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Abstract— Nowadays, much attention has been devoted to the 
issues of social networks and social influence. Social influence 
examines the user's behavioral changes under the influence of 
their neighbors. The issue of influence maximization is to find a 
subset of influential nodes that can maximize propagation in the 
network. The selection of people is very important and is the major 
aim of the studies. Hence, the current study aims to investigate the 
maximization of influence in signed social networks since in the 
psychology of society, negative opinions are superior to positive 
ones. The criteria considered for measuring influence and methods 
to increase it by identifying influential people are examined. The 
proposed solution of this paper is based on the label propagation 
algorithm. The algorithms used for maximizing influence in signed 
social networks namely a greedy algorithm and an innovative 
algorithm are outlined in the second section. To implement the 
algorithms and simulate the transfer of users' opinions in the 
graph network, the independent cascade propagation model is 
used. The proposed algorithm shows better performance and 
results compared to other algorithms and has less computational 
overhead since it finds primary nodes by detecting dense parts and 
not randomly. The significant novelty of the paper lies in the heart 
of the accuracy and authenticity of the proposed model in 
maximizing influence in signed social networks. 
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I.  INTRODUCTION 

Recent years have witnessed remarkable growth in the use 
of social networks which are regarded as a web-based platform 
of interaction through which people can easily communicate 
among themselves [13, 22]. The information is exchanged and 
the content generated in the meantime is modified using social 
networks [12]. The popularity of networks such as Facebook, 
Instagram, Telegram, and LinkedIn is obvious in the world. In 
general, a social network is defined as a network of interactions 
and communications where nodes are considered as users or 
actors and edges are known as the connections between them 
[15]. One of the significant applications of social networks is 
observed in viral marketing. A business strategy that employs a 
social network for promoting a product on different social media 
platforms is viral marketing [23]. Considering viral marketing or 
viral advertising, how the consumers share information 
regarding a product with other people is specified [27]. In social 
network, a certain number of vertices that are influential users 
are selected and the product is given to them [21]. Then. the 
products are distributed on the network. This method is 
introduced as a word-of-mouth technique whose role in pushing 
and directing people toward a new entity has been ignored in the 
literature [16].  

Moreover, the problem of influence maximization in social 
networks confronts people with the challenge of how to choose 

a limited number of users in order to have the greatest impact on 
the entire network. Identifying influential users in social 
networks is an important issue that has received a lot of attention 
in recent years [38]. Influence spread indicates the number of 
people affected at the end of the diffusion process [40]. To solve 
the problem, the social network is modeled as a graph and the 
connections between people are indicated by the edges. Several 
heuristics such as node degree, betweenness and closeness have 
been proposed to maximize the impact on social networks [39]. 
FIP algorithm is proposed based on the overlapping 
communities for an influence maximization problem with the 
analysis of the node’s emotional relationships [41]. Previous 
studies mainly failed to address the issue of influence 
maximization in signed networks. The importance of this topic 
is highlighted in people's relationships in real world that are not 
formed based on positive interactions only. Therefore, it is often 
important to explicitly consider negative relationships as well, 
especially when studying social media interactions. This is a 
very important parameter mainly neglected in previous studies 
[4, 25, 29].  

It is noteworthy that discussion lists and disagreements have 
filled the sites. Social networking sites are a suitable place for 
conflict alongside friendship. Notably, negative comments have 
a remarkable psychological impact on people. Hence, the issue 
of influence maximization requires more consideration in the 
signed networks. As an innovation, present paper 
comprehensively examines the capability of several well-known 
algorithms in addressing the problem of influence maximization 
in signed networks. Evaluation criteria such as execution time, 
scalability, and accuracy are considered to specify the best one. 
The most important elements of social network analysis are 
introduced as they give a suitable tool for modeling. The 
clustering technique based on edge tokens has been rarely 
examined in related studies according to which the similarity of 
the edges can be determined. For this purpose, clustering in this 
research is conducted on the label propagation algorithm.  

The rest of this paper is organized as follows: more related 
studies are reviewed in the second section to highlight the 
novelty of the present paper. The algorithms used for 
maximizing influence in signed social networks namely a greedy 
algorithm and an innovative algorithm are outlined in the third 
section. In this section, data selected for reaching the final results 
is also given. The obtained results are given in the form of a 
graph and table in the fourth section.  In the fifth section, the 
obtained results are discussed and analyzed comprehensively. 
Finally, the conclusions and suggestions for future study are 
given in the sixth section. 

