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All social networks possess a community organization of actors, and these actors are 

unequal in importance and influence. In the last decade, identifying influential nodes in 

social networks has drawn significant interest due to their numerous applications, as they 

play a crucial role in influence maximization, rumor control, and other practical 

applications. In social network analysis, most works rely on centrality measures for defining 

the influential nodes in a network. Finding the centrality score of the nodes in real-world 

large-scale networks involve extensive computational complexity, making it necessary to 

address this research gap and find a solution. The main contribution of this paper is its 

innovative methodology, which improves the efficiency of identifying the influencers by 

reducing the time and resources required for network analysis. The research objective is to 

categorize nodes and identify overlapping regions indicating individuals' memberships in 

multiple clusters or communities. It also incorporates centrality measures like degree, 

closeness, and betweenness to assess the influence levels of nodes within these overlapping 

clusters. The paper investigates the relationship between the node centrality score and the 

location of the nodes in the network communities and, at the same time, proposes a graph-

based method to identify the influential nodes. The focus is on the overlapping nodes among 

the communities to understand how this factor influences the effectiveness of influencers. 

Through empirical analysis and simulations, the findings show a strong correlation between 

the node centrality score and the characteristic of overlapping nodes, which plays a crucial 

role in determining influencer efficacy. The research concludes that it is effectively possible 

to define the overlapping nodes as influencers since a vast majority of overlapping nodes 

have a high score of centrality compared to other nodes in network communities. 
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1. INTRODUCTION

Social networks play a central role in our daily lives, 

especially in light of the ongoing growth of web-based 

services and mobile devices. The content diffused by actors 

through social relations has direct influence on our beliefs, 

political opinions, and economic decisions are mainly affected 

[1]. The social network analysis use graph theory to present 

the network as a graph with nodes and edges, in which the 

nodes represent actors, and the edges define the relationship 

among the actors [2]. Real-world networks possess a modular 

organization of nodes, the so-called cluster or community 

structure [3, 4]. Despite the massive work that has gone into 

defining this property, there is still no formal agreement on the 

term that best describes a community [5]. It is intuitively 

understood as a tightly connected set of nodes where actors 

communicate more intensely with one another than with other 

network members [6, 7].  

 Communities in real networks usually overlap and even 

nest within one another, meaning that different communities 

might have some members in common, as in the case of social 

networks, where people can belong to several groups, such as 

family, friends, and colleagues [8]. These members are 

unequal in importance and influence. Influencers are the 

people with more spreading ability and can significantly affect 

audience behavior and choices in social networks [9, 10].  

In the last decade, identifying influential nodes in a graph 

has become a key research area due to its numerous 

applications [11], and it is worthwhile to provide an efficient 

way to identify these nodes. These vital nodes play a central 

role in controlling the spread of epidemics [12], ensuring 

efficient information diffusion [13], and essential for 

managing the spread of rumors [14]. 

Much previous research demonstrated how the community 

structure has a significant role in addressing some problems, 

such as modeling information spread and marketing 

applications [15]. Community detection helps to simplify 

large-scale social network analysis because grouping nodes by 

clustering methods is the basis of their connectivity or other 

attributes [16]. Despite these studies, there was no effective 

utilization of this feature for measuring the influential nodes 

in social networks, and the focus remained on traditional 
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centrality measures that are characterized by their high 

complexity. 

In the context of related works and the systematic literature 

review as clarified in the study [17], five methods are 

commonly used to identify influencers: “Data mining 

techniques, machine-learning-based approaches, 

metaheuristic algorithms, graph-based methods, and hybrid 

approaches”. Given the characteristics of a social network 

structure based on member nodes and links between them, it is 

easy to model these structures in graph form. Thus, the graph-

based is the most popular approach for solving social network 

problems, including influencer detection. 

