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Abstract

The emerging social networks promptly create greater opportunities for fast-developing viral marketing. The online social
networks (OSNs) play an essential role in the information diffusion among the social users within the community. The
social network being large-scale, it leads to the inconvenience in identifying the influential spreaders in a specific domain,
as every social user receives the information from different sources through multiple connections over the network.
Although, analyzing the complex social network is indispensable to determine the influence spreaders with the knowledge
of understanding the dynamics of information evolution. The existing solutions of the influential measurement techniques
lack in neglecting the redundant links and quantifying the temporal information among the social users while estimating the
diffusion importance of a social user. Moreover, these techniques fail in analyzing the structural relationships in the
domain. To overcome these obstacles, this paper presents a de-duplicated k-shell influence estimation (DKIE) model in the
social network by classifying the influential spreaders based on the domain of interest using k-shell decomposition and
N-gram similarity. The DKIE model incorporates two major phases such as generic influential spreader identification and
domain-specific influential spreader identification. The first phase measures the diffusion importance of each active social
user based on the structural relationships of the social network using k-shell decomposition method. It separates the core-
like groups and true core and identifies the best spreaders regardless of the redundant links. The second phase exploits the
topic of the discussion of the best spreaders and consequently, measures the topic-wise influence to categorize the domain-
specific best spreaders using N-gram similarity measurement. The experimental results illustrate the effectiveness of DKIE
approach.

Keywords Viral marketing - Social network - Core-like group - k-shell - Redundant link - Influence - Classification -
N-gram

1 Introduction

In recent years, the social networks and microblogging
sites have become the most prominent and popular com-
munication medium among the Internet users. In day-to-
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day life, the social users spread more than billions of
messages within the different social networks such as
Twitter, Facebook, Tumblr, and Google Plus in which the
users have the ability to post and share their opinions with a
specific community freely. The advent of online social
networks (OSNs) [1] substantially increases the amount of
real-time information stream, including daily chats politics,
sports, entertainment and celebrity gossips, which covers
almost the entire global information. Viral marketing
requires the information hub influencing a large number of
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spreaders in the social network. This spreading phe-
nomenon increases the exposure range of a particular
product with low cost. Thus, there is an emerging need for
analyzing the massive information exchange while con-
sidering the significance of the information diffused in the
OSN [2]. With this intent, tracing the information propa-
gation level along with the cause of each spread is a fun-
damental challenge in the social network. To identify the
cause of the information diffusion, the analysis methods
need to find the origin of the contagion and the path of the
propagation in OSN [3].

Instead of exploiting the structural relationships of the
social network for information hub identification, consid-
ering the real information exchange among the social users
is beneficial to viral marketing. Even though, identifying
the influential users in a particular domain, regardless of
the textual information is a complicated task while ensur-
ing the spreading efficiency in the global social network.
Hence, the categorization of the globally exchanged
information in the social network is necessary to identify
the domain-specific information hub [4] since every social
user discusses the information over multiple domains. In
recent years, most of the recent works related to the
information hub identification exploit the k-shell method to
discover the propagation level of each user based on the
explicit social relationship of the network [5, 6]. However,
these k-shell decomposition methods lack in eliminating
the duplicate links during the influence measurement in the
social network. Moreover, the complete view of the social
network requires the analysis of information exchange
among the users to determine the influence of each user in a
specific domain [7]. In contrast with the existing k-shell
based influential user identification approaches, this paper
targets to find the nature of the relationship among the
social users based on the topic of the shared information.