II. RELATED WORK 

Overall, modeling social networks as graphs have received 
much attention in related works [18, 37]. Also, in order to 
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examine these networks, the functions with special 
characteristics are needed for proper modeling [5]. The concept 
of maximizing influence considers different criteria to find 
influential leaders that must be taken into consideration [31]. 
The influence maximization problem specifies a small set of 
nodes to maximize the amount of information dissemination in 
a social network, which has many applications in viral 
marketing. Accordingly, big companies use word of mouth to 
promote their products. Social networks are usually on a large 
scale and have a complex connection structure and are dynamic. 
Hence the proposed algorithm must be efficient and scalable. 
The challenge of maximizing influence in social networks states 
how to choose a limited number of users in such a way that they 
ultimately have the greatest impact on the entire network [6]. In 
order to solve the considered problem, the social network is 
modeled as a graph and the connections between people are 
indicated with edges [28]. The graph can be diverse in terms of 
direction, weight, sign, homogeneity, and static or dynamic. 
Some users are present on several social networks. The 
considered problem is modeled using multiple graphs based on 
which the optimization is conducted in various forms including 
subject-aware, distance-aware, location-based, and time-limited 
under the various spread models. 

It is noteworthy that many studies in the broader literature 
have examined the issue of maximizing influence in signed 
social networks [10, 24, 32]. To mention a, a heuristic-greedy 
algorithm so-called the HEDVGreedy algorithm was presented 
by Aghaee and Kianian to solve the influence maximization 
problem in social networks [3]. The authors computed the 
expected diffusion value of the graph node based on the 
proposed algorithm and used the greedy technique for specifying 
the optimal nodes. The running time of implementation in this 
study was minimized using the Independent Cascade and 
Weighted Cascade models in eight real-world data sets. In 2020, 
Trivedi and Singh addressed the issue of influence maximization 
in social networks by employing an independent cascade model 
and obtained important results [30]. In another study, an 
innovative framework based on a meta-heuristic technique was 
presented for influence maximization in social networks [9]. The 
Shuffled Frog Leaping algorithm used in this research 
maximizes the two-hop spread of influence under the 
independent cascade model. Besides, the authors used local 
search strategies such as late acceptance-based hill climbing for 
enhancing the performance of the proposed solution. In 2022, 
Wu et al. utilized  Boost Simulated Annealing (BSA) in social 
networks for budgeted influence maximization [35]. 
Additionally, three heuristic strategies were considered to 
improve the performance and speed up the presented algorithm. 
The empirical results confirmed the superiority of the proposed 
algorithm over the other state-of-art ones. In a major advance of 
2022, an optimal heuristic algorithm was presented for influence 
maximization in social networks according to the redundancy 
weakening and two types of seeds into degree discount namely 
RWTDD [32]. The authors used the independent cascade model 
for comparing the proposed model with the six real social 
networks. The obtained results emphasize the better 
performance of RWTDD in terms of influence coverage and low 
time complexity. Additionally, Kumar et al. proposed another 
innovative model namely Communities-based Spreader 
Ranking (CSR) for solving the influence maximization in the 
social network according to the notions of communities and 
bridge nodes [19]. Li et al. introduced attributed influence 
maximization based on the crowd emotion for applying user's 
emotion and group features for examining the influence of 

multi-dimensional specifications on information spread and 
achieved many important results. In 2023 Bouyer and Ahmadi 
[42] proposed LMP which uses a special position among the 
important nodes for finding seed nodes. Nodes with gatekeeper 
and bridge property are important among important nodes and 
play a significant role in influence spreading. In the same year 
TSIFIM: A three-stage iterative framework for influence 
maximization in complex networks [43] was proposed which 
uses an adaptive search strategy for obtaining the optimal 
solution among the candidates. 

Despite many state-of-art models presented so far, many 
gaps and shortcomings need to be tackled in the related studies. 
For example, the use of the independent cascade method can 
bring better results. Furthermore, the local tree structure 
increases the accuracy as it overcomes the limitations of the 
greedy algorithm in terms of speed and scalability. Concerning 
the studies reviewed above, the lack of a novel model for 
maximizing influence for the signed social networks is 
observed. In order to illuminate this uncharted area, the present 
paper proposes an efficient model for solving the problem of 
influence maximization in signed social networks. 

III. METHODOLOGY 

In this research, a greedy algorithm and an innovative 
algorithm with remarkable applications are used for maximizing 
influence in signed social networks. In the beginning, the 
structure of the greedy algorithm and innovative algorithm is 
explained. Then, the way of implementing the selected 
algorithms is specified. 

