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Abstract: Recently, there has been enormous curiosity in the 

phenomenon of influence spread in social and information 

networks. Researchers from various domains are trying to develop 

effective and efficient model to estimate social influence. In these 

models, selection of parameters and measures of the social 

network for influence estimation is arbitrary. Moreover, these 

models use different parameters to estimate the influence with 

respect to same dataset. However, domain specific user’s 

parameters in influence analysis for social network have not been 

addressed aptly so far. As, there is no study that precisely focuses 

on what parameters and measures are suitable for which 

application, this work presents multi-perspective elicitation of 

influential parameters and measures in social network. In this 

paper, we categorized social influence parameters in three classes 

based on domain specific user’s characteristics i.e. uniform 

properties of user & their relationship with others time dependent 

user behaviour and user interaction. Through experiments, we 

analysed the impact of these three parameter type in the field of 

diffusion. Statistics revealed that there are various parameters, 

which have not yet been explored. Like time dependent user 

behaviour parameters and user interaction based parameters have 

enough scope for research. Therefore, this work intended to open 

the new road map for researchers and practitioners who aim to 

develop new technique in this area i.e. social influence. 

 
Index Terms: Influence parameters, Social influence analysis, 

Social influence measures, Social network analysis 

I. INTRODUCTION 

With the rapid growth of social media portals, there is a 

large quantity of user-generated content available on the Web. 

Additionally, the attractiveness and the status of social media 

websites like Twitter, MySpace and Facebook are growing 

persistently. The rising quantity of information spread 

through Social network pushes the members of these 

networks to fight for the consideration of influence. This 

deliberation of influence is relying on other people to spread 

their significance i.e. social influence. 

Social influence is defined as change in the activities of an 

individual due to another person’s intentional or unintentional 

actions and activity. It creates an indirect hidden relationship 

between the impelled person and the influencer, which may 

continue by the person in future as well. To understand the 

person’s behaviour on online social network, presence has 

been considered as a basic element [80]. This presence of a 

user influence is classified in three parts based on the type of 
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change in the user’s behavior [33], [78]: conformity, 

compliance and obedience. Conformity is the unwitting 

change in a person’s behavior to become or behave like others 

by following their actions or activity. This leads to change in 

one’s behavior as soon as influencer changes their belief and 

values. Second area is compliance, which is a change in 

person’s behavior due to explicit request from others. It is a 

deliberate change in actions performed by a person i.e. 

recommended to act upon by another person. Obedience is a 

decisive change in behavior of a person in which that person 

believed that he/she does not have any choice to refuse to 

comply the recommended actions of influencer. Overall, user 

is the main key component for the influence analysis such as 

user behaviour, user actions or interactions between users etc. 

Predicting all these behaviors in social influence is useful in 

wide variety of applications i.e. viral marketing, health-care 

[26], social psychology [33], drive-risk analysis [65], home 

education [67] etc. In recent years, many researchers 

formulated various models and techniques for acquiring and 

estimating influence in online social networks.  

 

 
 

Fig. 1. Statistical Usage Analysis of various keywords 

used in Social Networks 

In this regard, they have used different measures and 

parameters to analyze social networks [70], [77]. Using these 

measures, they extracted knowledge about the social networks 

to estimate the information diffusion.  
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In literature, we observed that social influence 

interpretation depends upon variety of influence measure and 

user’s behavioral parameters, it is not necessary that behavior 

of a user is always same with respect to each domain/platform. 

For example, users interact differently on a research platform 

such as Researchgate, Quora etc. by write, like or comment on 

a post. Whereas, the same user can upload, like, comment or 

share pictures, text, create groups, pages or events on social 

media platforms such as facebook or twitter etc. Therefore, 

influence analysis not only depends upon the domain/user’s 

characteristics, instead of it depends upon the domain specific 

user characteristics i.e. these measures and parameters are 

domain specific and dataset dependent [1]. 

 We performed the statistical analysis of the various 

keywords i.e. social influence measures, social network 

analysis and influence parameters etc. to obtain the current 

state of art in the domain of social networks. We performed 

the usage analysis of keywords through the Google scholar 

i.e. how many articles include that particular keyword in their 

work as shown in fig. 1. Fig. 1 (a) shows the usage count of 

keyword “Social Influence Analysis” i.e. nearly, 350,000 

articles have been included this keyword so far. It is clear 

from the fig. 1 that usage of all influence related keywords are 

rapidly increasing. Although, all keywords usage count are 

less than keyword “social network analysis”. Therefore, these 

statistics indicate the scope of research in the field of social 

influence. Thus, it creates the need to understand the depth of 

social influence measures, which will further lead to 

enrichment in the efficiency and accuracy estimation of social 

influence. This further depends on selection of appropriate 

parameters according to nature of the social network. As per 

our knowledge, there is no study in literature that focuses on 

identification of domain specific parameters and measures in 

the area of social influence. Therefore, selection of suitable 

set of parameters and measure is an intensifying research 

problem in the field of social influence. 