The main contributions of the de-duplicated k-shell
influence estimation (DKIE) approach are as follows.

e The main objective of the DKIE methodology is to
classify the domain-specific information hubs or the
best spreaders with the knowledge of utilizing both the
structural relationships and the topic of the discussion
within the social network.

e The DKIE approach exploits the structural social
relationships to determine the core-like groups having
the redundant links and true core, and consequently,
measure the diffusion importance of each social user
using the k-shell decomposition method along with the
entropy function.

e With the aim of globally identifying the best spreaders,
the DKIE approach takes into account of the best
spreader in the core-like group when the spreading
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efficiency is higher than the true core rather than
ignoring the entire core-like group.

e Instead of identifying the structural relationship based
best spreaders, the DKIE approach analyzes the tweet
information of each best spreader using N-gram
similarity method to understand the tendency of each
user in a specific domain.

e Finally, the DKIE approach classifies the domain-
specific best spreaders by exploiting the N-gram
similarity measurement with the knowledge of the
corpus and WordNet ontology.

e The experimental results demonstrate that the DKIE
approach precisely classifies the domain-specific best
spreaders in the social network under the multiple
domains of interests.

1.1 Problem statement

Most of the earlier research works in viral marketing have
been focusing on classifying the domain-specific informa-
tion hubs in the social network to facilitate the recom-
mendation. To classify the social users, the system needs
the analysis of the textual information shared among the
users within the network. In a large social network, ana-
lyzing the massive information collection of the numerous
social users is an arduous task, which develops the time and
cost complexity. Hence, the information hub classification
system requires the completion of information hub identi-
fication as a prerequisite process in large social networks.
Several existing information hub identification methods
employ the structural relationship of the social network
rather than analyzing the tweet information to reduce the
burden of the identification process. Even though, these
methods lack in accurately identifying the influential users
due to the global network structure. To tackle this con-
straint, the recent information hub identification tech-
niques, exploits the k-shell method to improve the accuracy
of the influential users. However, there is a possibility of
the redundant links occurrence in the true core and ignoring
of the efficient core-like group due to the lack of analyzing
the spreading efficiency in the true core and the elimination
of the entire core-like group respectively. Moreover,
neglecting the non-active users is essential while measur-
ing the diffusion importance of each social user in the
network. Thus, to overcome these issues, the DKIE
approach focuses on the identification of the best spreaders
based on the structural relationships and consequently, on
the determination of domain-specific best spreaders based
on the topic of the discussion.
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1.2 Paper organization

The structure of the paper is organized as follows: Sect. 2
deliberates the existing research works related to the
problem adopted. Section 3 describes in detail about the
proposed methodology which correspondingly explains the
component involved in this proposed methodology to attain
the optimal solution for the problem. Section 4 highlights
the experimental evaluation and proves that the proposed
methodology obtains a better solution by comparing with
the existing method. Section 5 presents the conclusion
which summarizes the work done in this paper.

2 Related works

In the social network, the earlier information hub identifi-
cation works employ the following methods such as degree
distribution, node clustering, degree centrality, communi-
ties, degree correlation, and k-shell. Most of the recent
researches focus on the k-shell or k-shell decomposition
method of the social network to identify the core of the
network in terms of influential spreaders in the fast
developing field of viral marketing [8]. Even though
influential spreader has a large number of neighbors, it
negatively impacts the spreading efficiency. Mixed degree
decomposition (MDD) method [9] takes into the account of
the number of removed and existed links during the
decomposition process to distinguish the spreading influ-
ence of each user within the same group using k-shell
value. An approach [10] measures the influence of social
user after differentiating the core-like group and true core
based on link diversity of shells, which includes the
redundant links of a shell while identifying the super-
spreaders. Later, an advanced k-shell method [11] further
improves the accuracy of the influential spreader identifi-
cation by exploiting the spreading dynamics and removing
the redundant links. Also, there are several influential
spreader identification types of research [12, 13] focused
on the k-shell strategy in the social network. An improved
and efficient ranking method [14] assigned the influence
rank to the social users based on the shortest path distance
between the center node and it is a neighbor node which
has the highest k-shell value in the social network. A large
k-shell decomposition framework [15] presents a linear-
time randomized algorithm to decompose a large graph
into the most extreme k-shell based on the random edge
contraction technique.

Several conventional research works [16, 17] target on
the temporal quantification in the social network since, the
real social networks comprise the enormous data about user
activities, which varies according to the dynamic nature.