A. Greedy Algorithm 

The greedy algorithm is based on calculating the infiltration 
distributed by a set of nodes. Accordingly, Monte Carlo 
simulation is employed to estimate the infiltration rate, which 
causes the relatively slow performance of the algorithm [14]. 
The greedy algorithm adds each node to the set-in one-time step 
and mainly greedily selects the node with the largest marginal 
increase. However, the greedy algorithm is computationally 
expensive. The number of candidate nodes that must be tested to 
calculate the margin increase is large. To implement the 
algorithms and simulate the transfer of users' opinions in the 
graph network, the independent cascade propagation model is 
used in this research whose structure is highlighted in Fig.1. 

As regarded in Fig.1, the main parameter used here is q, 
which includes the quality of the desired product. In other words, 
the quality of the product is also included in the opinions of 
users, which is simulated by the q parameter. The active nodes 
in the graph network can be positive with probability q and 
negative with probability 1-q. When a node becomes positive, it 
means that it is satisfied with the product. In the independent 
cascade propagation model, the node tries to make other nodes 
(users) positive. In contrast, nodes that are activated negatively 
attempt to convince other users. Since the opinion of each node 
is transferred to other neighboring nodes in this model, an 
independent coefficient namely the independent penetration 
coefficient, p, is considered. Notably, this coefficient is 
multiplied by the product quality coefficient or the same 
parameter q. Due to the obtained probability, if the node is 
positive, it will make the desired neighbor try to convince 
positive ones and the opposite is also true for the negative node. 
Besides, each node has only one chance to convince its neighbor, 
and otherwise, it has no more chances. 
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B. Heuristic Algorithm 

The heuristic algorithm used here examines the area of 
influence in each node which is actually a Multi-channel Imager 
Algorithm (MIA) [7]. As shown in (1), µ (S, q) represents the 
positive propagation of seed group S in graph G with quality 
factor q under the MIA model. Also, pap (v, S, A, q) denotes the 
probability of node v becoming positive through the input 
branch A originating from S with quality factor q. In this 
algorithm, the aim is to find the influence areas considering that 
the nodes that cover a larger influence area, are selected for the 
initial dissemination of ideas. The MIIA parameter checks the 
area of influence, which is determined based on θ, and a number 
which means the limit of the distance from node v.(Eq.(1) and 
(2)) 

μ(𝑆, 𝑞) = ෍ 𝑝𝑎𝑝(𝑣, 𝑠, 𝑀𝐼𝐼𝐴(𝑣, 𝑞, 𝜃), 𝑞)

௩ఢ௏

 (1) 

𝑀𝐼𝐼𝐴(𝑣, 𝑞, 𝜃)

= ራ 𝑀𝐼𝑃(𝑢, 𝑣)
௨ఢ௏,௣௣௣(ெூ௉(௨,௩))ஹఏ

 
(2) 

In the beginning, the neighborhood area required for solving 
Equation is specified using (3). 

MIP(u, v) = arg 𝑚𝑎𝑥௣{𝑝𝑝𝑝(𝑃)|𝑃

∈ 𝒫(G, u, v)}𝐶 
(3) 

Considering 𝑃 = 〈𝑢 = 𝑝ଵ, 𝑝ଶ, … , 𝑝௠ = 𝜈〉, the probability 
of the positive propagation is obtained using (4).  

𝑝𝑝𝑝(𝑃) = ෑ 𝑝(
௠ିଵ

௜ୀଵ
𝑝௜ , 𝑝௜ାଵ). 𝑞௠ (4) 

Accordingly, the MIP parameter is the maximum penetration 
path between the two nodes, which is clearly the closest distance 
between the two nodes. Also, PPP denotes the probability that 
node U activates node V positively through the path P. MIP is a 
path like P initiating from u to v and has the highest PPP (P) 
value. The aim here is to find the set of seed nodes of size k that 
maximizes μ (S, q). After the initial cascading propagation at 
each node, the algorithm selects the path with the highest MIIA. 
In other words, the probability of positive activation of a node 
like v depends on two factors. The first one is the number of 
neighboring nodes of v that have been positively activated in the 
previous step. Second, the graph distance v from the seed node 
from which the propagation started. This parameter is the lowest 
number of edges from one of the s nodes to the v node.  

In the following, the opinions are propagated for both 
algorithms concerning the nodes calculated as the initial seed. 
This algorithm is implemented in such a way that the initial seed 
nodes try to activate their neighbors (either positive or negative). 
Then, the ID names of the nodes are stored in the active nodes 
(saved nodes) and removed from the network list since it has 
affected their neighbors. Hence, the other one is useless since it 
is active itself. This action is taken for the next activated nodes 
and their ID is saved. The operation is repeated until no more 
nodes are activated. 

C. Proposed Method 

In this research, a method is presented for identifying 
influential people, considering the structure of society in social 
networks. For this purpose, society is identified in the beginning.  