Numerous studies were conducted following a graph-based 

approach, like the work [18] that introduces the enhanced K-

shell algorithm to uncover the most influential nodes and 

identify the communities to which they reside. On the other 

hand, the research [19] suggests a method to identify opinion 

leaders using node input and output degree parameters, in 

addition to a study [20] that finds influencers using a parallel 

algorithm based on user behavior. Despite the promising 

results of these studies, most of their techniques rely on finding 

the centrality score of nodes, where the flow of information 

among communities can be controlled by high centrality nodes, 

making them strategic targets for maximizing the spread of 

information or marketing campaigns. However, there is a 

challenge with finding the centrality score of the graph nods 

that requires lots of calculations to be processed. Research 

evidencing the overlapping nodes and centrality measures in 

social networks shows a remarkable relationship between 

location of nodes within network communities and node 

centrality. The Overlapping nodes are important for influencer 

detection and demonstrate higher centrality scores as they 

which belong to multiple communities. These empirical 

studies prove that these nodes can be effectively recognized as 

influencers due to their significant positions that perform an 

extensive information distribution. An example, Sabharwal 

and Kaur [21] used several centrality measures to highlight 

key nodes within community structures and to identify the 

necessity of combining multiple measures for better accuracy. 

Other recent study [22], trying to combine the characteristics 

of local and global networks to validate its effectiveness in 

pinpointing influential nodes. Same scenario [23] leveraged 

skill-based user profiles and a unique PageRank algorithm. 

Their mission is to identify influential nodes in online social 

networks. Also, research [24] demonstrated the community 

detection role and bridge detection in enhancing the efficiency 

of node centrality computations, and they are crucial for 

identifying influencers in large networks. A high-quality 

subgraph extension in local core regions to develop a novel 

overlapping community detection algorithm was developed by 

researchers [25], showing the role of these nodes in supporting 

the stability and cohesion of network. From this, we can draw 

that the overlapping nodes and advanced centrality measures 

will effectively facilitating information flow, innovation, and 

community cohesion within complex social networks.  

Based on this, there was an incentive to find an efficient way 

to identify influential nodes without the need to calculate the 

centrality score of the nodes. The idea was to consider the 

overlapping nodes as influential nodes and validate this 

assumption by measuring the centrality of overlapping nodes 

using the four basic centrality measures to check if there is a 

correlation between the fact that the node is overlapping and 

the degree of its centrality. 

This paper utilizes a graph-based method that focuses on 

overlapping nodes, where the unique positions of these 

overlapping nodes enable them to bridge various communities 

and facilitate or block the flow of information across the 

network. Three real networks were used for evaluation 

purposes in the experimental study, and four centrality 

measures (degree, eigenvector, betweenness, and closeness 

centrality) were used with generated graphs from datasets. The 

results show that the vast majority of overlapping nodes are 

characterized by high centrality, as they are located in the first 

quadrant, arranging nodes according to the degree of centrality. 

The paper concludes that overlapping nodes play a vital role 

in information propagation through social relations, and it is 

possible to adopt them as influencers, avoiding the complexity 

of finding the centrality score. The following section details 

the four basic centrality measures used in the evaluation 

process: 

Degree Centrality [26]: The degree centrality of a node 

refers to the number of ties incident upon a node. For a given 

graph with vertices and edges, the degree of centrality for node 

i is defined as in Eq. (1) [27]. 

 

𝛼𝑑(𝑖)∑𝑎𝑖𝑗

𝑁

𝑗=1

 (1) 

 

where, aij obtained from the adjacency matrix (one-step 

neighborhood) representing the graph G connectivity, where 

aij=1, if node i and node j are connected and aij=0, otherwise. 

Eigenvector centrality: Is a natural extension of degree 

centrality [28], where an actor has more influence if it is in 

relation to influencer actors. To put it another way, the node's 

centrality depends not only on the number of its neighbors but 

also on the value of their centrality. It is calculated by finding 

the largest absolute eigenvalue and its associated eigenvector 

(leading eigenvector) of the adjacency matrix, Eq. (2). 

 

𝑋𝑖 = 𝜆−1∑𝐴𝑖𝑗𝑋𝑗
𝑗

 (2) 

 

where, Xi is the score at the node i, Aij is the correspondent value 

on the adjacency matrix, and λ is the eigenvalue. Figure 1 

illustrates the calculation of this metric, where the graph nodes 

are labeled with their eigenvector centrality [29]. 

 

 
 

Figure 1. Illustration of the eigenvector centrality measure 

 

Closeness Centrality: In graph theory, this metric is 

defined as a sophisticated centrality measure of a node [30]. 
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Nodes have higher closeness if they tend to have short path 

lengths to other nodes in the graph. The work [31] 

demonstrates that “closeness centrality is the inverted sum of 

topological distances to every other node from a given node. 