The personalization of the user’s profile is mandatory since
the users have interest on various topics. There are only a
few researchers have presented that the identification of the
influential spreaders is not only depended on the number of
followers but also with the similar intention of the users.
An approach [18] determines the influential spreaders
based on the wide popularity of the social users and the
influence on multiple topics over the social network. It
does not automatically mean that these influential spreaders
have the ability to influence their activities and their
interests. An approach [19] considers the user connections
in the Facebook social network and analyzes the relation-
ships among the social users. Whereas, the work [20]
exploits the messages in the communication network of
Yahoo, and the work [21] takes into the account of the
digital bibliography and library project (DBLP) to evaluate
the collaborations among the scientific authors. The
supervised learning technique [22] classifies the short
messages shared on a social network by exploiting labeled
training set and identifying the information paths over the
data to determine the domain of the information. Domain-
based user influence estimation [23] employs the classifi-
cation method to categorize the information hubs under
various domains based on the interest of each hub. An
approach [24] presents a novel model to measure the
influence of the social user by analyzing the multiple paths
of the information. It analyzes the dynamics of the infor-
mation contagion according to the change of topic of the
discussion. TopicRank [25] identifies the topic-sensitive
influential spreaders by employing the latent Dirichlet al-
location (LDA) model which learns the topic of each
propagation message over the social network. It lacks in
considering the redundant links in the social network,
which degrades the performance of influence measurement.
However, the existing works have analyzed only the user
connection and their relationship they lack in precisely
identifying the information hub for a specific domain.
Moreover, accurately classifying the massive information
based influential spreaders regardless of the training set is
still in its infancy stage. In [26, 27] has discussed the four
human-in-the-loop simulations conducted at NASA Ames
Research Center illustrating the framework and key
aspects. In [28, 29] the introspective reports on cooperative
behaviour seems to be efficient for concept map partici-
pants. In [30, 31] it shows that the actions are supported by
the infusion systems highlighting the different sources of
user availability.
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3 An overview of the proposed
methodology

With the extreme popularity and rapid growth of the Online
Social Networks, the demand for viral marketing has sig-
nificantly increased to disseminate the product advertise-
ments among the social users effectively. To recommend
the appropriate products to the social users through influ-
ential users, the personalization or classification of infor-
mation hub is essential in OSNs. Accordingly, to determine
the domain-specific best spreaders, effective best spreader
identification is necessary. Many current information hub
identification and classification methods rely on the struc-
tural and tweets information to identify the domain-specific
best spreaders on the social network. The structural infor-
mation based information hub identification method selects
the spreaders with minimum spreading efficiency due to
the existence of the core-like group. In real-world social
network systems, the core-like group contains a very few
outbound links instead of having the high diffusion value.
Hence, determining the redundant links is crucial while
measuring the diffusion importance across the nodes to
form the true core group excluding the redundant links.
The DKIE approach incorporates two phases such as
identifying the best spreaders based on the diffusion mea-
surement in k-shell and classifying the best spreaders using
N-gram method to classify the information hubs in the
OSNs precisely.

Identifying the best spreaders based on the diffusion
measurement in k-shell The DKIE approach identifies the
best spreaders by finding the active users and forming the
true core with abundant outbound links using k-shell
decomposition method. Initially, it discovers the potential
active users using timestamp information and performs de-
duplication in two steps. The two steps of de-duplication
involve in separating the core-like group and measuring the
diffusion importance regardless of redundant links, which
leads to the formation of the true core group. The DKIE
approach applies the k-shell decomposition method with
entropy function on all the active users pertaining in the
true core to measure the propagation level of each spreader
in the social network in which entropy function estimates
the uncertainty of the diffusion to determine the spreading
capability of each spreader.