The main goal of this paper is to elicit various influence 

measures and parameters. In this paper, we also provide a 

simplified three level view of these measures.  With this in 

mind, we pointed out the inclination and concept of existing 

influence measures. We also categorized the influence 

parameters in three categories i.e. Type 1, Type 2 and Type 3. 

Type 1 is based on user’s uniform properties, Type 2 is based 

on time dependent user behavior and Type 3 is based on user 

interaction. This can help researchers in the selection of 

appropriate set of parameters to attain the more accurate 

influence analysis by embedding them in different social 

measures. Therefore, this work is planned to provide the road 

map for researchers and practitioners who are going to 

develop new models in this domain i.e. social influence. Our 

work also will be adjuvant for developers who wish to utilize 

current obtainable models on particular network applications, 

as we show a domain specific user’s characteristic-wise 

parameter categorization of parameters w.r.t social influence. 

The rest of this paper is organized as follows: In Section 2, we 

present various measures used to detect influence in social 

networks. Then the categorization of the influence parameters 

is given in Section 3. Next, we present the literature analysis 

with respect to influence measures and type of parameters in 

Section 4 and Section 5. In the last section, we summarize the 

key findings of the survey work and point out some open 

questions. 

II. SOCIAL INFLUENCE ASSOCIATED 

TERMINOLOGY 

A social network can be presented as a graph G = {V,E}, 

where V is the set of all users (nodes), and E is the set of edges. 

The relationship between the two users is represented by 

links/edges. These links correspond to social relationships. A 

user can be influenced by another user/edge in two ways: 

Locally or globally [1]. In local influence, user A gets 

influenced by some other user B through the properties of 

their relationship i.e. a direct edge between user A and user B. 

Whereas global influence is the effect on user A by some 

other user C through user C’s properties. In this respect, we 

present the various social network measures and their 

level-wise categorization. 

A. Social Influence Measures 

In the literature, many studies have been carried out using 

social theories [50] to estimate the social influence. Each 

theory [55] estimates the social influence using different 

measures and parameters of social network with respect to 

diverse application domains. Therefore, there are various 

measures present in the literature to estimate the social 

influence [82] that is useful for various other applications as 

well such as shortest path [72]. We have extended the 

categorization [1] of these measures in three levels: local 

level, global level and network level as shown in fig 2.  

 

Fig. 2. Level-wise categorization of Social 

influence measures 

2.1. Social influence measures 

In the literature, many studies have been carried out using 

social theories [50] to estimate the social influence. Each 

theory [55] estimates the social influence using different 

measures and parameters of social network with respect to 

diverse application domains. Therefore, there are various 

measures present in the literature to estimate the social 

influence [82]. We have extended the categorization [1] of 

these measures in three 

levels: local level, global 

level and network level as 

shown in fig 2. 
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Local view concerns with the position and value of the edge 

in the network. It tells how powerfully and strongly any 

user-pair provides their contribution to the network i.e. how 

probable this connection is to capture information, how 

trouble-free it is for a user-pair to manage and control the 

information. Various measures used at local level are as 

follow: 

 Tie strength: Estimation of the overlapping 

neighbourhood between user A and user B is 

considered as the tie strength of the user-pair AB. 

Based on the tie strength value, it is further classified 

into two categories: weak ties and strong ties. If the 

common neighbourhood of user A and user B is 

small then the connection present between the 

user-pair AB is known as weak ties. If the common 

neighbourhood of user A and user B is big then the 

interpersonal connection present between the 

user-pair AB is considered as strong ties. However, 

removal of this user-pair does not divide the network 

into disconnected components.  

 Bridge: Bridge is an edge in the network, which plays 

a significant role as an only mediator or connector 

for two users or components of the network to 

exchange the information between them. As a result, 

non-existence of this edge will divide the network 

into more than one connected components.  

 Diameter: The diameter is the longest shortest path 

distance i.e. minimum number of intermediate users 

present between any user-pair of the network. 

 Edge betweenness: Edge betweenness measures the 

centrality or power of an edge in the network. It 

computes and identifies which edges are the most 

central to the network. The edges with high 

betweenness hold the maximum information and 

become more influential. 

Global view concerns with the position of the user in the 

network. It indicates how powerfully and strongly any user 

provides their contribution to the network [73] i.e. how 

probable any user is to capture information, how trouble-free 

it is for a user to manage and control the information, etc. 