It is calculated as illustrated in the Eq. (3). 

 

𝛼𝑐(𝑖) =
𝑁 − 1

∑ 𝑑(𝑖, 𝑗)𝑁−1
𝑗=1

 (3) 

 

where, the length of the shortest path between nodes i and j is 

denoted by d(i, j). 

Betweenness Centrality [32, 33]: The betweenness measure 

is usually utilized to detect the amount of influence a node has 

over the diffusion of information in a network. Each node in the 

graph is given a score based on the number of shortest paths 

between every pair of nodes that travel through that node. In 

other words, a graph node is considered well connected if it lies 

on many of the shortest paths between other nodes. It is clarified 
as in Eq. (4). 

 

𝛼𝑏(𝑖) = ∑
𝜎𝑖(𝑠, 𝑡)

𝜎(𝑠, 𝑡)
𝑠,𝑡≠𝑖

 (4) 

 

where, σ(s,t) represents the number of shortest paths between 

nodes s and t whereas σi (s,t) is the number of those paths that 

pass through node i. 

The Dataset: Three datasets were used to validate the 

experiments, as detailed in Table 1. 

 

Table 1. Summary statistics of used datasets 

 
The Datasets No. Nodes No. Edges 

Karate club 34 78 

Dolphins online social network 62 159 

Wikipedia who-votes-on-whom 

network 
889 2914 

 

Focusing on nodes that bridge multiple network clusters, 

and then maximizing their influence spread potential could be 

led by defining influencers based on their centrality score 

within overlapping communities. This new approach 

underscores the importance of nodes that serve as inter-

community connectors in comparing to the state-of-the-art 

methods like global and local centrality measures, which 

evaluate nodes based on their individual connections or overall 

network paths. Such work [34] proposed a novel centrality 

measure combining degree centrality and network path 

characteristics. This method is to validate by Spearman and 

Pearson correlations on benchmark dataset. Such work 

showed superior performance in identifying influencers. In 

addition, this approach has been tested with the SIR model for 

virus spread and confirmed its sufficiency in predicting 

influential nodes capable of maximizing information diffusion. 

Another study [35] achieved high accuracy in diverse network 

scenarios by the efficacy of blending local and global 

centrality measures. Therefore, the traditional methods of 

identifying influential brokers are limited to consistently 

identify influencers across different network structures so they 

need for integrative improvements. In conclusion, introducing 

the overlapping nodes and enhanced centrality measures 

provide an excellent improvement over traditional 

benchmarks by effectively capturing nodes that utilizing 

extensive inter-community influence. 

2. LITERATURE REVIEW 

 

In this section, we follow the common approach for a 

literature review process, which includes stages like defining 

the research question, searching for relevant literature, 

screening and selecting sources, analyzing and synthesizing 

the findings, and finally comparing such existing related work 

and identifying the research gap of our proposed work. In this 

review, the literature scanned covers the past five years. 

Furthermore, the majority of these publications are from 

reputable journals, especially those published within the last 

three years, starting from 2022. Based on the chosen paper’s 

topic, some aspects are considered as objectives of our 

research question. The used dataset, methodology applied, 

results evaluation, and most importantly, the measures utilized 

in each work. In addition, the review methodology we follow 

is a synthesis manner, so that we criticize the related work and 

compare results in order to conduct our research question.  

The work [36] present a study whose primary goal is to 

identify the most influential social media influencers in the 

food and beverage industry on Twitter by using centrality 

measures. The dataset used for the study consists of Twitter 

data with the hashtag #pizzahut, which was collected using the 

Twitter API. The work utilized four centrality measurements 

for the comparative analysis. Degree centrality to measure the 

number of connections of a node. Betweenness to quantify the 

node's position as a bridge between other nodes. Closeness to 

find the closest nodes for others. There are some shortcomings 

in their work, it focuses only on Pizza Hut, which may limit 

how the findings can be applied more broadly. Also a lack of 

detail in the methodology, which could affect the study's 

transparency and the ability for others to replicate the results.  