Classifying the best spreaders using N-gram method
After identifying the best spreaders, the DKIE approach
delves the tweets of each best spreader regarding the
domain of discussion to classify the domain-specific best
spreaders. It classifies the best spreaders by exploiting the
user-generated content of tweets, corpus comprising a
collection of information about multiple domains, and
WordNet ontology. The DKIE approach applies the
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N-gram similarity method between the tweets and the
corpus information to categorize the domain-specific best
spreaders accurately. It facilitates the system to understand
the dynamics of domain-wise information contagion over
the social network (Fig. 1).

3.1 Identifying the best spreaders based
on the diffusion measurement in k-shell

The DKIE approach aims at classifying the best spreaders
based on the topic of the discussion in the OSNs. Before
personalizing the best spreaders, the system needs to per-
form the best spreader identification process as the pre-
requisite process. Hence, the DKIE approach estimates the
influence among the social users by applying the k-shell
decomposition method for the explicit structural relation-
ships to find the best spreaders. Initially, it discovers the
active users in the social network based on the social
activity logs and timestamp information of each user with
other users to ease the best spreader identification. Then, it
determines and removes the redundant links in the social
network structure, and creates the true core from the core-
like group using k-shell and entropy function based influ-
ence. Eventually, it identifies the best spreaders excluding
the uncertainty of redundant spreading capability.

3.1.1 Determining the active users and manipulating
the de-duplication using diffusion importance

The DKIE approach identifies the active social users by
exploring the corresponding user’s social activity logs and
timestamp data. The social users involve in two different
kinds of activity logs such as (1) creating new content in
terms of uploading music and images, writing messages
and blogs, and (2) consuming others’ content in terms of
downloading music and images, and reading messages and
blogs. Also, timestamp information is used to identify
whether the user is either active or inactive at a particular
time. In a large explicit social network, the DKIE approach
considers the graph structure of the social network based
on the social relationships between the social users to
determine the adoption of information propagation across
the network. The social network comprises a core-like
group containing many users with low spreading effi-
ciency. The core-like group is likely to lead the inaccurate
identification of the best spreader due to the repeated
densely connected nodes. Hence, identifying the core-like
group is necessary before identifying the best spreaders.
From Eq. (1), the probability value (P(Cg)) determines that
nodes and its neighboring nodes either from the core-like
group or the true core group. In the core-like group, the
tendency of each user depends on the influence dissemi-
nated within the community of membership.
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Fig. 1 Classification of
information hubs using k-shell
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where, ‘i’ and ‘j’ represents the nodes in the social net-
work, and ‘k’ refers the number of neighborhood nodes to
the ith node. ‘N;” and ‘N;’ denotes the number of neigh-
boring nodes of node ‘i’ and ‘j’ respectively. Equation (1)
facilitates the process of core-like group identification
based on the structural feature of the explicit social rela-
tionship. Accordingly, the DKIE approach separates the
core-like group using the threshold value of the probability
score. Even though the core-like group has minimum
spreading efficiency, neglecting the core-like group struc-
ture from the best spreader identification process is inef-
fective, since the core-like groups may comprise large
number neighborhood nodes than the true core group on
the social network. Hence, considering the maximum
spreading influence of one of the nodes from the core-like
group is crucial during the best spreader identification. It
leverages the system to increase the spreading efficiency
and avert the redundant spreading process.

Instead of separating the core-like group from the best
spreader identification process, exploiting the core-like
groups based on the spreading efficiency creates a greater
impact in identifying the best spreader, since the numerous

core-like group. To determine the highly influenced social
user of the core-like group, the DKIE approach considers
both the structural feature of explicit social relationship and
correlation between the number of outbound links and
spreading efficiency of each social user bounded in the
core-like group. It eases the system to accurately determine
the best spreader rather than ignoring the complete struc-
ture of the core-like group. Hence, according to Eq. (2), the
DKIE approach measures the diffusion importance of each
node in the core-like group regardless of the redundant
links.

