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Abstract 

In online competitive social networks, each user can be influenced by different competing 

influencers and consequently chooses different products. But their interest may change over 

time and may have swings between different products. The existing influence spreading 

models seldom take into account the time-related shifts. This paper proposes a minimum cost 

influence maximization algorithm based on the competitive transition probability. In the model, 

we set a one-dimensional vector for each node to record the probability that the node chooses 

each different competing influencer. In the process of propagation, the influence maximization 

on Competitive Linear Threshold (IMCLT) spreading model is proposed. This model does not 

determine by which competing influencer the node is activated, but sets different weights for 

all competing influencers. In the process of spreading, we select the seed nodes according to 

the cost function of each node, and evaluate the final influence based on the competitive 

transition probability. Experiments on different datasets show that the proposed minimum cost 

competitive influence maximization algorithm based on IMCLT spreading model has 

excellent performance compared with other methods, and the computational performance of 

the method is also reasonable. 
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1. Introduction 

With the explosive growth of the amount of information in social networks, the scope and 

speed of information dissemination are also changing with each passing day. The way people 

collect and spread in social networks is also more effective than ever, further accelerating 

interpersonal communication and information spreading. To some extent, this new information 

dissemination mechanism is built on the basis of interpersonal communication and mass 

communication, with the characteristics of distributed. [1, 2]. In this communication 

mechanism, the information dissemination between different users will be affected by their 

influence [3, 4]. Therefore, it is vital to carry out influence analysis research [5]. 

The issue of maximizing influence is one of the crucial topics of influence analysis [6, 7]. 

In 2015, Morone and Makse conducted an in-depth discussion of the issue of influence 

maximization in social networks on Nature [8]. The influence maximization problem is to find 

some nodes in the network, so that they can maximize the influence of other nodes in the 

network under a specific propagation model[9]. In general, the behavior and operation of users 

are often influenced by other users. Conversely, some of the user's own thoughts and actions 

will also affect others. For example, in the process of new product promotion, according to the 

characteristics of influence communication, enterprises often occupy market share through 

viral marketing in social networks [10, 11]. In addition, enterprises often need to find the users 

who play the core role when they make publicity strategies, and maximize the effect of 

advertising according to their own importance. The selection of influence seed node can also 

provide effective help for real-time monitoring, prediction and early warning and emergency 

response services of disasters and terrorist attacks [12, 13]. Therefore,  we need to make good 

use of modern tools to carry out research on  influence maximizing and improve public service. 

Influence not only plays a huge role in public activities, but also is widely used in many 

scientific research fields and commercial studies, such as link prediction [14, 15], 

recommendation system [16, 17], Image Set classification [18, 19] and advertising [20]. 

Through research on related issues, researchers have found that individuals with greater 

influence are very important in the emergence and development of collective behavior, the 

promotion of new products, the dissemination and orientation of public opinion. Through this 

user-user interaction, influence can greatly reduce the cost of promoting new products and 

generate greater commercial value and also social influence [21]. Many companies now offer 

some free trials before launching new products. Customers are usually  told that these free trial 

chances are randomly selected. In fact, those who really have these opportunities are often 

those with greater influence. Giving these influencers’ opportunities will affects more 

customers at a limited cost. Therefore, the major question becomes how to select a specified 

user set, so that the user collections that are finally influenced are the largest to fulfill the 

marketing purpose. 

However, with the increasing number of social network users, more and more users 

participate in product marketing, information spreading, etc. on social networks, which 

inevitably brings about the problem of competitive influence spreading. Although the issue of 

influence spreading in social networks has seen many research results in recent years, most of 

them are based on the assumption that there exists no competition between different influences 

given a constrained cost. Related research is still relatively small while the real-world problem 
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of competitive influence under a certain cost is widespread. We can define these problems as 

the problem of winning the competition with the minimal cost, that is, we assume that we want 

to exceed the influence of all other competitors, and that the cost we need to achieve this goal 

is minimal. Therefore, the problem of the influence of competition is a more complicated 

problem. How to choose an effective strategy to carry out the influence spreading is both more 

meaningful and challenging than the traditional influence spreading problem. 

2. Related Works 

In recent years, many influence spreading models and algorithms to maximize the influence 

have been proposed, and have received the attention of many experts in different fields. The 

issue of  influence maximizing under competitive conditions was first proposed by Bharathi, 

and in the subsequent researches, scholars mainly replied on some traditional influence 

propagation models, such as independent cascade model, and the expansion of these models 

to maximize the impact of competition [22, 23]. 