Additional work [37] utilized three real popular networks: 

Les Miserables network (LesM), the Adjectives and Nouns 

network (Word), and Zachary network (Zachary). It is 

important to mention that the metrics utilized in this study are 

degree centrality, PageRank, HITS, and the global structure 

model. The SIRIR model as a ranking mechanism is employed 

to supply a susceptible infected recovered model and to 

measure the spreading influence of the top-ranking nodes. 

Each metric captures different aspects of node influence, and 

integrating them offers a more complete view of node 

centrality. In fact, individual centrality metrics may have 

biases or limitations in a particular network. Another issue is 

the computational complexity, making it challenging to apply 

on large networks, and the assumption of homogeneity, by 

which centrality indices may assume homogeneity in the 

network structure, causing the overlooking of the diversity of 

node roles and functions. Another study [38] applied their 

approach to the social network data from Huawei Company. 

Their results showed that different centrality measures do not 

produce similar influencers across different social media 

platforms. The betweenness, eigenvector, closeness, and 

degree centrality measures were primarily utilized in this work. 

The noticeable shortcoming of their work is the dataset size. It 

only included relationships among 1000 people which may 

limit the generalizability of the findings. However, their 

contribution was excellent with respect to their conclusion, 

which states that regardless of the number of individuals 

chosen as influencers, the Jaccard indices consistently remain 

below 20%, indicating a lack of similarity in identified 

influencers across platforms.  

The author in corresponding, such as: Yang et al. [39] 

introduced a new model called the centrality measure, DCC. It 
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involves clustering, degree, coefficient, and neighbor 

information to detect influential nodes within large complex 

networks. This novel work offers highly enhanced results in 

identifying influential nodes in comparison with traditional 

centrality measures. The study utilized four real networks: 

USAir97, Karate club for social relationships, Email network, 

and Jazz musicians jazz musicians. The study utilized a variety 

of measures: degree centrality, closeness centrality, 

betweenness centrality, eigencentrality, K-shell centrality, 

Local centrality, and the centrality proposed in a previous 

study (NP) were applied for comparison with the DCC 

centrality measure. In terms of computational resources, the 

study [39] requires significant computational resources to 

analyze the datasets. A demonstrated work [40] utilized a 

dataset involving information on team attributes, relationships, 

and expertise within product development project 

organizations. There were a couple of indices used: modularity 

index, silhouette index, expertise overlap, and centrality 

indices to assess the clustering results and organizational 

network. This work was implemented by employing a social 

network analysis (SNA) approach to analyze the structural and 

attribute similarities among product development teams. 

Meanwhile, this work is not free of limitations. It may include 

assumptions made in modeling team attribute similarity, 

potential biases in data collection, and the complexity of 

interpreting social network analysis results. Also, it requires 

sufficient computational resources for analyzing large datasets 

and conducting social network analysis on complex 

organizational structures.  

Based on social sites, an experimental study [41] used four 

real network datasets. These have a variety number of nodes 

and edges to evaluate the ranking efficiency and time 

consumption of the tested method. The study employed a 

clustering method in conjunction with centrality measures to 

rank nodes in large networks. Such a shortcoming suggests 

that future research directions to include exploring additional 

accuracy metrics, memory usage evaluation, and the 

complexity of centrality measures when combined with 

clustering algorithms. Another drawback is in large graphs, the 

computational complexity of these calculations can increase 

significantly, leading to longer execution times, and storing 

the necessary information for centrality calculations in large 

graphs can require substantial memory resources. Large 

number of datasets were utilized by the work [42]. The study 

applied 33 real-world networks from various domains; 

biological, social, infrastructural, collaboration, and 

ecological networks. The community structure of these 

networks was uncovered using the Louvain and Infomap 

detection algorithms. Also, this work applied diverse measures 

like; centrality measures were employed, including degree, 

closeness, maximum neighborhood component betweenness, 

and to quantify the importance of nodes within the networks. 