 

Fig. 1. The structure of the independent cascade propagation model [35] 

In order to find the communities using clustering methods, 
communities are identified and then influential nodes among 
them are determined. 

Recent studies investigated algorithmic aspects to maximize 
penetration in social networks for viral marketing based on 
two main infiltration cascade models, i.e., the independent 
cascade model and the linear threshold model. Such models are 

significant for a social network designed as a graph, starting 
from an initial set of vertices in the graph or a set of seeds. A 
random process determines the effect of a message from the seed 
on its neighbors until the process is over.  

Fig.2(a) demonstrates the network can be segmented and 
balanced. Whereas, Fig.2(b) indicates that the network is 
partitionable but not balanced. The lines represent the positive 
edges and the dotted lines mean the negative edges. The network 
in Fig.2(a) can be segmented since it can be divided into three 
parts including (6, 7, 22, 23, 24, 25, 13, 14, 15, 16, 4, 5), (8, 9, 
26, 27, 17, 18) and (20, 21, 10, 11, 12, 1, 2, 3, 19, 28.  In this 
tripartite segmentation, the whole edge weights are positive and 
are sometimes negative between the groups. Also, the network 
is balanced since it can be divided into two parts including (6, 7, 
22, 23, 24, 25, 13, 14, 15, 16, 4, 5) and (8, 9, 26, 27, 17, 18, 20, 
21, 10, 11, 12, 1, 2, 3, 19, 28). Hence, the network can be 
segmented since it can be divided into three parts. However, it 
is not balanced because this network cannot be divided into two 
parts. Thus, two distinct parts are considered, in one of which 
the whole edges are positive and in the other, all the edges are 
negative. 

As regards (5), the negative edges in the networks can be 
eliminated by specifying their clusters. The obtained subgraphs 
will contain only positive edges and subsequently, the subgraphs 
with separated nodes are achieved. In general, there are three 
different views regarding balance, as indicated in Table I. 

A network is represented by the graph G=(V,E) where V is 
the set of nodes and E={(u,v)|u,v∈V} is the set of the edges 
between the nodes. The topology of the network is defined by (5) 

ቊ
𝜔௜௝ > 0  < 𝜐௜ , 𝜐௝ >∈ 𝐸 Λ (𝜐௜ ∈ 𝑃௞) Λ ൫𝜐௝ ∈ 𝑃௞൯

𝜔௜௝ < 0  < 𝜐௜ , 𝜐௝ >∈ 𝐸 Λ (𝜐௜ ∈ 𝑃௞) Λ ൫𝜐௝ ∈ 𝑃௟൯ Λ(𝑘 ≠ 1)
 (5) 

The adjacency matrix A. Accordingly, if two nodes h, v is 
directly connected, Auv=1 and otherwise Auv=0. The sublattice 
C⊂G in which the degree of the node u is divided into two parts 
is considered. 

According to (6), 𝑘௨
௜௡(𝐶) = ∑ 𝐴௨௩௩∈஼  is the number of edges 

that connect node u to the nodes related to the subnet C.  

𝑘௨ = 𝑘௨
௜௡(𝐶) + 𝑘௨

௢௨௧(𝐶) (6) 
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TABLE I.  THE VARIOUS VIEWS AND FEATURES OF BALANCE 

Features Views 

All cycles involving this node are 
positive 

The balance of a 
node 

The sign of multiplying three edges is 
positive 

The balance of a 
triangle 

Each triangle forming this network has 
a balance 

The balance of a 
complete network 

Either the complete network is 
balanced or people in each cluster 

have positive relationships within it 
and negative relationships between the 

two clusters. 

The balance of an 
arbitrary network 

 
(a)   (b) 

Fig. 2. Schematic representation of two signed networks 

    Also, 𝑘௨
௢௨௧(𝐶) = ∑ 𝐴௨௩௩∉஼   indicates the number of edges 

that connect node u to the rest of the network. A strong 
community is a subnet that satisfies the following condition 
(Eq.(7)): 

෍ 𝑘௨
௜௡

௨∈஼

(𝐶) > ෍ 𝑘௨
௢௨௧

௨∈஼

(𝐶), ∀𝑢

∈ 𝐶 

(7) 

In a strong community, each node has more connections with 
its members than its connections with the rest of the network. 
Compared to the strong society, the weak society must be 
applied to (8): 

෍ 𝑘௨
௜௡

௨∈஼

(𝐶) > ෍ 𝑘௨
௢௨௧

௨∈஼

(𝐶) (8) 

As shown in (8), the sum of the degrees of the nodes in the 
community is greater than the sum of the degrees related to the 
rest of the network. It can be concluded that a strong society is 
also weak, but the opposite is not true. Although the use of 
clustering methods will not have the computational overhead of 
previous methods, the limitations of clustering can reduce the 
accuracy of communities. Therefore, clustering based on the tag 
spread algorithm in signed social networks is considered, which 
does not have the limitations of conventional clustering 
algorithms. Time complexity of this method is Ο(Tm) with T as 
time steps and m as graph edges. 

