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ABSTRACT

Social influence is an essential aspect of human social interaction.
Influence propagation modeling has been extensively studied and
applied in various research fields, such as the maximization of prod-
uct adoption, the spread of infectious diseases, etc. The primary
sources of information in any social network are the influential
nodes that propagate this information further. Our study gives a
method to identify the strong influencers in a network and dynam-
ically predict the links/interactions made by them during informa-
tion propagation. Previously, many efforts have been made to solve
the link prediction problem in social networks such as the Adamic
Adar index, based on the degree of common connecting neighbors;
however, they disregard the fact that social networks can be dy-
namic over time—any network dataset collected by a snapshot at a
particular instant of time may be incomplete and not reflect all the
previous links formed. This may in turn result in false predictions.
Our approach considers the current dynamics of the social network
where information propagated by an agent leads to the prediction
of new links with other nodes. Taking opinion propagation as an
essential feature, we test our algorithm on Stanford’s Facebook
network dataset and compare the results with the previous Adamic
Adar index. The results obtained cover all the links predicted by
Adamic Adar, as well as some new links formed dynamically. This is
indicative that considering dynamic link formation is more efficient
and helps address the problem of the incompleteness of network
datasets reflecting the state at a time instant.
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1 INTRODUCTION

A social network is a social structure and network representation of
virtual community i.e. a set of social agents and a set of ties between
these agents. A social network is mostly visualized as a graph where
the nodes represent agents (individuals, organization, etc.) and the
edges (i.e. links) correspond to ties/interactions/relationships be-
tween these agents such as friendship, authority, cooperativeness,
collaboration, etc. With the boost in the internet community, com-
munication, and cooperation between people becoming more con-
venient, a tremendous amount of data is generated and stored in
the form of social networks with the characteristics of every agent
in the social network. Applying analytic techniques to social media
data supports better decision making progress. However, the prob-
lem faced with the data collected is that social networks are highly
dynamic that might lead the miscalculation in the decision making

Shrisha Rao
III'T-Bangalore
Bangalore
shrao@ieee.org

progress. The decision making progress consists of an individual’s
decision making based on the information received by it from other
surrounding nodes. The links and ties of individuals pass some
information to the nodes which after being properly summarised
the individual decides that information whether it’s true or false
and which further leads to the passing of that information to other
nodes. Also based on the community of the nodes, the individual
receives a similar type of information from surrounding leading to
change in its decision over that particular community. That decision
making can lead to the clustering of nodes and making it join the
particular community. Therefore, predicting the future links or ties
between these agents in current social networks is not only very
important but also useful for the decision-making process. This
problem is commonly known as link prediction.

Being one of the link mining and analyzing tasks, link prediction
has many important applications[30]. Firstly, it can be applied to
recommender systems in information retrieval and e-commerce,
which can help people to find new friends and potential collabo-
rators [23, 49], provide interesting items in online shopping [10],
recommend patent partners in enterprise social networks and cross-
domain partners [42], find experts or co-authors in academic social
networks [34, 48], and predict cell phone contacts in large scale
communication network. Secondly, it also can be used to infer the
complete networks based on partially observed networks [31, 35],
understand the evolution of networks better [1, 7, 27] and predict
hyper-links in heterogeneous social networks [51]. Finally, the link
prediction techniques can also be applied in bioinformatics and
biology, for instance, in health care and gene expression networks
[3], predicting specialists who are more likely to receive future
referrals and finding protein-protein interactions. Even in other do-
mains like security connected domain, it is often used to determine
abnormal communications [21].

The communication between the agents is here proposed based
on opinion propagation in a social network. These interactions
among the users in social networks form the primary influence-
diffusion pathway [37]. Influence propagation modeling has been
extensively studied and widely applied in many research fields,
such as the maximization of product adoption, the contagion of
computer viruses, the spread of infectious diseases. The interactions
can be regarded as a process of influence and opinions adaptation.
These influence propagation can be further utilized in providing
better decision making in the link prediction in the network. To
explain the influence - diffusion pathway, the principle of influence
propagation suggests that the more that people interact with each
other, the more similar they become [11].