 Degree: Degree is a method of measuring user’s 

activity i.e. how active is a user in the network. It is 

further classified into three categories i.e. In-degree, 

Out-degree and Total-degree. In-degree is the count 

of all edges that are pointing towards the user. 

Out-degree is the count of all edges that point 

outward from the user and Total-degree is the count 

of all edges incident (connected to) on a user. 

 Closeness: Closeness is a method to identify user 

efficiency. It is a measurement of how a user is close 

to every other user in the network. 

 Node betweenness: Node betweenness is a method to 

calculate the controlling power of a user. 

Betweenness calculate by the count of how many 

shortest paths between every pair of users go through 

the subjected user. 

 Betweenness centrality: Betweenness centrality is the 

measure of how much control a user can employ 

centrally [28]. Users with high betweenness may 

have appreciable influence within a network by 

virtue of their control over data sharing between 

users through the subjected user. 

 Stress centrality: The stress centrality of a user is the 

total number of shortest paths traversing through that 

particular user in the network without multiple 

edges. If a user traverses by the large number of 

shortest paths then it is considered as the highly 

stressed user. 

 Structural hole: Structural hole is a user in the 

network, which plays an important role as an only 

mediator or connector for two users or components 

of the network to exchange the information between 

them. As a result, absence of such user split the 

network into two or more than two components. 

Therefore, this measure has an important place in the 

field of social influence. 

 Degree centrality: Degree centrality of a user 

represents the ratio of the number of edges passing 

through the user and the total number of users 

present in the network. 

 Eccentricity: The maximum distance user A has with 

respect to any other user B of the network measures 

as the eccentricity of user A. 

Network level measures represent the overall composition 

of the network. They indicate the united effect of all users & 

edges and provide the information about how the 

network/structural properties are likely to capture 

information. 

 Network size: Network size is the count of total 

number of users or the count of total number of 

edges in the network.  

 Components: Every network is not necessarily fully 

connected. If a network is not completely connected, 

then it divides into a bunch of connected “pieces” or 

cluster of users connected to each other but not with 

the rest of the network. If we have multiple 

components in a network, clustering can be used to 

extract all the components of the network. 

 Density: Density is the ratio of the count of edges with 

respect to the total number of possible edges in the 

network. 

 Central point: If eccentricity of a user is equivalent to 

the radius of the network i.e. minimum eccentricity 

from all the vertices of the network, then it is 

considered as the central point of the graph. 

 Average path length: Computation of the 

effectiveness of the information transfer within 

network is average path length i.e. ratio of sum of all 

user-pair’s shortest distance with respect to count of 

total number of user-pair in the network. 
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III. INFLUENCE PARAMETERS IN SOCIAL 

NETWORK 

Numerous applications have been fabricated using the 

hidden details of social influence among people, such as 

marketing, prediction, recommendations etc. For this, many 

studies and theories have been projecting to measure the 

impact of the social influence over a large variety of datasets 

using various parameters of network. However, there is no 

extensive attempt available in the literature that focuses on 

dataset/domain specific social influence analysis with respect 

to diversity of parameters. Different social influence 

algorithms utilize diverse set of parameter. However, not all 

dataset contains all type of parameters. This creates the scope 

of research to perform the dataset/domain or user’s specific 

parameter categorization [55]. Therefore, we need a 

framework to segregate variety of parameters available based 

on datasets specific user characteristics. In this respect, we 

categorized the parameters in the three parts: Type 1, Type 2 

and Type 3 as shown in fig 3. 

 

Fig. 3. Social influence parameter categories 

A.  Type 1 Parameters 

In the network, every edge between user-pair AB is 

assigned with some uniform properties to the user-pair AB as 

well as to the edge itself. This is the first parameter category 

i.e. Type 1 which is based on uniform properties of users and 

edges. These uniform properties based Type 1 parameters of 

an individual user-pair are accountable to create or update 

relationship between other user-pairs of the network. Like, 

creation of an edge between two persons whose opinions are 

of the same mind (is known as process of selection) or 

alteration in the opinion of a person to have the same opinion 

with one of their neighbors (is known as process of influence). 