Spread_Eff(Cg(U;))
) o 5 [log(N%)} + B+ [log((%) *D(CG)>] (2)

)

log, Un

where, NiL denotes the number of outbound links, i.e.,
neighbors of an ith node of the core-like group and N}w
refers the number of outbound links which are not a
neighborhood of its one of the neighbors. D(Cg) represents
the total number of nodes in the core-like group or density
of the core-like group. o and [ are the random variables in
which f > o and o 4+ B = 1. Uy represents the number of
users in the social network. By measuring the diffusion
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importance of each node based on the outbound links, the
DKIE approach filters out the redundant links across the
network. Also, from the perspective of spreading effi-
ciency, the DKIE approach accurately determines the
truecoreness of each node and identifies the true core group
in the real-world social networks.

3.1.2 Refining network structure and finding the best
spreaders using the k-shell method

The DKIE approach employs the k-shell method to refine
the network structure into the true core group without non-
active users and consequently, identifies the best spreaders.
The best spreader is either from the core-like group or true
core group based on the diffusion importance or spreading
efficiency. To identify the best spreaders, the DKIE
approach exploits both the local influence and global
diversity of each node in the social network. Similar to the
Eq. (2), the DKIE approach formulates the Eq. (3) along
with the centrality score, which is used to measure the local
influence of each user (I (U;)) based on its neighbors. In
Eq. (3), ‘n’ and C(n) denotes the number of direct neigh-
bors of ith node and centrality of nth neighbors in the
network structure respectively. N; represents the direct
neighbors of the ith user. o, B, and y are the random
variables in which o+ +y=1 and B> a > 7. The
DKIE approach exploits the degree centrality measurement
in terms of the total number of direct and indirect neighbors
[32].

IL(Ui) =

2+ [log(N)] +  + [log () * (Ux)) | + 7+ log [Spen, Cln)]

log, Uy
(3)

Moreover, the global diversity relies on the overall
social network structure to analyze the global characteris-
tics of the social users. The DKIE approach applies the k-
shell decomposition with Shannon’s entropy to obtain the
global node information in a complex social network. From
the Eq. (4), entropy function indicates two cases such as (i)
a node has the capability to establish the connection with
all layers when the entropy (H) is high, (ii) all the nodes
have the connections within the same layer when the
entropy value is ‘0’.

M

i (NK) = — i (Pi (N{) +log, P, (N{)) (4)

where N = {1, 2,..., K§'} represents k-shell values of
the neighbors of ith user or node. Equation (5) calculates
the probability value of jth layer of neighbors (Pi(Nj)) in
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which ‘INiI’ indicates the number of neighbors of the ith
user appearing in the jth layer.

N
Pi(N) = == 5
SN o
The DKIE approach exploits the normalized score of the
global diversity value to determine the overall influence of
the social user. Equation (6) refers the global diversity of
each user (FH;(NX)) in the k-shell structure based on the
entropy value. The maximum value of the entropy ensures
that the neighbors of each node significantly are more
diverse in the k-shell structure.
Hi(NF)

I6(U;) = H;(NK) = Tog, KN (6)

Finally, the DKIE approach utilizes both the local (Iy (-
Uj))and global value (Ig(U;)) of each node to determine the
exact tendency of the corresponding user in the complex
social network.

Overall influence(U;)

B { IL(Uy) * Ig(U;),
| Spread_Eff(Cg(U;)),

if Ui # Cg(Us) (7)

fUi=Co(Ui)

Using Eq. (7), the DKIE approach sorts the best
spreaders based on the maximum value of overall influence
in descending order. It retains the number of best spreaders
in a specific OSN regardless of the domain. To support a
viral marketing, discovering the domain-wise best spread-
ers in the social network is necessary.