Among all nodes in a given graph model, it is important and
interesting to discover nodes that can affect the behavior of their



neighbors and, in turn, all other nodes in a stronger way than the
remaining nodes. We call such nodes influential nodes or strong
attractors. The primary source of information in any social network
is strong influencers with the maximum number of interactions.
The characteristics of different social networks can also be identified
by looking at the characteristics of strong agents. Strong agents are
the agents which facilitate the addition of new members into the
social network. These new members will follow the same ideals
and share a common opinion of the strong agents. Also, it controls
the propagation of most of the information in the social network.
These strong agents are based on quantifying the contribution of
this agent to increase the size of the network by attracting new
active members of the specific sub-community. The more a certain
agent attracts new agents, the more that agent is important to the
network i.e. the performance of our influencer measure is based
on the information diffusion measure. So, we need to study their
behavior and other parameters that will maximize their influence
in the network.

In the past decade, many efforts have been made to solve the
link prediction problem in social networks [4]. There are many link
prediction algorithms and conclusions derived based on the degree
measure of the common connecting neighbors, resource allocation
of the agent, community detection of the nodes in the social net-
work, learning-based approach over the past activity of nodes, and
so on [24]. But there are several shortcomings in these approaches.
One of which is that the common connecting neighbor’s derivation
discards the fact that the social network is not stable and dynamic
over some time. Another learning-based approach depends upon
the previous activity of the network and any anomaly can lead to
false predictions of links. Also, these conclusions and derivations
neglect the fact that information propagation is one of the key
aspects in the activation of a particular agent towards other agents
and the prediction of a future link between those two. Information
propagation is of great importance in the social network as it con-
trols the ties between the agents and their characteristics. It can
also be termed as influence propagation because it also influences
a set of agents in the network.

In our dynamic algorithm towards the link prediction problem,
we used the concept of predicting link based on the influence gained
by a particular agent because of the propagation of certain infor-
mation created by another agent of the same network such that
it creates a possibility of link in between both agents leading to
a dynamic link prediction system. The method for this approach
consists of a threshold for the amount of information gained by
an agent to form a link. This approach solves the shortcomings of
previous algorithms by taking care of the information propagation
as an important feature in link prediction. Also, it does not depend
on the previously collected behavior of the network for predicting
the link which can lead to false results for a minor anomaly in the
collected data. Our approach depends on the current dynamics of
the social network where every information produced by the agent
leads to the prediction of his new link with other nodes. For the im-
plementation of this agent-based model, the information has to be
propagated from generating node to the maximum coverage of the
network depending upon the state of other nodes whether they will
forward that information or ignore it. Each information received
by a particular node leads to the activation of the node towards the

generating node. As the information reaches a node, it repeatedly
increases the curiosity of the node, activating it, and link is formed.
The same principle works for propagating the information further.
As a node receives the same information multiple times, it tends
to forward it as it is triggered by the information and forwards it.
These two principles are the base for our approach in a dynamic link
prediction system to be implemented. For practical implementation,
Stanford’s Facebook network dataset has been taken and strong
attractors were chosen as the source of the information. This can
be combined with a real-time network system for better results of
link prediction.

This paper provides a comprehensive view of social influence
propagation and link prediction using decision making with strong
agents. It is organized as follows. In section 1, firstly we identify
these strong influencers in the network that are the primary source
of information. This information needs to be propagated to other
nodes through links present between them. So, weights are assigned
to each edge present between nodes by using the resource allocation
method in section 2. At any instant of time, each agent will be in
either of the three states based on the information collected by it.
In section 3, we categorize all agents in these states using doubt
threshold value which is calculated by the associated weights. These
states tell us if the agent is ready to transmit the information further.
Lastly, a dynamic link formation algorithm is proposed in section
4 taking into account all of the above parameters. This is then
simulated on a social media dataset and the results are verified with
other standard link prediction algorithms. Our results also reveal
the formation of new links over time which solves the problem of
the incompleteness of network dataset collected at any time instant.