The pseudo-code of the proposed method is presented in 
Algorithm 1. 

D. Data Selection  

The network assessment is made based on the data set 
presented in the study of Xie et al. [36] namely NetHEPT. 
Notably, the NetHEPT dataset is widely employed in many 
studies related to maximizing influence in social networks [1, 
10, 32]. The characteristics of this data set are highlighted in Fig. 2. 

Algorithm 1 .Proposed Method Algorithm. 
1: Calculate similarity of two nodes I and j:  
𝑨𝒊

ି = {𝒏𝟏
ି, 𝒏𝟐

ି, 𝒏𝟑
ି, … , 𝒏𝒎𝟏

ି } 
𝑨𝒊

ା = {𝒏𝟏
ା, 𝒏𝟐

ା, 𝒏𝟑
ା, … , 𝒏𝒎𝟐

ା } 
𝑨𝒋

ି = {𝒏𝟏
ି, 𝒏𝟐

ି, 𝒏𝟑
ି, … , 𝒏𝒌𝟏

ି } 
𝑨𝒋

ା = {𝒏𝟏
ା, 𝒏𝟐

ା, 𝒏𝟑
ା, … , 𝒏𝒌𝟐

ା } 
𝒄𝒐𝒖𝒏𝒕 𝑺𝒖𝒃𝒔𝒄𝒓𝒊𝒃𝒆 𝒏𝒆𝒊𝒈𝒉𝒃𝒐𝒓 𝒕𝒓𝒖𝒔𝒕

= 𝑨𝒊
ା ∩ 𝑨𝒋

ା 
𝒄𝒐𝒖𝒏𝒕 𝑺𝒖𝒃𝒔𝒄𝒓𝒊𝒃𝒆 𝒏𝒆𝒊𝒈𝒉𝒃𝒐𝒓 𝒅𝒊𝒕𝒓𝒖𝒔𝒕 = 𝑨𝒊

ି ∩  𝑨𝒋
ି 

𝒔𝒊𝒎(𝒊, 𝒋)  
=  𝒄𝒐𝒖𝒏𝒕 𝑺𝒖𝒃𝒔𝒄𝒓𝒊𝒃𝒆 𝒏𝒆𝒊𝒈𝒉𝒃𝒐𝒓 𝒕𝒓𝒖𝒔𝒕
+ 𝒄𝒐𝒖𝒏𝒕 𝑺𝒖𝒃𝒔𝒄𝒓𝒊𝒃𝒆 𝒏𝒆𝒊𝒈𝒉𝒃𝒐𝒓 𝒅𝒊𝒕𝒓𝒖𝒔𝒕 

for i=1:count_node 
    for j=1:count_node 

         if(i~=j) 
sim_data(i,j)=sim_(i,j); 

2: Data clustering based on LPA 
Count new label based on current label and 
cluster number: 

𝒍𝒖
ᇱ = 𝒂𝒓𝒈𝒍𝒎𝒂𝒙 ෍ 𝜹(𝒍, 𝒍𝒗)

𝒗∈𝝈(𝒖)

 

[c1 c2]=ϐind_two_max_cluster(); 
[m1 n1]=ϐind(cluster==c1); 
[m2 n2]=ϐind(cluster==c2); 

node=union(n1,n2); 
for i=1:count_node 

    score(i,1)=i; 
    score(i,2)=score_node(i,node); 

end when all the nodes are labeled. 
3: Identify common nodes between two dense 
clusters and sort by calculated score and choose 
the influential one. 
ϐind_two_max_cluster 
[s_sorted,index]= sort(s,'descend'); 

Display inϐluential nodes by ('%d 
\n',score(i,1) 

 

This information includes the number of network nodes and 
edges between nodes and other characteristics. 

It is noteworthy that MATLAB 2017 b version is used for 
programming. The characteristics of the dataset used in the 
research is given in Table II. Accordingly, a computer with the 
specifications given in Table III is required to conduct the 
experiments. 

E. Evaluation 

To evaluate the proposed method, the algorithms given by 
[36] are used which include two methods: 

 MIA-N Algorithm that uses several local tree structures. 
In this method, each tree is used to simulate local 
infiltration emissions. 