For example, two LinkedIn users have some similar profile 

information i.e. school, college or company details. Based on 

this type of parametric information we can infer the influential 

behavior of these users with respect to each other. Every user 

v at time t has an n-dimensional vector v(t), where the i
th

 

coordinate of v(t) describes the i
th

 parameter value of the user 

v. Digg, Flixster [13], Twitter dataset [14], [15], [17], [40], 

[54], Homogeneous network -> coauthor network [2], [9], 

[14], Linkedin [3], Flickr, Gowalla, Weibo [9], Team 

fortress2 game, Infectious exhibition [14], Facebook [3], 

[11], [19], Microsoft Web search engine [8], Messenger 

Instant messaging network [8], Paper citation n/w, 

film-director-actor-writer n/w [2], Social news aggregation 

Web-site [10], Email, PGP, Blog Dataset [19], DBLP 

bibliography data [12], Amazon product co-purchasing 

network [12],  Opinion network e.g. election data [5], social 

network VK4 [43], Argus smart-phone app by Azumio 

tracking dataset [46], Dutch mobile telecommunications 

operator dataset [56], SNARE Dataset [68], Pew Research 

Center’s Internet and American Life Project [24], School 

year-group networks in our study [38] are some datasets that 

have type 1 parameters. Table I shows the Type 1 parameters 

with respect to some datasets. 

B. Type 2 Parameters  

Type 2 parameters are those parameters which are based on 

changes in the social activity i.e. user behavior. These 

parameters are time dependent. Therefore, Type 2 parameters 

are observed from user’s historical action log investigation 

i.e. how social events progress in the perspective of the 

network with respect to time. For example, two author who 

are co-author of the same paper have performed some actions 

i.e. total count of new links in the latest three time stamps, 

Time stamp information of each interaction of co-authored 

papers, count of groups author join in latest three time stamp 

etc. Using such action information, we can infer that if one 

author changes their research area than there will be high 

probability of change in research area by their peer co-author. 

These time-varying parameters supply the great estimation of 

social influence. Flicker [4], [6], [9], Twitter [6], [14], [15], 

[16], [17], [59], Wikipedia [7], Messenger Instant messaging 

n/w [8], Co-Author [9], [14], Dutch mobile 

telecommunications operator dataset [56], Gowalla, Weibo 

[9], Team fortress2 game, Infectious exhibition [14], 

Arnetminer [6], Digg, Flixster [13] are some datasets that 

have type 2 parameters. Table II gives the details of Type 2 

parameters with respect to some datasets. 

C.  Type 3 Parameters 

In addition to the Type 1 and Type 2 parameters, influence 

can be also enlightening by the interactions between users. 

Therefore, Type 3 parameters are based on the user 

interactions. Typically, on-line communities hold auxiliary 

interaction information about users. For example, a twitter 

user has a Wall page, where his/her contacts can discuss 

certain topics using tweets and re-tweets. Based on these 

tweets and re-tweets on the user’s Wall, it can deduce which 

contacts are close friends and which are contacts only. On 

whole, we can also use follower and following information of 

a user on Twitter to figure out the intensity of a connection 

and influence power of the user in the network.  

Wikipedia, Live Journal [7], LinkedIn [3], [18], Facebook 

[3], [18], Twitter [6], [16], [18], [59], DBLP bibliography 

data [12], [30], Amazon product co-purchasing n/w [12], 

Flickr [6] [18], Arnetminer [6] are some example datasets 

with respect to type 3 parameters. Table III shows examples 

of the Type 3 parameter.   
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Table I. List of Type 1 parameters based on uniform property 

 

Name of Datasets Parameter List 

Twitter dataset 

[14][15][17][40] [54] 

User 

propagation 

weight 

Content 

interestingness 
Decay factor 

Numbe

r of 

friends 

User 

propagation 

rate 

Semantics of 

the relationship 

Length of 

shortest path b/w  

users 

No. of 

direct/indirect 

paths 

connecting two 

nodes 

Numbe

r of 

mentions 

 

Number of 

re-tweets 

 

Number of 

tweets per 

unique user for 

different topics 

Avg Tweet rate 

 

Percentages 

of urls in tweets 

for different 

topics 

Quantit

y of 

a user’s 

followers 

 

Number of 

tweets 

Linkedin[3] 

Same school Same company 

Same 

geographical 

region 

Same 

industry 

Same job 

title 

Logarithm of 

normalized 

counts of 

common groups 

b/w user i&j 

Logarithm of 

normalized count of 

common 

connections b/w 

users 

Same 

function area 
- - 

Flickr, Gowalla, 

Weibo [9] 

Whether 

node v is an 

opinion leader 

or not 

Count of new 

links in the latest 

three time stamps 

Node v is a 

structural hole 

spanner or not 

No. of 

groups 

user 

joined 

No of 

friend 

No. of groups 

joined in recent 

3 time stamp 

No. of common 

neighbor between 

two users 

Tie b/w two 

users strong or 

weak 

- - 

Facebook [3][11] 

[19] 