2 LITERATURE REVIEW

Agent-based modeling is common in the study of complex net-
works and social networks because of the computation simulation
properties and simulating the action and interaction of nodes in
the network as autonomous agents. Interaction between the nodes
is purely based on the concept of influence propagation[9] path
in a social network. In this literature, the Threshold model [38] is
the fundamental model that says that an agent adopts the opin-
ion or influence if the percentage of agents in the network have
already adopted that opinion. Agents in the ABM are defined based
on their action [44]. These actions further define the simulation
of agent-based modeling. The threshold model has been proved
mathematically in the context of the influence propagation in the
social network.

There are numerous research works on information diffusion
over social networks [17, 47]. For instance, Gruhl et al. [19] studied
and modeled the dynamics of information diffusion on the blog’s
space environment. Yang et al. [22] proposed a model to capture
the attributes of information diffusion which are related to speed,
scale, and range. With spreading of information diffusion models
and their variations, Vallet et al. [43] used graph rewriting to com-
pare the different information diffusion models. There are many
previous works for predicting the link between the new nodes; the
link prediction of new nodes between the agents of the ABM which
are not yet connected but received influence about a particular
node tend to form the link between them. The similarity-based



link prediction algorithms are mostly static in nature and follow
similarity measure calculation, ordering pairs, and ranking them
accordingly. Some of them are the Jaccard coefficient which nor-
malizes the size of the common neighbors and provides higher
rank to those having more number of common neighbors against
the total of their neighbors. It was further improved by Adamic
and Adar for computing similarity between two web pages at first
[2], after which it has been widely used in social networks. An-
other improvement towards this is the cn_soundarajan_hopcroft
score [41] which considers the fact that pairs belonging in the same
community are likely to form links rather than other pairs. But
all these are somehow static in nature and prediction of link for
t+1 period totally depends on the network structure in t-time. The
learning-based approach for the link prediction is based on the
binary classification of node pair which requires a good time span
of network simulation for providing promising results over the
network, while other learning approaches like probabilistic graph
model assign a probability depending upon some criterion. In our
literature, we consider the link prediction based on the fact of in-
fluence propagation. A learning-based approach which is treating
link prediction problem as binary classification task [20].

3 METHODOLOGY

In this section, we propose the agent-based model for social influ-
ence, taking into account the previously received information by
each agent. The paper is organized as follows- Firstly, we identify
the strong influencers in any social network using various standard
algorithms. Secondly, we describe the individual behavior of each
agent, find the weight of each link formed [50] between them, and
finally form new links dynamically in the last section. The proposed
algorithms are later simulated on a social media dataset and the
results obtained are found to be in accordance with the previous
non-dynamic link prediction algorithms.

3.1 Strong attractors identification

An agent is defined as a vertex v in an undirected weighted social
network G = (V,E) where V = (v1,...,0,) denoted the set of agents
and E represent the set of edges.

Our first goal is to find the set of influential nodes which will
be a subset of V. Initially, here we consider the information flow
begins from these strong influencers to reach a maximum level
of saturation in the network. Information diffusion refers to the
spread of abstract ideas or technical information within a social
system, where spreading denotes flow or movement from a sender
to the receiver node, typically via a communication link. This pro-
cess of information flow is discussed further in section 3.3. The
attractiveness value of any node v can be given by using methods
like Betweenness centrality [16], degree centrality, PageRank clus-
tering [15, 39] or eigenvector value. The study of centrality i.e.,
determining the importance of different nodes, edges, and other
structures in a network has widespread applications in the iden-
tification and ranking of important agents (or interactions) in a
network. These applications include ranking sports teams or indi-
vidual athletes, the identification of influential people, and much
more. For these and many other applications, it is important to de-
velop and improve mathematical techniques to extract concise and

intuitive information from large network data. However, despite
the fact that real-world networks change with time, most methods
for centrality (and node rankings that are derived from them) have
been restricted to time-independent networks. For time-dependent
(temporal) networks, one such method is eigenvector based cen-
trality measure. However, Betweenness [5] is useful for analyzing
communication dynamics and finding the individuals who influ-
ence the flow around a system. A high betweenness count could
indicate someone holds authority over or controls collaboration
between, disparate clusters in a network; or indicate they are on
the periphery of both clusters. Betweenness centrality of a node v
is the sum of the fraction of all-pairs shortest paths [6] that pass
through v.