3.2 Classifying the best spreaders using N-gram
method

Instead of estimating the influence of users based on the
explicit structural relationship in the social network, the
DKIE approach assesses the influence of the social users in
a specific domain with the help of N-gram similarity-based
classification. The classification of influential users facili-
tates in analyzing the best spreaders under the specific
domain. To perform the N-gram classification method, the
system requires the tweets of the social users. The N-gram
technique also requires the domains and the training set.
The DKIE approach calculates all the feasible n-grams of
each keyword (w) in a tweet (T) instead of assigning a
classic weighted vector to each tweet, as the tweets mostly
comprise abbreviations, small textual errors, and minimal
term variations. Hence, the DKIE approach utilizes the
N-gram based classification system in natural language
processing application to deal with the textual information
with abbreviations and errors effectively. To ease the viral
marketing, topic categorization is an essential task in text
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document analysis based on the pre-determined set of
categories. The DKIE approach applies the Dice coefficient
based N-gram similarity method [33] between the tweets
and the information stored in the corpus to identify the
intention of the social users in a particular domain. It
analyzes the frequency of tweets of each best spreader in
the corpus and measures the distance of the tweets with the
topic using the WordNet ontology. Thus, N-gram similarity
method precisely categorizes the domain-wise tweets of all
the social users (Ug) by utilizing the knowledge of corpus
and WordNet ontology.

The DKIE approach focuses on estimating the influence
of social users based on the interaction of each user among
others by exploiting the topic based information model on
tweets (T) and retweets (RT). Each social user (U;) sends
numerous tweets (T;) involving multiple domains to their
neighbors (N;) in the social network. The DKIE approach
not only exploits the tweet information of each social user,
but also focuses on the retweets to determine the domain-
specific influence of the social user. Initially, it measures
the retweeting capability (RT¢) of each user (U;) in a
particular domain (D) using the Eq. (8).

RT¢(U;, D)

. ! ,
NRTERT(U;,D) | 0 * (W) + (1 —w)x (W)
(8)

where, IRT(NRT)| represents the number of retweets of
retweeting neighbors of ith user in a particular domain,
A(NRT) refers the authority of retweeting neighbor ith user
ie. ANKT) = ITS,D(NFT)I denotes the number of tweets of
the neighbor of ith user in a specific domain (D).In Eq. (9),
o <(l —o) in which ‘@ is a random parameter,
0 < o< 1. RT(U;, D) indicates the retweeter of the ith
user in Dth domain. Finally, the DKIE approach identifies
the domain-specific best spreaders by estimating the tweets
based influence using Eq. (9).

Influence(U;, D)

RT(U
log|Tip| * > TyeT(i.D) [ZUXERT(TS) (—‘ ‘I\(IX‘XM) *RTC(UX)]
; |Ti

©)

where, IT; pl represents the total number of tweets of the
ith user in Dth domain. T, denotes each tweet of the ith user
and U, refers the retweeters of tweet ‘T, . IN,| is the total
number of direct neighbors of user U, and IRT(Uy)I is the
number of retweeters of user Uy. ‘IT;I” represents the total
number of tweets of an ith user. At the end of the process,
the DKIE approach sorts the best spreaders in the

)

descending order based on the estimation of a degree of
influence of each user on each topic, which expresses the
domain of interest and propagation level through posting
activity.

4 Experimental evaluation

This section evaluates the performance of the DKIE
approach while comparing with the existing TopicRank
approach [25]. It conducts an experiment on the real-world
dataset to demonstrate the performance improvement in
terms of the domain-specific influence spread maximiza-
tion over the existing algorithm.

4.1 Experimental setup

The experimental evaluation implements the DKIE
approach wusing Java platform. The DKIE approach
employs the social network of Twitter dataset incorporat-
ing structural relationships and the tweet information to
identify the domain-specific influential spreaders. It per-
forms the experiments on Linux Ubuntu 12.04 LTS 64-bit
machine, 2.9 GHz Intel CPU, and 32 GB memory. It
exploits text mining analysis tools to process the tweet
information gathered from the dataset. Moreover, it
exploits the text corpus and WordNet ontology to catego-
rize the topic-wise tweets.