Relationship 

status 

Logarithm of 

normalized counts 

of common groups 

user i &j joined 

Logarithm of 

normalized 

counts of 

common friends 

b/w user i&j 

Gender

s-> male, 

female 

Age range 

School year-group 

networks [38] 

 

Same class 
Same 

neighborhood(SES) 

Same 

elementary 

school 

Same 

sex 

academic 

achievement 

(GPA) 

AlterSES, 

GPA, Female, 

Minority 

Similarity SES, 

GPA, Female, 

Minority 

Ego of SES, 

GPA, Female, 

Minority 

- - 

 

Table II. List of Type 2 parameters based on time dependent user behavior 

 

Name of 

Dataset 
Parameter List 

Flicker 

[4][6][9] 

Time when social tie 

created between user x 

and user z 

Time when action 

A performed by user 

i. 

Whether a user 

includes a photo to 

his favourite list 

Count of new 

links in the latest 

three time stamps 

Twitter[6][1

4][15][16][17][

59] 

Time t when a user 

talks about the matter 

"X” on his micro blogs 

(tweets). 

Time when 

declared friendship 

was recorded 

Time stamp 

information of each 

tweet 

Time-stamp of a 

message 
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No of groups user 

join in latest three time 

stamp 

Retweet 

percentages for 

critical time stamp 

Url based tweet 

percentages for 

critical time stamp 

User’s opinion 

at time t 

Wikipedia[7] 

A user’s action 

vector v(t) to specify 

the total no. of times 

that he or she has 

updated every article 

up to that point in time 

Time stamp of 1st 

assembly for two 

users x & y as the 

time instance at 

which one of them 

first makes a post on 

the user discussion 

page of the other 

Time of 

updating the 

discussion page  by 

editor allied with a 

particular user 

Time when user 

talk to a random 

person 

Co-Author[9

][14] 

Count of new links 

in the latest three time 

stamps 

No. of groups user 

join in recent three 

time stamp 

Time when the 

declared friendship 

was recorded b/w 

authors 

Timestamp 

information of each 

interaction of 

co-authored papers 

 

Table III. List of Type 3 parameters based on user interaction 

 

Name of Dataset Parameter List 

Wikipedia, Live 

Journal [7] 

Editing articles by an editor 

Updating the 

discussion page 

related with a 

specific user 

Pairs of 

editors who have 

communicated 

with one another 

Sample 

from user’s 

own history 

Sample 

from a 

neighbour’s 

history 

Talk to a random person 

Talk to 

someone based on 

a common activity 

Sample from 

the world’s 

history 

Start a 

new activity 
- 

LinkedIn [3][18] 

User j included in user i's 

online LinkedIn address book 

Written a 

recommendation 

for user j by user i 

User i viewed 

user j's profile 

Establishe

d a 

connection 

between 

users 

Profession

al 

connections 

in LinkedIn 

Contents are re-shared by users 
Users comment 

on these contents 
- - - 

Facebook [3][18] 
User i has posted something on 

user j's wall 

User i tagged 

user j in a picture 

“friending” 

connections in 

Facebook 

- - 

Twitter[6][16][18][

59] 

User talks the matter “X” on 

his microblogs (tweets) 

“following” 

connections in a 

Twitter 

Distribution 

of user activity 

across the day 

Opinion 

sequence on 

a specific 

topic 

- 

 

IV. ANALYSIS OF RESULTS 

Meticulous study was act upon in order to obtain the depth 

understanding of the field i.e. social influence. We have 

studied 80 papers in the field of social influence. Based on the 

intensive study we categorized the parameters in three types 

and conducted the type dominance analysis on these three 

types of parameters.   Fig. 4(a) shows research work 

contribution analysis of parameter types in the field of social 

influence. It can be inferred from the figure 4(a) that Type 1 

are majorly used parameters in the past studies. It also shows 

lesser amount of research has been done using other 

parameter types i.e. Type 2, Type 3 and using the combination 

of different parameter types. 

 
Fig. 4. (a) Research Work dominance ratio of 

Parameter types (b) Dataset distribution for parameter 

types 

Therefore, this analysis provides scope of research in the 

domain of social influence to discover a number of new 

outcomes using different type of parameters.  
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Similarly, fig 4(b) shows the dataset distribution with 

respect to different type of parameters. It shows which type of 

parameter is commonly obtainable in different datasets. Type 

3 parameters are rare parameters. Approximately 85% of 

dataset contains Type 1 parameter and nearly 50% dataset 

have user action specific parameters. 

Therefore, analysis shows that small amount of research 

has been using Type 2 and Type 3 parameters i.e. time 

dependent user behavior and user interaction respectively. 