Cato) = Y Tt )
s,teV ’
where V : the set of nodes
o (s,t) : the number of shortest (s,t)-paths
o(s,t|v) : the number of those paths passing through some node
v other than s, t
If s =t, then
o(s,t) =1
ifv € s, t, then
o(s, tlo) =0

The nodes with maximum value of Cg would act as strong at-
tractors in the network. This algorithm has been implemented in
many different libraries and can be used including NetworkX, Boost,
MATLAB, GraphStream etc.

Figure 1: Strong agents in a social network showing nodes as
agents where size of node is proportional to the betweenness
centrality measure

In figure 1, the network consists of a set of different intercon-
nected nodes as agents communicating through various links. On
applying the above Betweenness centrality algorithm to the net-
work, we get the shown segregation and small to big clusters formed



around some nodes. The differently sized nodes have higher de-
grees of betweenness centrality value and so are the most influential
nodes. Also, the centrality measure is directly proportional to the
size of the cluster formed. Thus, we have identified strong influ-
encers in the network. Among the rest agents, some of them may be
more closely related or connected through a particular node than
to others. This happens when that agent shares the same ideals,
approaches, or opinions to that attractor. Thus, is more inclined
towards it and is likely to propagate its information to others. In
the further sections, it is well demonstrated that how this influence
grows among the rest agents through these interconnecting links.

3.2 Edge weights assignment

The weights of the links in any social network depend on various
factors and also it cannot be calculated totally. But in case of opinion
propagation, resource allocation method can help in determining
the edge-weights of the links approximately. Each link present
between any two nodes would have an edge weight assigned to
it.[32] This weight is assigned using the resource allocation method.
It depends upon the number of common neighbours present and
the degree of nodes.. The weight w(i,j) i.e the edge weight between
nodes i and j are given as

1
w(i i) =14 ) T @
where
Ueinj

N(U) is the function of input parameter node(U) which gives
output as the degree of that particular node.

Equation 2 says that if there is only a single path present be-
tween any two nodes i and j, the value of U=0 i.e. There will be
no common node between i and j, assigning weight to the link=1.
Thus, the complete information flows through that single path. In
this approach, it is decided beforehand, that what part of the in-
formation is transferred through a given link. The more the edge
weight, the more reliable it is to transmit. It is similar to the strategy
used by operating systems to allocate resources to user programs.

Algorithm 1 Edge weights assignment

1: for every edge (i, j) in graph G do

2 w(i,j) 1

3: end for

4: foreveryUein jdo

5 w(i,j) « w(i,j)+ ﬁ // analogous to resource alloca-
tion

6: end for

7: return w(i, j)

In the example figure 2, node 1 is the sender node from where the
information flow begins and node 2 is the receiver node. Informa-
tion can reach the receiver node via three paths i.e. directly through
the connecting link, or through neighbor nodes. Initially, assuming
this an unweighted graph G, we implement the above edge weights
assignment algorithm which uses the resource allocation method
between nodes 1 and 2.

1N(U) = 112

wi,2)=1

1/N(U) = 1/4

Figure 2: Example demonstrating assignment of edge
weights between nodes

(1) Path 1 has a common node with degree 2. So we divide 1 by

the degree and assign %

(2) Path 2 has a single connecting link between nodes 1 and 2.

As this is a direct link contributing weight as 1.

(3) Path 3 has a common neighbor, with degree 4. Thus, con-

tributing weight as %.

Thus, after getting all the edge weights, the information is di-
vided between the paths according to it’s weight[12? ]. The receiver
node acquires the complete information after receiving and sum-
ming all it’s connecting paths.