 GREEDY Algorithm is employed to detect influential 
nodes in the network. 

In this research, the quality factor parameter is considered to 
evaluate the network. This parameter specifies the influence of 
the selected nodes, which is a value between zero and one. Using 
this parameter, it is possible to determine the influence of 
selected nodes. The evaluation parameter that is used as the main 
parameter for calculation in this research is the Positive influence 
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TABLE II.  THE CHARACTERISTICS OF THE DATASET USED IN THE 
RESEARCH [36] 

Dataset NetHEPT 
Number of nodes 15K 
Number of edges 31K 
Average degree 4.12 
Maximal degree 64 

Number of connected components 1781 
Largest component size 6794 
Average component size 8.55 

TABLE III.  THE CHARACTERISTICS OF THE REQUIRED SYSTEM 

Characteristics Component name 

Intel ci7,12 core, 15 meg cach Cpu 

16 Giga Byte DDR4 Ram 

spread parameter based on [36]. This parameter indicates the 
number of nodes in the network that are influenced by influential 
nodes. It should be noted that the parameters are based on the 
value of the selected quality factor. The value of  

the SEED parameter, which indicates the number of selected 
influential nodes is specified finally. The steps that must be 
taken for reaching the final results are as follows: 

1.Calculating the similarity criteria between the nodes. 

2. Clustering the dataset based on the label propagation 
algorithm (LPA) whose flowchart is given in Fig.3. 

3. Detecting common nodes between two clusters with high 
density, ranking these nodes based on the calculated score 
value, and selecting the most influential node. 

IV. RESULTS 

The proposed method was applied to the considered dataset. 
This section gives the obtained results based on the various 
values of q from 0.1 to 1. The graphs of the whole three methods 
are drawn based on the seed value between zero and fifty and 
the comparison of the three methods is discussed. The obtained 
graphs are demonstrated in Fig.4 based on various values of q. 
The supplementary information regarding the results of various 
q values is also presented in Tables IV-XIII.   

It should be noted that the best values obtained in each test 
were at a seed value of 50, as shown in Fig.5 and Table XIV. 
Based on the experiments, the average values of positive 
influence spread in each q are highlighted in Fig.6 and Table 
XV. 

V. DISCUSSION AND FUTURE WORKS 

Concerning Tables IV-XIII, the difference between the 
whole three methods is obvious. They moved exponentially and 
upward, but the proposed algorithm of this research had better 
results than other algorithms. As indicated in Table IV, the 
proposed algorithm has a high and better value, and the two 
graphs related to the other two methods have values close to each 
other. Nevertheless, they are far from the proposed algorithm. 
According to Table V, the algorithm was implemented based on 
q=0.3. The proposed algorithm has a high and better value. The 
distance between the two algorithms of [36] has become closer 
than the proposed algorithm. Due to the results presented in 
Table VII, the increase of the value of q led to increasing the  

 

Fig. 3. The flowchart of LPA I detail [2] 

spread of the positive influence in each execution. The values 
obtained based on q=0.4 are higher than q=0.3. The results 
obtained for q=0.5 were different since after the value of q=0.5, 
the other two algorithms are closer to the proposed algorithm, 
and the algorithms of the studies of Xie et al indicate much better 
results. In the following (Tables VII and VIII), the results did 
not change while the results of the proposed algorithm are better 
than the results of the other two algorithms. Notably, as the value 
of q approaches the final value, this superiority is still 
maintained. In the next two graphs (Tables IX and X), the 
experiments were carried out at their limit. In this test, the 
superiority of the algorithm has been maintained and the value 
of positive influence spread has reached a value higher than 500. 
As shown in Tables XI and XII, the results of the proposed 
algorithm have increased and had better values compared to the 
other two algorithms, which means that the proposed system has 
performed much better based on clustering. In the final test, the 
value of the positive influence spread parameter has reached its 
highest possible value. Thus, the best values obtained in each 
test were at a seed value of 50 according to Fig.5 and Table XIV. 

According to the tests and obtained results, several points 
can be mentioned: 

 The clustering algorithm based on density can find 
influential points and search for influential points, which 
is one of the prominent features of this algorithm. 

 The proposed algorithm has less computational overhead 
than the other two algorithms since the MIA-N algorithm 
is performed using a tree structure in the graph, which 
brings a high overhead, and the second algorithm is 
Greedy.  
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 The proposed algorithm has a top-down view of the 
system while it does not choose primary nodes based on 
coincidence. However, search for influential nodes 
through the detection of dense parts in those points is 
necessary. 