These parameters have strong potential to analyze influence 

such as, user interaction activities i.e. “following” connection 

in a Twitter for user j by user i and time dependent user 

behaviour i.e. time t when a user i discussed the topic "X” on 

his micro blogs (tweets) are the significant information for 

influence analysis. This type of information plays an 

important role in influence analysis, which has not received 

enough attention so far. Results indicates that contribution 

ratio of parameters other than Type 1 is very low whereas 

some datasets may only contribute for social influence 

through Type 2 and Type 3 only. Therefore, this provides 

scope of study to researchers and practitioners who intend to 

develop new models in the area of social influence by using 

various types of parameters and measures. 

In this work, we analyzed the impact of different 

parameters with respect to three different social networks i.e. 

Facebook, Twitter and LinkedIn the field of diffusion. The 

description of dataset and parameters is given in the table I, 

II,III and IV. 

 

Table IV. Description of dataset 

Name of Dataset No. of Nodes No. of Edges 

Facebook 4039 88234 

Twitter 8130 176814 

LinkedIn 6208 63286 

 

Diffusion is the process to quantify that how much 

information can be propagated through k number of seed 

nodes. In this work, we analyze the impact of parameter in 

diffusion models using seed node values k ranging from 10 to 

200.  

For this, we used the Independent cascade model [81] as 

diffusion model and identified the impact of all three type of 

parameters over the three different datasets i.e. Facebook, 

Twitter and LinkedIn as shown in figure 5, figure 6 and figure 

7 respectively. Percentage accuracy is the evaluative 

parameter used in this work for performance analysis of all 

three types of parameters over three datasets. Percentage 

accuracy is calculated as follow: 

Accuracy (in percentage) = ((RE – Ro) / RE) * 100 

Where, RE is the expected propagation in the network and 

Ro is the obtained propagation in the network. Therefore, we 

analyzed that up to how much extend parameters contribute in 

achieving desired outputs. 

 
Fig. 5. Performance evaluation of parameters on 

Facebook dataset 

Figure 5 illustrates the impact of parameters over the 

Facebook dataset. It can be depicted through the figure that 

type 3 performed better that type 2 and type 1. Nature of the 

facebook network is more interaction based like commenting 

on post, writing on friend’s wall etc. Whereas, twitter is the 

social network where people can express their thoughts and 

views in the form of tweets and followers can read or re-tweet 

on that. Therefore, in twitter dataset type 2 performed well i.e. 

time dependent user behavior. 

 
Fig. 6. Performance evaluation of parameters on Twitter 

dataset 

 
Fig. 7. Performance evaluation of parameters on 

LinkedIn dataset 

Similarly, linkedIn illustrated different result as it 

performed better with respect to type 1 i.e. user based uniform 

properties. LinkedIn is the professional platform where 

people can share information with each other. Therefore, in 

this dataset performance of uniform properties performed 

well such as job location, company name, current company 

name etc. Therefore, the estimation of information 

propagation is more appropriate using profile similarities 

information. Overall, through experimental results we 

explored that performance of diffusion model is dependent on 

the type of the dataset. Therefore, selection of appropriate 

parameter set according to nature of the dataset is an 

important aspect in area of social influence.  
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Exhaustive study performed in order to discover the 

relation between the types of parameters and the influence 

measures. Table V, shows component summary of the various 

models i.e. which parameters have been used and which 

measures have been applied for the influence analysis. 

 

 

Table V. List of Various Models used in social influence analysis 

Approach/Model 

Influence Measures Used in Influence Analysis Type of parameter 

Used in Influence 

Analysis Local Global Network 

Link prediction based on the 

matrix alignment [21] 

Diameter, Tie 

Strength 

Degree, Closeness, Node 

Betweenness 
- Type 1 

An incremental and practical 

classification 

method using Bayesian 

framework[20] 

- Degree, Degree Centrality 
Network Size, Density, 

Central Point 
Type 1 & Type 2 

Influence Rank[22] - Degree, Closeness Central Point Type 1 

Bipartite Markov Random 

Field[23] 
- 

Degree, Node Betweenness, Stress 

Centrality 

Network Size, 

Components, Average 

Path Length 

Type 2 

Social dimension based approach 

with sparse social dimensions[25] 

Tie Strength, 

Diameter, Edge 

Betweenness 

Degree Components Type 1 

Quasi-social networks 

extraction[27] 
- 

Degree, Node Betweenness, Stress 

Centrality, Closeness 
- Type 1 

Regression model[29] - 
Eccentricity, Betweenness 

Centrality 
- Type 1 

Approximation algorithm based on 

greedy strategy[30] 
Tie Strength Degree - Type 1 & Type 3 

Frequent pattern mining 

approach[31] 
- Degree, Betweenness Centrality - Type 2 

Longitudinal social network 

analysis[32] 
Tie Strength Degree Components Type 1 

Longitudinal statistical models[35] Tie Strength Degree, Node Betweenness Components Type 1 