4.1.1 Dataset

The evaluation of the DKIE approach exploits a popular
microblogging site of the Twitter dataset. The dataset
contains 2.5 million of users who exchange 15 million of
tweets across multiple domains. The proposed evaluation
takes into the account of 2333 Twitter users, including
football players, Olympic athletes, UK parliament mem-
bers, Irish politicians, and the Rugby Union players. Also,
it comprises the tweets with a specific tweet ID regarding
keywords along with the retweeting neighbors and the
number of retweets. The proposed evaluation employs the
corpus with the five unique domains comprising the
domain related keywords. The five domains are Football,
Olympics, Politics-UK, Politics-IE, and Rugby.

4.1.2 Evaluation metrics

Precision is the ratio between the number of recovered
influential users those that are relevant, influential users
and the total number of recovered influential users in a
specific domain.

Recall is the ratio between the number of recovered
influential users those that are relevant, influential users
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and the total number of relevant influential users in a
specific domain.

F-measure or F-score is the discrepancy and balance
between the precision and recall.

Precision * Recall

F - measure = 2 x —
Precision + Recall
Domain-specific retweet influence (DSRI) 1t is the ratio
between the number of domain-specific retweets of the
recovered influential spreaders and the total number of the
retweets of the relevant spreaders on a specific topic.

4.2 Experimental results

The experimental results illustrate the significant perfor-
mance improvement of the DKIE approach than over the
existing approach while varying the real-time validation
scenarios of the number of users, the number of tweets, and
the number of domain categories.

4.2.1 Number of users versus precision

Figure 2 illustrates the precision of both the DKIE and the
TopicRank approaches while varying the number of social
users from 0.5 million to 2.5 million and the Number of
Core-Like Groups (NCLG) from 5 to 15. The precision
value decreases while increasing the number of users on
the social network. The DKIE approach gradually decrea-
ses the precision value by 0.94% when the number of users
is increasing from 0.5 million to 2.5 million and NCLG is
15. However, the Topic Rank approach suddenly decreases
the precision value by 2.59% at the same scenario. Since,
the DKIE approach identifies the best spreaders with the
consideration of the CLG in the social network, which
ensures that the best spreaders have higher influence than
others over the social network. When increasing the NCLG
from 5 to 15, the performance of both the DKIE and

Precision

= DKIE(NCLG=5)
= TopicRank(NCLG=5)
DKIE(NCLG=10)

TopicRank(NCLG=10) |. ....... % ~—
& DKIE(NCLG=15) :
@& TopicRank(NCLG=15)

0.9%.5 1.0 15 2.0 2.5
Number of users(Millions)

Fig. 2 Number of users versus precision
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TopicRank decrease due to the burden of processing of the
CLG. At the point of 2.5 million of the users, the DKIE
approach attains 3.63% of precision higher than the Topi-
cRank approach when NCLG is 10, as the CLG separation
and the diffusion measurement of the DKIE approach
maintain the precision even when increasing the number of
users.

4.2.2 Number of users versus recall

Figure 3 shows the recall performance variation of both the
DKIE and the TopicRank approaches for the variation of
the number of users and the NCLG. The effectiveness of
the domain-specific information hub classification system
not only depends on the number of users, but it also
depends on the increasing number of CLG on the social
network. The DKIE approach maintains the recall value
when increasing the number of users, but the TopicRank
approach only maintains the recall until reaching a certain
number of users after that, it suddenly decreases due to the
lack of the CLG consideration during influence measure-
ment. Moreover, the DKIE approach employs the k-shell
decomposition method along with the entropy function,
which globally measures the influence without the uncer-
tainty of the spreading efficiency. The Topic Rank
approach measures the influence having the redundant
links, which degrades the diffusion importance value of
each social user. At the point of 1 million users when
NCLG is 10, the performance of the Topic Rank decreases
by 2.31% more than the DKIE approach, but, at the point
of 2 million users, the recall of Topic Rank approach
decreases much more by 3.1% than the DKIE approach.
Since measuring the influence regardless of the CLG and
k-shell is likely to provide the benefits to only a few
number of users, which is inaccurate when the number of
social users is high.