However, this work needs further research to address 

performance issues in networks with few and large 

communities and to adapt the ranking scheme for networks 

with overlapping community structures. Such work [43] used 

five data networks for evaluation, including Facebook, NS, 

Jazz, PB, Email, and USAir. The results were best compared 

to other algorithms, especially for datasets that have numerous 

links and closely related neighbor nodes using a new model 

called DKGM_CLC algorithm. Although the study aimed to 

improve the gravity model by employing the local clustering 

methods to improve influential node detection in social 

networks and node position information, there are potential 

biases or assumptions made during the model development 

and evaluation. So, future research should aim to test the 

model on a more extensive range of datasets to assess its 

generalizability across different network structures and 

characteristics. This work [44] utilized 13 real-world networks 

in their experiments for assessing the proposed LGI-VIKOR 

algorithm performance in complex networks for influential 

node detection. The metrics used are degree centrality, 

Shannon entropy, clustering coefficient, and the VIKOR 

method to evaluate the local and global influences of nodes 

within complex networks. The paper lacks detailed 

information on the implementation and computational aspects 

of the LGI-VIKOR algorithm. The significant contribution 

proposed by LGI-VIKOR is the enhancement of the traditional 

measures such as degree centrality and the k-shell by 

integrating local and global influences to assess node 

importance in complex networks comprehensively. 

Another recent research [45] utilized four datasets: Cora, 

Citeseer, PubMed, and Amazon Computers. Each with 

varying numbers of nodes, edges, classes, and features. The 

study provided a significant advancement in influence 

maximization by the bet-clus method over traditional graph 

metrics for seed node selection. There are various metrics used: 

Betweenness centrality, clustering coefficient, closeness 

centrality, and degree centrality were compared with bet-clus 

for seed node selection based on network coverage. However, 

the study has some limitations in scalability for large networks 

and the need for heuristic solutions due to the complexity of 

the influence maximization problem. Three datasets used in 

the study [46] consist of online social network data, potentially 

from platforms like Facebook, Twitter, or Orkut. Meanwhile, 

centrality measures, such as Principal Component Centrality 

(PCC) and Eigen Vector Centrality (EVC), are utilized for 

node influence evaluation within the network. The Principal 

Component Analysis (PCA) was applied by this model to 

reduce the dataset dimensionality while preserving essential 

information. However, one of the most obvious limitations of 

the model is the focus on influential neighborhoods rather than 

individual nodes, which may overlook specific node-level 

influences. Researchers proposed a novel model for the GISR 

centrality measure, which is a parameterizable metric designed 

within influence spread models identifying influential actors 

in social networks [47]. The research was carried out on the 

Crime-Moreno dataset from the Network Repository. The 

difference in relevance of specific parameters actually testifies 

to the difference in network characteristics. Parameterizable 

centrality from GISR is highly appreciated because of this 

feature; researchers can adjust centrality measures to network 

characteristics and further to research requirements. GISR is, 

therefore, a method that may bring forth new insights into the 

location of influential actors for different social network 

contexts, through the adjustment of parameters such as depth 

levels and probabilities. 

 

 

3. PROPOSED METHODOLOGY 

 

The main research objectives include three steps. The first 

step is to create graphs (for evaluation purposes, the centrality 

of all graph nodes is measured using the four measures of 

centrality degree, eigenvector, betweenness, and closeness 

centrality). 

The second step consists of detecting network communities 

and identifying overlapping nodes. Finally, in the third step, 
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the key influencers are selected from the overlapping nodes. 

The main question we are trying to answer is whether the 

overlapping (inter-community) nodes are often highly 

centralized compared to the centrality score of the remaining 

nodes. Figure 2 summarizes the proposed method and 

evaluation process. 

 

 
 

Figure 2. Summary of research methodology 

 

3.1 Graph creation 

 

To model social relations, the information impeded in each 

dataset is represented as undirected graph G(V,E), where V is 

the set of nodes and E is the set of edges [48]. At the end of 

this step, three graphs are generated, one from each dataset. 

Figure 3 illustrates this on the three datasets. 

 

3.2 Community detection 

 

In this step, the communities are uncovered for every 

generated graph, and the associated overlapped nodes are 

identified. We adopt the "agglomerativE hierarchicAl 

clusterinG based on maximaL cliquE" (EAGLE) algorithm [7] 

to detect the community structure and, in turn, identify the 

overlapped nodes of the graph. 

 

Table 2. The outcome of community detection 

 

The Datasets 
No. 