3.3 State of agents

The agents in the social environment are affected by the public
opinion information [8] in many channels, and will have differ-
ent actions based on the propagation effect. The public opinion
information propagation characteristics are firstly analyzed, and
different states of the people in the propagation environment are
proposed. This is similar to the Linear Threshold model [18, 25] of
information propagation where nodes get active in multiple stages.
A node i is influenced by each neighbour j according to the doubt
threshold value D(i,j). The linear threshold model states that a node
can make another node active only when it is in active state. Here
doubt threshold value D(i,j)is given as-

X w(ig)
21wl j)
where x = no. of active neighbour nodes and n = total no. of nodes.

Based on the calculated doubt threshold, an agent will be in
either of the following states at any particular instant of time-

D(, j) 3

Normal :Before the propagation begins, the node which has no infor-
mation and thus, is in inactive state initially. After receiving
some information, the agent then goes to the doubt state.
The value of D(i,j)= 0.

Doubt :In this state, the receiver doubts the information received
and so is not sure whether to propagate it further or not.
This depends on the value of the doubt threshold. If D(i,j) =
(0, S;i], the agent remains in the doubt state. Here, S; is called
the spread threshold.



Spread :People in the spread state shall spread the information to
its neighbours that they can affect, and they become the in-
formation source in the propagation process, thus becoming
fully active. D(i,j) = (S;i,1] for nodes in the spread state.

0 if in normal state
Djj =1(0,S;] ifin doubt state (4)
(Si,1] if in spread state

where S;=Spread threshold

Since the doubt threshold value always lie between [0,1], the
above states can also be classified analogous to Continuous Pris-
oner’s Dilemna used in game theory. [26, 45]

3.4 Dynamic link formation

Social networks[29] are dynamic in nature that may lead to the
formation of new ties or links between the nodes or agents in the
future. Therefore, predicting the new links formed with time is very
important in understanding the network evolution [13]. In the past
decades, many efforts have been made by computer scientists and
economists to solve the link prediction problem in social networks.
However, most of these prediction techniques are static in nature.
These are the similarity based algorithms which take into account
the number of common nodes initially in the network, and predict
future links based on that data. The approach proposed in this
paper is dynamic in nature. It considers the activation of nodes
with time and threshold before predicting and forming new links
in the network. This may solve the problem of dynamic behavior
[36, 40] and incompleteness of the social network dataset up to a
large extent.

Here in the proposed algorithms, each node maintains its prior-
ity heap which contains the description of the sender node i.e. the
node which initially sends the information or opinion and infor-
mation value. The information value is the hypothetical value of
the information that might be used to trigger the receiving node.
Initially, the sender node sends the information and we assume
that information value is one, that propagates in the network by
being multiplied with the edge-weight of the connecting links. It
propagates the information further in the network based on its own
state and threshold value. If the receiver node receives the same
information from multiple paths [14, 28] over time, a link is formed
dynamically between the sender and receiver nodes.

The exact method of information flow is given in Algorithm 2 for
the nodes which change to spread state if the information received
by it is greater than the spread threshold of the network.

send : For each neighbor of the node converted to the spread
state, we send the information by calling the send function
for that node. We assume that any node which is in spread
state will send maximum information to its neighbors i.e.
it will send val = 1 as assigned in line 4. info_id is the
ID of the node whose information is going to be sent. In
our case, the info_id will be the ID of any strong attractor.
Line 5 onwards deal with the case when the strong attractor
may receive information about itself. The input parameters
for send functions are node_id which is going to send the

Algorithm 2 Information Propagation

1: function seND(nodelD,infoID)

2 while eachv € nodeID do

3 inf « edge_wt(v, nodeID)
//info value set to edge weight

4 val «— 1

5: if v # infoID then

//check if sender node is not self node
6 rec(nodelD, v, infoID, inf)
7 end if
8: end while
9: end function

10: function Rec(sendID,recID,infolID,inf,val)
11: if infolID ¢ recID then
//check if node is receiving info for the first time

12: total_wt « 3 edge_wt(u,recID)
) I valxedge_wt(sender,rec)
13: vak < total_wt
//val set to info received
14: bool « false
15: link(th,val, recID, infolID)
16: spread(inf, bool, recID, infolD)

