and home country (Hc), which are
valued between 0 & 1 for users x and y and shown in table
1

Table 1: Geographical similarity values

No. Case Value

1 Cx
s = Cy

s & Cx
c = Cy

c 1.000
2 Cx

s = Hy
s & Cx

c = Hy
c 0.750

3 Hx
s = Cy

s & Hx
c = Cy

c 0.625
4 Hx

s = Hy
s & Hx

c = Hy
c 0.500

5 Cx
s �= Cy

s & Cx
c = Cy

c 0.375
6 Cx

s �= Hy
s & Cx

c = Hy
c 0.250

7 Hx
s �= Cy

s & Hx
c = Cy

c 0.250
8 Hx

s �= Hy
s & Hx

c = Hy
c 0.125

9 Otherwise 0.000

The geographical similarity, ηg
xy, between users x and y

can be defined using table 1, where Cx
s , Cy

s , and Hx
s , H

y
s

represents the current and home states of x and y, respec-
tively; Cx

c , Cy
c andHx

c , Hy
c represents the current and home

countries of x and y, respectively. As the model presented
in this paper is based on users’ interactions, current geo-
graphical location has a major impact rather than home or
passive geographical location. Apparently higher weighage
is assigned to the cases where current locations, i.e., both
state and country of first user x are involved (Cx

s and Cx
c ;

entries 1 and 2 in table 1); it is followed by current locations
of user y (Cy

s and Cy
c ; entry 3 in table 1); and finally the

home locations of both users (entry 4 in table 1). The rest
of the cases involve one inequality, i.e., only countries of the
users match (Cc and Hc; entries 5 to 8 in table 1). For rest
of the scenario, a value of 0.0 is considered as a geographical
similarity value.

3.3.2 Belief similarity
Like geographical similarity, users with same religious

and political belief tend to share common ideas and views,
thereby increasing the friendship tie between the users. It
represents the religious and political similarity between two
users and has a value between 0 and 1 depending upon the
respective religions and political beliefs of users under con-
sideration.
The belief similarity, ηb

xy, between users x and y can be
defined using equation 9, where Rx and Ry are the religions
of users x and y, respectively, and Px and Py are the political
views of users x and y, respectively.

ηb
xy =

⎧⎪⎨
⎪⎩
0.0 if (Rx �= Ry ∧ Px �= Py),

0.5 if (Rx �= Ry ∧ Px = Py) ∨ (Rx = Ry ∧ Px �= Py),

1.0 otherwise

(9)

3.3.3 Age similarity
Users belonging to same age group have a natural ten-

dency to interact more and exhibit stronger relationships.
The lesser age difference the users have, the more stronger
their ties tend to be. In this paper, only the year of birth
is considered for calculating the age difference. The age dif-
ference, δaxy, of users x and y is defined using equation 10,
where Ax and Ay are the ages of users x and y in years,
respectively.

δaxy = 1 − |Ax − Ay |
Ax + Ay

(10)

3.3.4 Language similarity
Language has an important effect on the interactions be-

tween two users. On analysis, it is found that knowing sim-
ilar languages results in better understanding of the posted
content. The language similarity, ηlg

xy, for users x and y is

defined using equation 11, where Slg
x and Slg

y are the set of
languages of users x and y, respectively.

ηlg
xy =

|S lg
x

⋂
S lg
y |

|S lg
x

⋃
S lg
y | (11)

4. PROPOSED USER-CENTRIC SOCIAL
NETWORK MODELING APPROACH

This section presents the proposed user-centric social net-
work modeling approach to identify and predict strength
of social ties between OSN users. The experiment starts
with a single seed user and the 11 features mentioned above
are calculated with respect to all of its visible interactions
with other users in the same network. Same procedure is re-
peated up to two levels of interactions starting from the seed
user, i.e., the analysis extends up to the users who interact
with users having interaction with the seed user. Multi-
Dimensional Scaling (MDS) is used to transform the given
user-feature collection into a 3D social space. Since the fea-
ture values are calculated with respect to a pair of users x
and y interacting with each other in a network (Facebook),
all features cannot be used as dimensions for latent space
model. On analysis, along with the limitations of publicly
available data, three generic features are identified that exist
between any pair of users irrespective of their interactions.
These features include geographical, age, and language simi-
larities represented using ηg, ηa, and ηlg, respectively. These
are used as three dimensions in our model. Thus, the dimen-
sion set D for LSM is defined as D = {ηg, ηa, ηlg} and the
feature set F as F = {ρc, ρl, ρp, ρe, ρw, ηpl, ηurl, ηb}.