Communities 

No. Overlapping 

Nodes 

Karate club 3 3 

Dolphins online social 

network 
4 7 

Wikipedia who-votes-

on-whom network 
21 42 

 

The algorithm was utilized for its simplicity due to its 

minimal required parameters, and its quality function of 

modularity ensured accurate detection results for both 

overlapping and hierarchical communities. “Hierarchical 

means that communities may be further divided into 

subcommunities” [7]. Instead of dealing with a set of single 

vertices, the EAGLE algorithm uses an agglomerative 

framework to handle a list of maximal cliques. A clique that is 

not a part of any other clique is said to be the maximum. The 

EAGLE initially identifies all the maximal cliques in the 

network using the well-known Bron–Kerbosch parallel 

algorithm for its simplicity. To guarantee the algorithm's 

efficiency, it is necessary to discard certain cliques whose 

vertices are part of larger maximal cliques, and these are 

referred to as Subordinate maximal cliques. A dendrogram and 

a relevant cut are selected to divide the dendrogram into 

communities [49]. Due to the fact that the densely linked 

community typically comprises a sizable clique that could be 

considered the community's nucleus and could be considered 

the core, the EAGLE is presented as an agglomerative 

hierarchical clustering algorithm. The computational 

complexity of this algorithm may not be the most efficient, but 

it is suitable for the networks size used in the experiment and 

yields satisfactory results. Table 2 illustrates the outcome of 

this step. 

 

 
(a) 

 
(b) 

 
(c) 

 

Figure 3. Visualizations of the community structure 

(a) Karate club (b) Dolphins online social network (c) 

Wikipedia who-votes-on-whom network 
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3.3 Centrality measure 

 

For evaluation purposes, the four popular fundamental 

centrality measures have been used in the study: degree 

centrality, eigenvector centrality, closeness centrality, and 

betweenness centrality. In this step, each centrality measure 

that was previously explained is applied to the configured 

graphs, and the node centrality is calculated for each measure 

separately. As a result of this step, four lists of nodes are 

created for each graph (one for each centrality measure), in 

which the nodes are sorted in descending order based on the 

centrality score. The outcome of this step is used for 

comparison and validation tasks. 

 

3.4 Correlation result and influential nodes selection 

 

Based on the outcome of the previous steps, a comparison 

was conducted to investigate the relationship between node 

centrality and the characteristic of being one of the 

overlapping nodes. 

We claim that the overlapping nodes are characterized by 

high centrality scores compared with other nodes and they can 

be selected as influencer nodes directly without the need to 

find the centrality measure of graph nodes. It is important to 

confirm this claim and reveal the extent of the correlation, in 

addition to understanding the behavior of the overlapping 

nodes concerning each centrality measure. As explained 

earlier, the previous steps produced each dataset with four lists 

of nodes arranged based on their score on the basic four 

centrality measures, and the overlapping nodes are identified 

by their appearance in the sorted lists. We divided each of 

these lists into four quarters (Q1, Q2, Q3, and Q4) and counted 

the number of overlapping nodes in each quarter to examine 

the relationship between the degree of centrality and the merit 

that the nodes were overlapping (see Table 3). For instance, in 

Karate club graph, almost all the overlapping nodes are within 

the first quarter of the sorted nodes for all centrality measures. 

Figure 4(a-c) shows the distribution of nodes based on their 

centrality score in each centrality measure, where the 

overlapping nodes appear in blue color, and non-overlap nodes 

with red color. 

 

Table 3. The number of overlapping nodes in each quadrant (Q) of sorted node list 

 
    Mesures 

Dataset 

Degree Eigenvector Closeness Betweenness 

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

Karate club. 3 0 0 0 2 1 0 0 2 1 0 0 3 0 0 0 

Dolphin. 5 2 0 0 3 2 1 0 5 1 1 0 5 2 0 0 
Wikipedia. 33 9 0 0 28 7 5 3 15 12 7 6 36 5 1 0 

 

 
 

Figure 4a. The distribution of nodes on the basis of their centrality, Karate club 
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Figure 4b. The distribution of nodes on the basis of their centrality, Dolphins network 

 

 
 

Figure 4c. The distribution of nodes on the basis of their centrality, Wikipedia dataset 
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4. DISCUSSION 

 