TABLE IV.   THE OBTAINED RESULTS BASED ON Q = 0.1 

MIA-N Greedy Label 
clustering 

Seed size set 

 8.36 8.51 10.09 5 

   13.6 14.175 20 10 

   18.8 20.25 30 15 

   23.8 25.92 37.5 20 

   29 31.3875 45 25 

   34 37.4625 50 30 

   38 42.525 55 35 

   43 46.575 60 40 

   47 50.625 66.25 45 

   50 53.6625 70 50 

TABLE V.   THE OBTAINED RESULTS BASED ON Q = 0.2 

MIA-N Greedy Label 
clustering 

Seed size 
set 

18.1 18.3 20.69 5 

   30.6    31.675    40 10 

   42.3    45.25    60 15 

   53.55    57.92    75 20 

   65.25    70.1375    90 25 

   76.5    83.7125   100 30 

   85.5    95.025   110 35 

   96.75   104.075   120 40 

  105.75   113.125   132.5 45 

  112.5   119.9125   140 50 

TABLE VI.  THE OBTAINED RESULTS BASED ON Q = 0.3 

MIA-N Greedy Label 
clustering 

Seed size 
set 

 28.3 28.6 30.53 5 

   47.6    49.175    60 10 

   65.8    70.25    90 15 

   83.3    89.92   112.5 20 

  101.5   108.8875   135 25 

  119   129.9625   150 30 

  133   147.525   165 35 

  150.5   161.575   180 40 

  164.5   175.625   198.75 45 

  175   186.1625   210 50 

The results obtained in this study have not been presented in 
the literature so far. For example, Cai et al. proposed a new 
holistic influence diffusion model for considering the cyber and 
physical user relationships effectively [8]. The authors 
formulated a new issue of holistic influence maximization while 

TABLE VII.  THE OBTAINED RESULTS BASED ON Q = 0.4 

MIA-N Greedy Label 
clustering 

Seed size 
set 

38.3 38.7 40.19 5 

   64.6    66.675     80 10 

   89.3    95.25    120 15 

  113.05   121.92    150 20 

  137.75   147.6375    180 25 

  161.5   176.2125    200 30 

  180.5   200.025    220 35 

  204.25   219.075    240 40 

  223.25   238.125    265 45 

  237.5   252.4125    280 50 

TABLE VIII.  THE OBTAINED RESULTS BASED ON Q = 0.5 

MIA-N Greedy Label 
clustering 

Seed size 
set 

48  48.2  50.39 5 

   81.6    84.175   100 10 

  112.8   120.25   150 15 

  142.8   153.92   187.5 20 

  174   186.3875   225 25 

  204   222.4625   250 30 

  228   252.525   275 35 

  258   276.575   300 40 

  282   300.625   331.25 45 

  300   318.6625   350 50 

TABLE IX.   THE OBTAINED RESULTS BASED ON Q = 0.6 

MIA-N Greedy Label 
clustering 

Seed size 
set 

48.6 58.8 60.3 5 

81.6 101.675 120 10 

112.8 145.25 180 15 

142.8 185.92 225 20 

174 225.1375 270 25 

204 268.7125 300 30 

228 305.025 330 35 

258 334.075 360 40 

282 363.125 397.5 45 

300 384.9125 420 50 
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TABLE X.  THE OBTAINED RESULTS BASED ON Q = 0.7 

MIA-N Greedy Label 
clustering 

Seed size 
set 

 68.01 68.32 70.6 5 

  115.6   119.175   140 10 

  159.8   170.25   210 15 

  202.3   217.92   262.5 20 

  246.5   263.8875   315 25 

  289   314.9625   350 30 

  323   357.525   385 35 

  365.5   391.575   420 40 

  399.5   425.625   463.75 45 

  425   451.1625   490 50 

TABLE XI.  THE OBTAINED RESULTS BASED ON Q = 0.8 

MIA-N Greedy Label 
clustering 

Seed size 
set 

78.03 78.39  80.21 5 

  132.6   136.675    160 10 

  183.3   195.25    240 15 

  232.05   249.92    300 20 

  282.75   302.6375    360 25 

  331.5   361.2125    400 30 

  370.5   410.025    440 35 

  419.25   449.075    480 40 

  458.25   488.125    530 45 

  487.5   517.4125    560 50 

the spatial social network was not targeted at the signed social 
network. In the study, the greedy baseline algorithm was also 
developed for minimizing computing cost and time. In another 
research, Li et al. solved the Community-diversified Influence 
Maximization (CDIM) problem for social networks and 
obtained important results [20]. In a cutting-edge paper of 2022, 
soft computing techniques were used in social networks 
considering independent cascade models to obtain a dynamic 
seed set [17]. The authors modeled the graphs in a characteristic 
timestamp in which the edges and the nodes changed based on 
the various time intervals. The high scalability and accuracy of 
the proposed method to identify influential nodes in the snapshot 
graphs were also proved. Despite such interest and the benefits 
of the models, lack of an innovative model for solving the 
problem of maximizing influence in signed social networks in 
the related research is obvious. The issue of signed social 
networks considered in the presented model of this paper 
distinguishes it from the other state-of-art ones given in the 
literature.  