Based on this deterministic information dissemination model, Pham et al. proposed a new 

method to remedy the problem of competitive influence maximization (CIM). Their method 

showed that the complexity of the objective function was estimated to be O(n2), and two 

effective algorithms were proposed to solve the CIM problem. Their results on four benchmark 

datasets showed that their algorithms were superior over other algorithms, especially in terms 

of runtime on medium-scale networks [24]. In addition, they proposed a Sandwich 

Approximation based on Polling-Based Approximation (SPBA). Their experiments on real 

social networks showed that their algorithms were more efficient and scalable than other recent 

methods. Specifically, their algorithms can scale up to a million-level network in just 1.5 

minutes [25]. 

Yan et al. proposed the Threshold Influence (TI) problem, which was to choose the seed 

set with the least cost in order that the total influence reached a given threshold η. Then, they 

also proposed two models of influence diffusion, called one-to-many (OTM) and one-to-one 

(OTO) [26]. Gao et al. designed a sub-module utility function based on which they transformed 

the problem into a non-trivial set cover problem with nonlinear constraints. After verifying the 

NP hardness of Minimum Cost Seed Selection (MCSS), they proposed a greedy algorithm 

named G-MCSS to solve it. In addition, they extended the MCSS problem to a complex 

situation where the number of influences acceptable to each user was limited and the cost was 

proportional to this number. They further presented another greedy algorithm to solve the 

problem as well [27]. Wang et al. proposed a fluid diffusion influence propagation model, 

which revealed the time evolution of diffusion process by using the theory of fluid dynamics. 

In their work, they modeled the influence diffusion process as a three-dimensional fluid update 

process: fluid height difference, fluid temperature and temperature difference [28]. Chen et al. 

proposed a constrained diffusion independent cascade model for the influence maximizing of 

the lowest cost, which considered the heterogeneous communication ability of users in 

information dissemination[29]. Wang et al. proposed the influence graphical communication 

model to simulate the dynamic information transmission process of users, and proved that the 

problem of maximizing influence under cost constraints was NP complete [30]. 

Zhu et al. studied that in a competitive environment, how people chose seeds at the lowest 
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cost so that their influence can reach the ideal threshold in the competition against competitors. 

They found that the spreading of specific influences was monotonic and sub-mode, and these 

fine properties made the performance of the algorithm easy to handle. Then, they proposed the 

Minimum Cost Seed Set problem (MinSeed) to study the initial problems and gave a greedy 

algorithm. They analyzed the ratio of greedy algorithms and gave results that were 

significantly better than those analyzed by others. Considering that the computation on real 

information spreading was difficult to calculate using simple greedy algorithm, they designed 

an effective method to estimate the information spreading in the Competitive - Independent 

Cascade (C-IC) model, and designed a scalable algorithm for large social networks [31]. Yang 

et al. proposed a multi-objective discrete particle swarm optimization algorithm (MODPSO-

IM-CM) in order to capture the characteristics of the actual network more effectively. The 

algorithm measured the cost and influence of each node at the same time, and used the heuristic 

method based on degree and turbulence operator to accelerate the convergence of the algorithm. 

In addition, they also designed a local strategy to obtain more non-dominated solutions. Their 

experiments showed that their algorithms had both effectiveness and efficiency in solving 

influence maximization of minimum cost (IM-CM) [32]. 

So far, some competitive influence spreading models have been made and the influence 

maximization algorithms have been designed based on these models[P5]. However, these 

models do not take into account that the temporal effect, that user's interest changes with time. 

There may be different probabilities for different users to be influenced by different products 

in different time periods. Therefore, in this paper, an influence maximization model based on 

the transition probability of competition is proposed, and we design the least significant cost 

optimization algorithm accordingly. 

3. Problem Formulation 

In the problem of winning competition with the minimal cost, we use directed graphs to 

represent online social networks. Among them, the number of nodes in the network is 

represented by V, and the number of edges is represented by E. Suppose we have m products 

that are competing in the network, and we denote the probability matrix of different 

competitors chosen by certain nodes by P . The probability matrix that different users choose 

different competitors at time t is denoted by 
tP , in which 

t

ijp  represents the probability that 

node i chooses j at time t.  
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3.1 IMCLT Model 

In the IMCLT model, at the beginning, we use S, C1, C2,. . . Cm-1 to denote the set of seed nodes 

of the existing m-type competitors(S represents the set of the target product), and all nodes in 

the seed set are activated, and the other nodes are inactive. In the process of influence 

spreading, each node in the network can be activated by different competitors or stay inactive. 