Linear Regression[36] Tie Strength Degree, Node Betweenness - Type 1 

Network Traffic Routing 

Models[42] 
- 

Betweenness Centrality, 

Eccentricity 

Components, Central 

Point, Average Path 

Length 

- 

Hierarchical Linear Regression 

[49] 
- Closeness, Node Betweenness - Type 1 

Constant Time Optimization 

Approach [52] 
- Degree, Structural Hole 

Components, Central 

Point 
- 

Randomizes Experiments[53] Tie Strength 
Degree, Node Betweenness, Stress 

Centrality 
- Type1 & Type 3 

National Statistics Socio- economic 

Classification (NS-SEC)[58] 
- 

Closeness, Node Betweenness, 

Stress Centrality, Betweenness 

Centrality, Eccentricity 

- Type1 & Type 3 

HEALER & DOSIM[60] Tie Strength Degree - Type 2 

Influential 

Checkpoints (IC) framework[62] 
- Degree 

Network Size, Central 

Point, Density 
Type 2 &Type 3 

Dynamic Independent Cascade 

model [63] 
- 

Degree, Closeness, Node 

Betweenness 
- Type 1 

Stochastic Dynamic Programming 

using Lawrence Degree Heuristic 

and Adaptive Hill- Climbing [64] 

Edge Betweenness Degree, Eccentricity 
Network Size, 

Components 
- 

Competitive independent cascade 

(CIC) model[66] 
- 

Degree, Stress Centrality, 

Betweenness Centrality, Degree 

Centrality 

- Type 1 

Novel Multidimensional 

Models[71] 

Tie Strength, 

Bridge, Diameter 
Degree, Node Betweenness Average Path Length - 

Model of strategic formation of 

influence networks with two 

strategic agents [74] 

Tie strength 
Degree, Node Betweenness, Stress 

Centrality 
Components Type 1 

A stochastic multi-agent model for 

opinion dynamics[75] 

Tie strength, 

Diameter, Edge 

Betweenness 

Degree, Closeness, Node 

Betweenness, Eceentricity 
- Type 2 

 

These results further establish that most of the existing 

models have also been developed either using Type 1 

parameters or in reference to Type 1 parameters. The reason 

may also be the ease of availability of type 1 parameter in 

datasets.  There is no model, 

which utilizes only Type 3 

parameters for measuring the 

social influence. Models use 



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 

ISSN: 2278-3075, Volume-8 Issue-8, June 2019 

2568 

 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  Retrieval Number: H7075068819/19©BEIESP 

Type 3 parameters either along with Type 1 or Type 2 

parameters. It’s a very unexpected observation as the social 

networks exist because of user interactions and current social 

influence models barely use such parameters for measuring 

the social influence. Since social web has huge collection of 

interaction data, there is lot of scope to develop the models for 

measuring the social influence using user interaction 

parameters. 

V.  RELATED WORK 

Social networks are being use by millions of persons who 

share millions of posts and messages on various topics. The 

information shared by these social networks provides 

valuable information in order to foretell or discover actions 

and events in the real world. In order to predict and 

understand the diffusion behavior in detail, it is essential to 

discover and measure the spread of the information. 

Therefore, numerous varieties of methods [79] and 

computational models [37] have been proposed and several 

researchers have attempted to determine parameters occupied 

in the influence analysis. Like, Sancheng et al. [61] presented 

a study of social influence analysis and the characteristics of 

the social influence. They also described the structural design 

of social influence analysis from the perspective of big data. 

Lee et al. [82] performed a comparitive study on 512 

undergraduate students to analyse the similarities and 

dissimilarities between the user’s traits and technological 

habits. Mariam Adedoyin-Olowe et al. [69] discussed the 

various data mining, which can be applied for social influence 

analysis rather than data pre-processing, data analysis and 

data interpretation processes only. From the past studies, we 

scrutinize that researchers used a variety of parameters based 

on various datasets in social networks to predict or discover 

actions in the real world. For example, Stark et al. [38] 

explored relation and their impact among self-identified 

ethnic minority and majority scholars through longitudinal 

social network analysis (stochastic actor-oriented models) 

with the data of 1175 scholars (aged 13). Through their 

experiment, they depict that those scholars who are good in 

studies strongly willing for friends with high grades. 