Since a single user is used as a seed in this model, the
features in D are calculated between the seed user and all
other users, i.e., for each feature fxy ∈ D , the second user
y is always the seed user. This results into a friendship
graph of n entities in k-dimensional space. Considering M
as an n × k matrix, in which a row ri represents the latent



Figure 1: Three-dimensional (3D) social space simulation

position of user i in the latent space, the Euclidean distance,
dij , between two nodes i and j is defined using equation 12.

dij =
k

√√√√ k∑
p=1

(xip − xjp)2 (12)

The friendship graph G = (V,E,Ω) generated in this 3D
space is a weighted undirected graph, with users as nodes
and their social ties as edges. The weight of an edge rep-
resents the link probability between two nodes. Since there
exists a feature set F for every node, the similarity value γxy
for users x and y is defined using equation 13.

γxy =

∑
f i∈F

min(f ixy , f
i
yx )

|F | (13)

Sarkar and Moore [10] defined the link probability pLij be-
tween two entities or nodes i and j as given in equation 14,
where K() is the kernel function, such that two entities have
high probability of linkage only if their latent coordinates are
within radius rij of one another. Beyond this range there
is a constant noise probability ρ of linkage. The link proba-
bility is inversely proportional to α; two users having higher
link probability will have high similarity value γ. Moreover
if a node is having high degree (i.e., large sphere of influ-
ence), it is active on a OSN and is more likely to form links
as compared to a dead or dormant node with less sociability.
Based on these observations, α is replaced by (γ + rij) in
equation 14.

pij =
1

1 + e(dij−α)
K (dij ) + ρ(1 −K (dij )) (14)

Since the model is build on the interactions between the
users, the interaction value Γ from equation 5 is also intro-
duced into equation 14 to get equation 15, where the kernal
function K(dij) is defined using equation 16.

Figure 2: Real interaction network

pij =
1

1 + e{dij−(γ+rij )}K (dij ) + Γij (15)

K(dij) =

{
(1− (dij/rij)

2)2 if(dij ≤ rij),

0 otherwise
(16)

Here, each entity i has a radius ri, which is used as a
sphere of interaction within latent space. An entity with
higher degree will have a larger radius. The authors in [10]
defined the radius of entity i with degree δi as C(δi +1), rij
as C × (max(δi, δj) + 1) , and C is estimated by a simple
linear search on the score function. The constant 1 ensures
a non-zero radius. This modifies equation 15 as equation 17,
which is used to calculate link probability between a pair of
users in the dataset.

pij =

{
pLijK(dij) + Γij if(dij ≤ rij),

Γij otherwise
(17)

The close vicinity of two users in LSM alone does not
ensure their link. Instead, if the users are in close proximity
of each other but have a small radius of influence, they will
have a less link probability as compared to users that have
high radius of influence determined by rij in equation 17.

5. EXPERIMENTAL SETUP AND RE-
SULTS

In this section, the data collection and processing meth-
ods are discussed, followed by the discussion on experimen-
tal results. While extracting publicly available data from
Facebook, the user privacy concerns and policies were fol-
lowed and no personal information or their social behavior
was either stored or analyzed. At no place in the entire
experiment, the actual user IDs or details are used. The



Figure 3: Interaction network for probability interval 0.00 <
p ≤ 0.25

Figure 4: Interaction network for probability interval 0.25 <
p ≤ 0.50

Figure 5: Interaction network for probability interval P ∗

(p > 0.51)

names of users along with their IDs were encrypted using a
hash function. The only purpose behind the experiment is
to construct an interaction-based network and estimate link
probabilities between the users in the network.

For initial processing, a total of 1210 Facebook profiles
including the seed user were processed. Out of these, 33
users interacted directly with the seed user, and the rest
1176 interacted directly with these 33 users. From 1210
Facebook profiles, 11 features discussed earlier were calcu-
lated between every pair of users, i.e., a total of 1210×1210
values were calculated and stored. To plot this user-centric
graph in 3D space, the dimension set D was calculated for
each profile with respect to the seed user. This resulted in
a 1210× 3 dimension matrix. Using this dimension matrix,
a 3D graph was plotted using rgl package in ‘R’3. The re-
sultant graph is shown in figure 1.