17: else if infoID € recID then

15 val — val + edge_wt(sender,rec)

total_wt
//val updated with new info received along with previous
info
19: inf « inf +inf
20: link(th,val, recID, infoID)
21: spread(inf, bool, recID, infolD)
22: end if

23: end function

information with info_id i.e. the node who has initiated the
information propagation.

rec : Once the information with information value is sent by any
node to its neighbor node, then rec function for that node is
called. The parameters for the rec function are send_ID i.e.
the node who sent information with Info_ID,rec_ID is the
node which is currently receiving the information. info_Val
will be the information value received by the function. In
lines 11-16, we take the case when the node is receiving in-
formation for the first time. The weights are calculated using
the resource allocation method described in Algorithm 1.
The val is set by diving it with total weight of it’s surround-
ing nodes because according to Linear Cascade model [33],
the probability of a node to be activated by another node
depends upon the edge weight of the connecting node. We
set a boolean variable bool to false which is used to check if
the node has already sent the information once. This acts as
the terminating case for our algorithm. In lines 17-21, if node
has once received the information, then we just update the
val and inf according to the further information received
by it. Then we check for the edge threshold value according
to the value of information received and again check the
updated state of the node.



Algorithm 3 Dynamic Link Formation

1: function LINK(th,val,rec,info_id)
2 if edge ¢ (info_id, r)& val > thres then

3 join(info_id, rec)
//check threshold and predict link
4 end if

5. end function

6: function sPREAD(inf,bool,rec,info_id)
7 D; — —inf

total_wt
8: if D; > S;&bool « false then
9 bool « true
10: send(node_id, rec_id)

//check spread threshold and send to all neighbors

11: end if
12: end function

The algorithm 3 forms the link between the sender and receiver
nodes using the values calculated in these algorithms. If there is
no existing edge between the sender and receiver nodes and the
value of the node for particular info_id is greater than the edge
threshold value, then we form a link between them. The function
SPREAD in lines 6-12 checks for the state of the particular receiving
node after it receives the information. If the bool value is false
meaning that the node has never sent the information about that
particular node and the information is greater than the spreading
threshold i.e. D; > S;, then we assign bool as true, convert the
node to the spread state and call the spread_info function for the
receiving node as node_id and with the same info_id. The range
of the variable info_val will be [0,1] where 0 being the initial value
when the node is not populated by any information from the strong
attractor at a particular instance. As soon as it receives info_val
from its neighbor node, it starts increasing the value of info_val
based on the neighbor from which it received the information. The
maximum value of 1 will be achieved when a node receives the
same information from all of its neighbors.

The Big Oh complexity of the dynamic link formation algorithm
will be O(n?). This will be the case at minimum threshold value
which results in a complete graph formed between n nodes with
the maximum number of links as- "Cs.

Thus, by changing the spread threshold values, the maximum
number of links are formed among all the nodes in the network,
and the maximum level of saturation is reached when no more
further links can be formed. This growing interaction between
agents results in the increasing influence of the strong attractors in
the network. [46]

4 RESULTS

This methodology was then implemented on a real-time social
media dataset and the results were compared with the previous

Adamic Adar index values to test the accuracy of our algorithm.

The number of links formed by our opinion propagation algorithm
was found to be more than those predicted by Adamic Adar because
they were based on the information received by the nodes with
time, that is, we have considered the dynamics of the network.

On varying the link threshold values, we get the different num-
ber of links formed between nodes. Our simulation results also
show information outburst which is in accordance with the linear
threshold model. It shows that a slight change in the threshold
values brings a large change in the number of active nodes at a
time. Thus, proving that an active node is more likely to make its
neighboring nodes active.

4.1 Dataset

The method described in section 3 is implemented on a Facebook
dataset consisting of nodes as users and edges as links [Dataset
Web Link]. This dataset consists of "circles’ (or friends lists’) from
Facebook. Facebook data was collected from survey participants
using this Facebook app. The dataset includes node features (pro-
files), circles, and ego networks. It consists of a total of 4039 nodes
with 88234 edges between them. The data has been anonymized
by replacing the Facebook-internal ids for each user with a new
value. Also, while feature vectors from this dataset have been pro-
vided, the interpretation of those features has been obscured. For
instance, where the original dataset may have contained a feature
"political=Democratic Party", the new data would simply contain
"political=anonymized feature 1". Thus, using the anonymized data
it is possible to determine whether two users have the same polit-
ical affiliations, but not what their individual political affiliations
represent. Modeling and simulation are done on a subset of 1500
nodes of this dataset for verification.