As a matter of fact, the results obtained in the current study 
can be extended and enhanced using other heuristic algorithms 
or deep learning (DL) techniques. Looking forward, further 
attempts could prove quite beneficial to the literature. The 
following suggestions are proposed for future works: 

TABLE XII.  THE OBTAINED RESULTS BASED ON Q = 0.9 

MIA-N Greedy Label 
clustering 

Seed size 
set 

 88.29 88. 69  90.21 5 

  149.6   154.175   180 10 

  206.8   220.25   270 15 

  261.8   281.92   337.5 20 

  319   341.3875   405 25 

  374   407.4625   450 30 

  418   462.525   495 35 

  473   506.575   540 40 

  517   550.625   596.25 45 

  550   583.6625   630 50 

TABLE XIII.  THE OBTAINED RESULTS BASED ON Q = 1 

MIA-N Greedy Label 
clustering 

Seed size 
set 

 98.036  98.19 100.25 5 

  166.6   171.675   200 10 

  230.3   245.25   300 15 

  291.55   313.92   375 20 

  355.25   380.1375   450 25 

  416.5   453.7125   500 30 

  465.5   515.025   550 35 

  526.75   564.075   600 40 

  575.75   613.125   662.5 45 

  612.5   649.9125   700 50 

 Improving the proposed algorithm by combining it with 
other algorithms. For instance, the label propagation 
algorithm can be combined with meta-heuristic 
algorithms such as Genetic Algorithm (GA) or Particle 
Swarm Optimization (PSO).  

 Using other clustering approaches such as clustering 
algorithms based on fuzzy logic. 

 Identifying influential nodes based on the degree of the 
first and second neighborhood nodes. This method 
should be used along with the presented method to 
determine influential nodes. 

 The use of routing algorithms to specify influential 
nodes. Using this technique, the nodes that are in high-
traffic routes among other nodes can be recognized as 
influential nodes. 

VI. CONCLUDING REMARKS 

In summary, the current paper gives an efficient algorithm 
for maximizing influence in signed social networks. A novel 
solution was presented to determine influential nodes to 
maximize influence in social networks. For this purpose, the  
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Fig. 4. The obtained results based on the different values of q 

 

Fig. 5. The obtained results based on the best values of q 

 

Fig. 6.  Average value per q 

similarity in the signed social network was calculated in the 
beginning. Then, the data were categorized and labeled using the 
label propagation algorithm, so that the data with high similarity 
was placed in a cluster. Then, the conventional nodes between 
two densely populated clusters were determined and influential 
nodes were calculated based on these nodes. After that, an  

TABLE XIV.   BEST VALUES IN SEED FIFTY BASED ON DIFFERENT Q 

MIA-N Greedy Label cluster q 

50 53.6625 70 0.1 

106.25 112.9563 140 0.2 

162.5 172.3162 210 0.3 

218.75 231.9412 280 0.4 

300 318.5962 350 0.5 

356.25 378.2875 420 0.6 

425 452.4875 490 0.7 

437.5 463.75 560 0.8 

468.75 496.875 561.3 0.9 

503.75 530 701.3 1 

TABLE XV.   AVERAGE VALUE PER Q BASED ON LABEL CLUSTER AND 
GREEDY 

MIA-N Greedy Label cluster q 

30.556 33.1093 44.384 0.1 

68.68 73.9133 88.819 0.2 

106.85 114.7682 133.178 0.3 

145 155.6032 177.519 0.4 

183.12 196.3782 221.914 0.5 

183.12 237.2633 266.28 0.6 

259.421 278.0402 310.685 0.7 

297.573 318.8723 355.021 0.8 

335.7490 359.7273 399.3960 0.9 

373.8736 400.5023 443.775 1 

assessment of the clustering algorithm was applied in order to 
detect the most influential nodes. Based on the experimental 
results, the positive influence spread parameter and the proposed 
algorithm could obtain the best results. The different q values 
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were used for the experiments based on which the various results 
were obtained. In the final test, the value of the positive 
influence spread parameter reached its highest possible value. 
Thus, the best values obtained in each test were obtained at a 
seed value of 50. 
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