0.92 : : :

DKIE(NCLG=5)
TopicRank(NCLG=5)
DKIE(NCLG=10)
TopicRank(NCLG=10)
DKIE(NCLG=15)
TopicRank(NCLG=15)

0'8%.5 1.0 1.5 2.0 2.5
Number of users(Millions)

Fig. 3 Number of users versus recall
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4.2.3 Number of tweets versus F-measure

Figure 4 depicts the F-measure performance variation
while varying the number of tweets from 3 to 15 million
and the number of domains (ND) is in the range of 5, 10,
and 15 over the Twitter social network. If tweet informa-
tion comprises additional ND, the domain-specific best
spreader classification is a much more complex process,
which is likely to degrade the performance of the classifi-
cation system. The F-measure value decreases when
increasing the number of tweets and the ND in the tweets.
When ND is 10, the DKIE approach gradually decreases
the F-measure value by 1.07%. However, the TopicRank
approach decreases by 1.18% while varying the number of
tweets from the 3 million to 15 million. Even though,
ND = 10 of the TopicRank approach provides better per-
formance than the DKIE approach of ND = 15 until
reaching the number of tweets at 6 million, the DKIE
approach provides appreciable result than TopicRank
approach after crossing 6 million tweets. The TopicRank
approach misclassifies the best spreaders when increasing
the ND and tweets due to the absence of the retweets
influence  based domain-specific  best  spreaders
classification.

4.2.4 Number of followers versus domain-specific retweet
influence

The comparative results of the DKIE and the TopicRank
approaches are shown in the Fig. 5 while varying the
number of followers from 0.4 million to 2 million in the
social network. It also relies on the k-shell distance that is
in the range of 10, 20, and 30. The impact of the number of
followers and the k-shell distance on the domain-specific
retweet influence (DSRI) potentially reveals the perfor-
mance of the domain-wise best spreader identification

0.935 ! ; : :

S DKIE(ND=5)
M TopicRank(ND=5)
DKIE(ND=10)
TopicRank(ND=10) ||
@& DKIE(ND=15)
@ TopicRank(ND=15)

0.930
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0.915

I N N
0'9102 4 6 8 10 12 14 16
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Fig. 4 Number of tweets versus F-measure
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Fig. 5 Number of followers versus DSRI

system. If a social user has few followers in the maximum
of k-shell distance, that social user has the high social
influence than the number of followers in the minimum
k-shell distance. The DKIE approach rapidly escalates the
DSRI value by 1.22% when increasing the followers from
0.4 to 2 million and k-shell distance is 30. It focuses on
both the tweet and the retweet importance while measuring
the influence score throughout the k-shell structure.
Whereas, at the same scenario, the TopicRank approach
increases the DSRI value only by 0.33%, which measures
the influence of every social user regardless of the fol-
lower’s influence. Moreover, the DKIE approach exploits
the corpus and the WordNet ontology to accurately cate-
gorize the domain-wise tweets of the best spreaders rather
than measuring the learning based topic-wise diffusion
probability of the tweets.

5 Conclusion

We have presented an information hub classification model
DKIE, which overcomes the obstacles of the domain-
specific best spreaders classification in the large-scale
social network. The proposed DKIE model employs both
the structural relationship and the tweets to precisely
identify and classify the best spreaders according to the
intention of the wusers. The significant performance
improvement is attained by exploiting the k-shell decom-
position and the N-gram classification method with the
assistance of the corpus and the WordNet ontology. The
k-shell decomposition method globally analyzes the dif-
fusion importance of each social user over the social net-
work to identify the generic best spreaders. Consequently,
the N-gram classification method explores the tweets of the
best spreaders to determine the domain-specific best
spreaders. The experimental results reveal that the DKIE
system yields the domain-specific best spreaders with
higher influence than the TopicRank system while ensuring

@ Springer
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91% of resale value when testing it on the real-world
Twitter dataset.
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