The original dataset has an average clustering coefficient of 0.65
that is, the network is actually a closed network which is more
preferred for the propagation of the information. The statics of this
network is mostly compiled by combining the ego-networks with
ego nodes themselves. Those ego nodes themselves act as strong
attractors because of their sub ego networks. The ego circles are
defined along with their features in the feat, but these features
are not used in the implementation of agent-based modeling and
directly implemented as edges and nodes. Simulation results are
observed on these nodes and links by varying threshold and other
parameters with time.

4.2 Comparing new links predicted

With the subset 50 nodes, firstly the strong attractors are identified
using betweenness centrality and checked for a particular large D;
and S; values. It is assumed that the nodes have IDs ranging from
[1,50] and we observed that the 17t" node is the strong attractor
according to the given graph. Further simulation is done according
to the algorithm on S; value of 0.3 and the link threshold value of 0.2.
So for strong attractors, the Adamic Adar index predicted 3 future
links for that instance that are (1,17=2.88),(17,41=1.63),(17,22=0.91).
The range of Adamic Adar value is totally relative to the size of the
network and total number of common nodes. For our algorithm
to work properly, our implementation should cover these links
initially than any other further links to be predicted. Our dynamic
link prediction algorithm predicted 4 links initially for the above
threshold value and they were (17,41),(1,17),(22,17),(17,31) covering
original links along with prediction of one more link.

The loop exit condition for the algorithm is that once a particular
node has sent the information of a node to its neighbor, then it
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would not send it again so that it does not go in an infinite loop
and can finally converge.

Number of nodes taken | Adamic Adar | Opinion Propagation
50 5 9
100 12 21
500 82 377
1500 266 402

Table 1: Comparison of links predicted by Adamic Adar in-
dex and Dynamic Opinion Propagation algorithm

We tested our algorithm similarly on the various number of
nodes taken from the dataset and results are shown in table 1. Firstly,
node ID 1888 was identified as the strong attractor by betweenness
centrality measure. Then, at a link threshold value of 0.3 and the
spread threshold value (S;) of 0.01, links were predicted. Columns
2 and 3 show the number of links formed by Adamic Adar and
Opinion Propagation algorithm respectively. The number of links
formed by dynamic opinion propagation algorithm were more than
as predicted by Adamic Adar. Moreover, our algorithm also covered
all the previous links predicted by the Adamic Adar index. Thus,
proving our dynamic algorithm more efficient.

4.3 Number of links formed

The variation of the doubt threshold D; and spread threshold S;
are the key factors for determining the spread of information from
the strong attractors and also the formation of future links to be
predicted in the network. By varying these parameters, the inter-
action between agents in the network varies. At lower threshold
values, information travels faster from one node to another, and
links are formed quickly whereas, at higher values of threshold,
less number of reliable links are formed in the network. Thus, we
obtain a decreasing graph when plotted between the number of
links formed at different threshold values as shown in the plot here.
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4.4 Adamic Adar vs dynamic links

According to Adamic Adar index for this dataset, the number of
links to be initially predicted for particular strong attractors is 266
for the dataset of 1500 nodes, while according to our algorithm a
total of 402 links have info_val = 1, at the same threshold values
taken as before, predicting these links to be formed first covering
all the nodes initially predicted by the Adamic Adar index.

H Serial no. | Adamic Adar (i,1888) ‘ Opinion Propagation (j,1888) H

1 1563 1383
2 1409 1563
3 1795 1539
4 1845 1395
5 1539 1521
6 1290 631
7 1359 1795
8 1688 1409
9 1280 1765
10 1644 1430
11 1040 584
12 1047 679
13 1765 616
14 1535 574
15 1029 1539
16 1528 1040
17 1056 682
18 932 622
19 1571 1029
20 1523 657

Table 2: Node IDs of top 20 links predicted by Adamic Adar
index and Dynamic Opinion Propagation algorithm on a
network of 1500 nodes.