If there is a directed edge between nodes u and v, we denoted uvw  as the weight of influence 

of the edge and the following conditions are met: 





)(

1
vu

uvw                                               (2) 

where  )(v is the node set pointing to node v. Each node v has a threshold v in the range of 

0 to 1 representing the minimum influence required to activate v. If all of the activated 

neighbors of v have an overall influence greater than or equal to the threshold, node v is 

activated. The activation formula for node v is formatted as follows: 
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Under this model, once the influence threshold is met, the node is activated. Therefore, the 

spreading process of the multi-competitive weighted linear threshold is as follows: 

(1) In the initial state, i.e., t=1, all seed sets are active and other nodes are inactive. 

(2) In step t, any node activated before step t remains active, and any inactive node v, if the 

sum of the activated neighbors‘ weighted influences exceed the threshold of node v, then node 

v becomes activated. 

(3) Repeat the above process until no nodes in the network can be activated. 

3.2 Winning competition with the minimal cost 

We use the IMCLT model as the influence spreading model for this problem. Our purpose is 

to find a seed set S that makes the influence of S exceed the influence of any competitor C and 

is cost-minimal. We use )(SSp  to represent the probability that a node is affected by S in the 

network, and )(CSp  to represent the sum of the probability of nodes in the network that are 

affected by the largest competitor Cm. We use ),( CS  to represent the difference between 

the probability of the node affected by the set S and the probability of the number of nodes 

affected by the largest competitor Cm. The specific formula is computed as follows: 
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In social networks, the cost of choosing different nodes as seed nodes is different, so we 

use )cost(v  to represent the cost of node v. In this paper, we use the PageRank algorithm as a 
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measure of node cost. We use 


=
Sv

vS )cost()cost(  to represent the total cost of the seed node, 

and 


=
iCv

i vC )cost()cost(
 is the total cost of the competitor Ci. Therefore, the goal of 

maximizing the influence of the minimum cost to obtain competitive victory is to find a seed 

set S*, so that the influence of the set is greater than the influence of any other competitor and 

the total cost is the minimal. The formula is formatted as follows: 

)cost(minarg
0),(

* SS
iCS 

=


                                              (5) 

4. Framework of the IMCLT-IM Algorithm for Competitive Influence 

Maximization 

In this paper, we propose a minimum cost influence maximization algorithm based on the 

competitive transition probability. In the model, we set a one-dimensional vector for each node, 

to store the temporal probability that the node chooses different competitors. In the process of 

spreading, we set the different weights for all competitors and activate the rest of the nodes 

according to a threshold rule we mentioned above. In each round of the seed node selection 

process, we select the nodes according to the cost-effectiveness of each node, and finally 

evaluate the influence based on the competitive transition probability. 

Algorithm:  IMCLT-IM 

Input:    A:  Adjacency matrix of network ; 

     C:  Set of competitor seed set; 

     m:  Number of competitors; 

Output:  S:  Set of seed nodes; 

Begin: 

1.  Parameter initialization: the cost of each node )(cost v , the probability selection node P; 

2.  while 0),( iCS  

  Select the node with the best cost-effective performance in the network to join the S set; 

Influence spreading based on the influence spreading model IMCLT，update P according 

to formula (8); 

Calculate the sum of the probabilities of all activated nodes belonging to a certain 

competitor. 

4.  End while 

5.  Output the Scoring matrix S between the nodes. 

End 

4.1 Detailed Algorithm 

Parameter initialization. Initialize probability matrix P: in the initial state (t=1), if the node v 

is chosen as the seed node by competitor i, then the initial probability vector of the node is 

)0,0,1,...,0,0(1 =vP , where the element on the i-th site is 1 and the others are 0. 

We use PageRank for the measurement of the cost of nodes in the network. PageRank is a 
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metric that is used to sort web pages. As one of the most important applications, Google uses 

it to reflect the relevance and importance of web pages[33]. In this article we assume that the 

larger the PageRank value, the greater the cost of the node, and vice versa. The cost 

initialization formula for a node is computed as follows: 
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)(PageRank
)-(1)PageRank()(cost

vu u

u
ddvv                               (6) 

where )PageRank( v  is the PageRank value of node v, and )PageRank( u  is the PageRank 

value of node u, )(v  is the set of all nodes pointing to the v-node, and )(C u  is the out-degree 

of node u. d is the damping coefficient, which is the probability that the node will continue to 

propagate after reaching a node at any time. In this paper we set d=0.85. 