3http://www.r-project.org/



(a) A multi-level view of the P ∗ net-
work

(b) Visualization of level-1 links pro-
jected from the seed user

(c) Visualization of level-2 links pro-
jected from a level-1 user

Figure 6: Visualizing network with link probability P ∗ using YifanHu’s multi-level layout of Gephi

The seed user lies at the extreme end with all dimensions
equal to 1. All other users are distributed between the origin
(0, 0, 0) and seed user (1, 1, 1). The link probability increases
as the user moves closer to each other in this 3D space. Since
these dimensions were calculated w.r.t. the seed user, the
link probability is defined in context of the seed user, i.e.,
link probability pxy between two users x and y is the likeli-
hood of user x to interact with user y based on how closely
they behave in reference to the seed user. This modeling
technique calculates the link probabilities between different
users and identifies users of interest.
Using equation 17, the link probabilities between 1210

users are calculated, and based on these values, the inter-
action network shown in figure 2 is divided into 4 groups.
The first group has 5382 edges with 0 < pxy ≤ 0.25, the
second group has 1745 edges with 0.25 < pxy ≤ 0.50, the
third group has 274283 edges with 0.50 < pxy ≤ 0.75, and
the last group has only 160 edges with 0.75 < pxy ≤ 1.0
(table 2). A visualization of the first two groups is shown
using Gephi4 in figures 3 and 4. For these and other such
visualizations, Force Atlas-2 layout is applied with an edge
weight influence of 5.0.
As the network is generated based on the interactions,

most of the edges (37.49% of Total Possible Links (TPL))
have a probability in the interval ]0.5, 0.75]. This interval
also has a very high average clustering coefficient value of
0.94 depicting a maximum number of triadic closures in the
generated network and hence serves of minimum use.
If however, the case of even odds (50−50 chance) is elimi-

nated by considering a link probability value P ∗ greater than
0.51, a total of 14093 edges (1.93% of the TPL) are formed
which is greater than the percentage of actual interaction
links (0.15% of the TPL) (figure 5). The average clustering
coefficient for P ∗ is lesser than the Overall Probable Links
(OPL), depicting less number of triadic closures in the gen-
erated network. With the network diameter greater than
that of OPL, the probability interval P ∗ has a higher reach
in the network. Also the average path length less than 3
means that the network is mostly limited around the second
level of interactions (table 3). Figure 6 is a visualization of a
network with link probability P ∗ using YifanHu’s multi-level
layout of Gephi.

4https://gephi.org/

Table 2: Link probability distribution

Link probability Edges % of TPL ACC APL ND AD

0.00 < p ≤ 0.25 5382 0.73 0.409 2.301 5 8.896
0.25 < p ≤ 0.50 1745 0.23 0.026 3.551 12 2.884
0.50 < p ≤ 0.75 274283 37.49 0.942 2.367 9 226.68
0.75 < p ≤ 1.00 160 0.02 0.001 2.561 5 0.264

ACC: Average Clustering Coefficient TPL: Total Possible Links (
n×(n−1)

2
)

APL: Average Path Length ND: Network Diameter
AD: Average Degree

Table 3: Interaction network statistics

Network Edges % of TPL ACC APL ND AD

Interaction 1099 0.15 0.096 3.231 5 1.817
OPL (Pl > 0) 281570 38.49 0.947 1.687 4 465
P ∗ (Pl > 0.51) 14093 1.93 0.851 2.8 9 23.29

OPL: Overall Probable Links

6. CONCLUSION AND FUTURE WORK
In this paper, a user-centric social graph modeling ap-

proach has been proposed to infer ties between social net-
work users. For a given seed user, her interaction data is an-
alyzed to identify directly interacting (level-1) users, and the
same process is repeated to identify the users that have inter-
actions with the level-1 users forming a second-level user-set
(level-2). Identified users are plotted as nodes in a 3D space
considering the seed user as a reference point, and latent
space model is used to calculate link probability between a
pair of users in the multi-dimensional space. Finally, a link
probability is calculated to predict social tie between two
users. Based on the degree of a node (representing user), a
sphere of influence is calculated demarcating the maximum
influence area of the user. Unlike other modeling techniques
that represent a social network in its entirety, the modeling
technique followed in this paper is designed around a given
seed user. Thus, the behavior of the seed user formulates
and shapes the entire network. The user ties and interac-
tion links formed are driven by the seed user and hence help
in focusing on a particular trend in the network. If a seed
user is criminal minded, the link probabilities will show the
chances of two users to interact in a negative environment,
and if the seed user behaves with a constructive mind-set,



the user-user links identified would be constructive in nature.
Most of the existing social network modeling techniques gen-
eralize the users under consideration, whereas the proposed
modeling technique is a specialized view of the user network,
which results into the formation of a socio-centric model of
the extracted user-set from the interactions around a seed
user.
In our experiment, the users’ profiles have been crawled

using a customized crawler, which has access to a limited
public data. In future, an enhanced crawler having proper
support from Facebook, can be developed to retrieve a large
and complete dataset to calculate link probabilities with
more accuracy. Using private feature-set (currently unavail-
able) as dimensions in the latent space model can result into
better insights about the users’ interactions. Moreover, the
modeling technique presented in this paper can be further
enhanced and remains a topic for future research.
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and college studentsâĂŹ life satisfaction, trust, and
participation. Journal of Computer-Mediated
Communication 14, International Communication
Association, pages 875–901, 2009.