Table 2 is the comparison between the top 20 links that are pre-
dicted by the Adamic Adar and our opinion propagation method.
On applying the betweenness centrality measure over the Facebook
dataset of 1500 nodes taken for obtaining strong attractors in that
network for opinion propagation, we got node ID 1888 as the strong
attractor. Column 2 in the table gives node IDs (i) who form a link
with node ID 1888 by Adamic Adar algorithm whereas column 3
gives the node IDs (j) which form link with ID 1888 by opinion
propagation algorithm. We notice that some of these IDs are com-
mon between the two algorithms and some are new in column 3.
Now on applying the Adamic Adar over the strong attractor, we
got the top 20 links predicted only on the basis of their common
neighbor score, and if we continue to predict link according to that
only, then we will end up with clustering of nodes along a node and
no saturation of the data will be achieved. On the other hand, in
the opinion propagation method, we can see that the top links are
predicted according to the information propagated and it followed
an iterative approach that is, first the information is propagated
in the whole network after that the comparison for threshold is
checked and links are predicted.



The accuracy of our algorithm can be checked as it does not
miss any links that are predicted by Adamic Adar, and along with
that we found different new links that are predicted. The Adamic
Adar here is following breadth first approach and links predicted
are more in the clustered form while in our opinion propagation
method it is following more of depth first approach.

4.5 Convergence of algorithm

From these experimental results, it can be observed that the value
of the spread threshold is inversely proportional to the size of the
network. Also, the spread threshold is more promising in providing
control over information flow and link prediction rather than the
threshold value. The neighbor nodes could not cross the threshold
value because of more node modularity and less value of the linear
threshold. So, they simply propagate the information further and
do not form any links. When this information is propagated to
further nodes in the network, this threshold value is crossed and
their probability of link formation increases.

4.6 Information outburst

Now, on applying this evaluation strategy on the whole dataset of
1500 nodes, the whole network is not totally connected and has 3
clusters, for instance resulting in the total number of links formed
by the strong attractor to be less than 1500. The strong attractors
can somehow control the flow of information up to some extent and
that has been proved using the graph between the number of nodes
in doubt state in information vs spread threshold value. As we can
see from the graph that at a particular value of threshold, there is
an outbreak of information and the reachability of information is
maximum.
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The same principle applies for the number of active nodes for
the variation of the spread threshold value, as the outbreak of infor-
mation happens, the number of nodes activated by that particular
information from the strong attractor increases exponentially pre-
dicting the maximum number of link formations. This implies that
the threshold value loses its generosity because everyone is in the

active state sending information to one another. This is also in ac-
cordance with the Linear Threshold model used above which gives
us the result that an active node holding some information is more
likely to make its neighboring nodes active by spreading it further.
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From such instances, it is observed that if a particular node has
a common neighbour to the strong attractor and in the situation of
information outbreak, that node will receive information from all
of its neighbours and will go into spread state quickly.

5 CONCLUSION

In this research work, we have modeled the real-world influence
propagation network as a complex system, where weighted bidi-
rectional influence exists. The strong attractors in the network are
identified and the clusters of the influenced nodes formed by them
are studied. Information flow between nodes is analyzed by dy-
namic link prediction algorithms. The research achievements in
this paper shall help to enhance the analysis and understanding of
the strong influencers and how their influence can be maximized by
altering various threshold parameters. This work can be applied to
study the influence of major politicians in a community, in market
analysis to increase the sale of a specific product, or for security
purposes like to reveal new terrorist groups formed by taking into
account their past links, etc.

Finally, this paper presented the use case of the Facebook dataset
around strong agents. But in order to arrive at a more general model
for social influence, the model needs to be tested on other use cases
as well. The links predicted by the opinion propagation algorithm
take the dynamics of social networks into account and so is more
efficient than the Adamic Adar index.
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