However, those scholars with lower grades show extra social 

influence on their friends to regulate their grades and do well 

in studies. Similarly, Cascio et al. [51] described through 

experiments that Socioeconomic status (SES) is one key 

cultural aspect that influences susceptibility to social cues, 

with those from lower SES backgrounds tending toward 

greater interdependence and those from higher SES 

backgrounds tending toward greater independence. Albi et al. 

[39] surveyed various latest improvements in the statistical 

modeling of opinion-based applications. Author used partial 

differential equations of kinetic type in interacting 

multi-agent systems to model the solutions for opinion-based 

applications. They also discussed the optimal management of 

opinion formation in the network and influence impacts of 

added social aspects i.e. confidence and count of links in 

social networks. Paul et al. [34] discovered the usefulness of 

social influence concept in the field of virtual world. In their 

study, they investigated the foot-in-the-door effect and 

door-in-the-face effect in the virtual world. In addition, a 

number of researchers are applying their knowledge towards 

the maximization of influence [52], [62], [63], [70]. As 

Influence maximization is a critical research topic intended to 

signify the status of a social network. Tsai et al. [41] intended 

their research towards the Influence maximization, which is 

one of the significant research subjects in present situation of 

the social networks. They proposed an algorithm to discover a 

seed node set, which will have a highest influence towards a 

propagation model. Through their experimental outcomes, 

they showed that the proposed algorithm gives improved 

outcomes than simple Genetic Algorithm. Likewise, 

Loewenstein et al. [44] surveyed the role of surprise in social 

influence. Surprising people can provide an opportunity to 

influence them i.e. surprise not only impact individually on 

beliefs and attitudes but also put impact on the content of 

culture. One such recipe discussed in their work i.e. the 

repetition-break plot structure, to explore the psychological 

and social possibilities of examining surprise. Andrighetto et 

al. [45] the author explored whether self-objectification 

triggered by doing peculiar work actions would raise people’s 

conforming behavior or not. Author depicted the future work 

in the field of social influence in their paper i.e. which features 

of a node or the network are more relevant in attaining high 

influence impact on other nodes in the network. Soryani et al. 

[76] attempted to analyse several accomplished research on 

data and records of Social Networks. In their analysis, they 

categorized the social network information domain in 

seventeen research subtopics or subareas. Althoff et al. [46] 

author presented numerous usual experiments and 

observational studies regarding how an online social network 

parameter influence offline and online user actions by a big 

activity tracking dataset. Fan et al. [47] presents a system to 

determine influence behavior i.e. OCTOPUS, which 

discovers important insights using topic-aware social 

influence analysis services. OCTOPUS has some unique 

features i.e. keyword-based influential user discovery, 

personalized influential keywords suggestion and interactive 

influential path exploration.  

Similarly, Vaswani et al. [48] author proposed a pair 

wise-influence semi-bandit feedback model and develop a 

LinUCB-based bandit algorithm. This algorithm not only 

makes their structure agnostic to the fundamental diffusion 

model, but also statistically capable to learn from data. Yao et 

al. [57] contributed towards influence analysis by reducing 

the spread of a present unwanted item by restricting a number 

of nodes from participating in a network from a topic 

modeling perspective. Therefore, various studies and 

experiments have been done in the past to discover the various 

causes, impact and spread behavior of social influence. 

VI. CONCLUSION 

Social network is an essential characteristic for numerous 

of today’s computing applications. Countless prospering 

internet sites as well as applications utilize social networking 

attributes to attract their clients. They encourage their clients 

to act together through social network like post 

news/information,  
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discuss or extend their thoughts through influence. 

Researchers from various application domains are trying to 

estimate the social influence power efficiently. As a result, 

effective and efficient social influence analysis is the 

necessity of social network. In this paper, we focused on the 

conceptual categorization of the measures for influence 

analysis and categorized the types of parameter with respect 

to various social networks. These parameters used by variety 

of techniques and algorithms for social influence estimation. 

Through our study, it is inferred that social influence analysis 

is not possible using same set of parameters for all type of 

datasets. Therefore, selection of suitable set of parameters for 

influence analysis plays an important role in the field of social 

networks, as parameters are dataset/application dependant. 

Along with this parametric selection problem, appropriate 

measure selection also plays a significant role in social 

network influence analysis.  

Therefore, this generates various open questions in the field 

of social influence: are we using the right measures to 

estimate the influence? Is appropriate parameter selection a 

dataset/application based process or not?  Do we have 

common or unique set of parameter and measures for 

influence analysis w.r.t. every dataset and application 

domain? As a result, this work exposed the various open 

research gaps in social influence analysis. Therefore, in the 

future this crucial and provocative research can be useful in 

discovery of efficient and quantifiable social influence 

methods and models to enable various applications more 

effective. 
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