The cost-effectiveness of the node is a measure of the performance of the candidate seed 

nodes in the network. According to the cost-effectiveness, the node with the highest cost-

effectiveness is first selected to join the set S. The cost-effectiveness formula )ppr(v for node 

v is defined as follows: 

 

)cost(

),(),(
ppr(v)

v

CSCvS  −+
=                                                (7) 

The numerator in the formula represents the difference in influence probability between the 

set S before and after the new node v joins the set, and the denominator represents the cost of 

the node v. From this we can see that the larger the difference, or the smaller the node cost, 

then the more cost-effective the node is. Thus, we choose the node with the highest cost-

effectiveness as the candidate seed node to join the set S. 

The influence spreading is performed according to the spreading model IMCLT, and the 

node is activated if the formula (3) is satisfied. 

We use 
t

ijp  to indicate the probability that node i chooses node j at time t. After each 

iteration, the probability matrix of the activated node needs to be updated. The update rules 

are formulated as follows: 
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where 
m

jm
pp t

ij

t

ij

)rank(1 −
= −

 indicates the probability change of node i selecting node j 

at time t. )(rank j  is the probability ranking of the j-th competitor among all competitors. If 

the ranking is lower, the spreading probability is greater, and vice versa. 
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5. Experimental Results and Analysis 

In this chapter, we leveraged two classical data sets from two different fields to carry out 

experiments: wiki-Vote (Wikipedia who-votes-on-whom network) and soc-Epinions1(Who-

trusts-whom network of Epinions.com). For each of the datasets, we all used the maximum 

connected component as the benchmark data set. Table 1 describes the network topology 

characteristics of the two datasets. The number of nodes and the number of edges in the 

network are represented by N and M, respectively. Kmax is the maximum degree. The average 

degree of a node is expressed by K. S is the sparsity of network.  

Table 1. Network topology characteristics of different data sets 

Networks N M K Kmax S 

wiki-Vote 7115 103689 14.5733 457 0.002 

soc-Epinions1 75879 508837 6.7051 3035 0.0000884 

 

In the experiment, we used the PageRank to calculate the cost of the node, we assumed the 

influence of the edge spreading probability P = 0.01. We averaged for 10,000 times with the 

Monte Carlo method to calculate the Influences of set S and the set C. We used the following 

three algorithms to compare with the IMCLT-IM algorithm: Max Degree, Random, and 

Greedy. In our experiments, we mainly tested and compared the runtime of various algorithms 

and the total cost of the target nodes. We assumed that competitors chose the seed node set C 

through a random algorithm. Since the nodes selected by the competitors may change in each 

simulation, we needed to average the results of simulations. We ran all algorithms ten times 

on different data sets, and then used the average of the ten operation time and the total cost as 

the final experimental results. Fig. 1 shows the total cost of a set of seed nodes selected by 

different algorithms on different data sets.  

 

Fig. 1. Total cost of seed sets selected by different algorithms. The horizontal axis represents the total 

number of seeds in the seed set and the vertical axis represents the total cost of the seed set. 

http://snap.stanford.edu/data/wiki-Vote.html
http://snap.stanford.edu/data/soc-Epinions1.html
http://snap.stanford.edu/data/wiki-Vote.html
http://snap.stanford.edu/data/soc-Epinions1.html
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From the figure we can see that as the number of seed nodes chosen by competitors 

increases, the total cost of the set of seed nodes S determined by the algorithm was gradually 

increasing. Among them, the seed node set selected by the Random algorithm was 

unsurprisingly the worst, that is, it required the most cost to win over the competitors. The 

performance of the Max Degree algorithm and the Degree Adjust algorithm were similar, and 

both were greatly enhanced compared to the Random algorithm. The performance of the Cost-

based Degree Adjust algorithm was better than the Max Degree and Degree Adjust algorithm. 

Comparatively, the algorithm proposed in this paper has achieved the best results. 

6. Conclusion 

In the problem of influence maximizing of online social networks, each user may be influenced 

by different competitors to make product selection, but this effect is not fixed for a long time, 

so in this paper, we propose the IMCLT spreading model, a model that sets a proprietary 

weight to activate a neighbor node for all competitors. The state of node is either active or 

inactive, and can be only activated if the activation threshold is fulfilled. Based on the model, 

this paper designs a minimum cost influence maximization algorithm based on competitive 

transition probability. Each node has a probability of selecting different competitors at 

different times. Each time we choose the seed node on the basis of the cost-effectiveness of 

the node. Finally, the influence evaluation is based on the competitive transition probability. 

Experiments show that our proposed minimum cost competitive influence maximization 

algorithm based on the IMCLT propagation model can not only effectively reduce the time 

complexity of the algorithm, but also have excellent performance. 
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