In the Karate club dataset, the patterns across all four 

measures suggest that overlapping nodes are likely to be more 

central and influential in the network. In closeness centrality, 

the overlapping nodes tend to have higher closeness centrality 

values, which indicates they are generally closer to all other 

nodes in the network. It could mean they are more efficient in 

disseminating information within the network. With 

betweenness centrality, the overlapping nodes start with a 

higher betweenness centrality but then align with non-

overlapping nodes as the node number increases. It suggests 

that the majority but not all of overlapping nodes are crucial in 

connecting different parts of the network. However, by 

Eigenvector Centrality, overlapping nodes show higher 

eigenvector centrality values for the initial nodes, but like 

betweenness centrality, this influence does not extend across 

all overlapping nodes. Finally, with Degree centrality, the 

overlapping nodes demonstrate a higher degree of centrality at 

the beginning, which sharply declines. It might mean that most 

overlapping nodes have many connections, but some do not 

maintain this level of direct connectivity. Thus, the 

overlapping nodes have the potential to be key influencers due 

to their higher centrality measures.  

With the Dolphin dataset, Degree centrality reveals most 

nodes have low connectivity; overlapping nodes have 

marginally higher connections, hinting at their central role. 

And, Eigenvector centrality selects few nodes as influential, 

with overlapping status not strongly affecting influence. With 

closeness centrality, some overlapping nodes are central, 

potentially reaching others more quickly. However, by 

Betweenness centrality, an overlapping node stands out as a 

critical connector, significantly affecting the network's flow 

paths. The network has a few pivotal nodes that ensure 

connectivity, with overlapping nodes being slightly more 

central. Overall, the network is not overly dependent on any 

single node for its functionality. Across these centrality 

measures, the network appears to have a few nodes that are 

crucial in terms of connectivity and flow. The overlapping 

nodes sometimes have higher centrality scores, suggesting 

they might have a slightly more central role in network 

cohesion and flow. However, the network generally lacks a 

large number of highly central nodes, indicating that it's not 

heavily reliant on a small number of nodes to maintain its 

structure or function. This could suggest robustness against the 

removal of any single node but also a potential lack of 

efficiency in information or resource distribution. 

With Wikipedia, in Degree Centrality, a small number of 

nodes (both overlapping and non-overlapping) have very high 

degrees, suggesting such nodes are connected with many other 

nodes. However, most of the nodes have significantly lower 

degrees, implying a network structure that might be skewed 

towards a few highly connected nodes. However, with the 

Eigenvector centrality, while some nodes have relatively high 

centrality values, indicating they are not only connected to 

many nodes but also to nodes that are themselves highly 

connected, the centrality scores decrease rapidly as we move 

down the list of nodes. In Closeness, the network might have 

a dense core of nodes that can broadcast information and 

resources across the network efficiently because of the shorter 

path lengths to other nodes. Meanwhile, the betweenness 

centrality a few nodes have significantly higher betweenness 

centrality scores than the rest. This implies that these nodes act 

as critical bridges within the network that control the 

information and resources flow within the network. The steep 

decline in betweenness centrality values suggests that after 

these key nodes, the role of other nodes as intermediaries drops 

off quickly. Thus, we conclude that the presence of nodes with 

high degree and eigenvector centrality values indicates a 

network with influential hubs that are not connected to other 

well-connected nodes, enhancing their importance. The 

closeness centrality results highlight the efficiency of the 

network's core in disseminating information, while the 

betweenness centrality underscores the critical role certain 

nodes play in connecting disparate parts of the network.  

In real-world applications like marketing and information 

diffusion, overlapping nodes as influential in social networks 

has high impact on such fields. Because the nodes in 

overlapping communities have high connections across 

multiple communities, they could possess high centrality 

scores and prone to hold more significant positions within the 

network. Such a position provides them ability to act as 

bridges, facilitating the information diffusion across diverse 

communities more efficiently than nodes confined to a single 

group. We would have campaigns more effective and 

widespread in the context of information dissemination due to 

targeting overlapping nodes can enhance the speed. In 

example, in public health campaigns, leveraging these nodes 

can achieve mission of crucial information to reach a broader 

audience more efficiency. Overlapping nodes can be 

considered an effective marketing strategies as they can 

enhance brand visibility and reach because these nodes 

naturally propagate information to a wider and more varied 

audience. This ability allows businesses to identify and target 

the best impactful nodes in their advertising campaigns. Our 

research has been motivated by recent work [50-54] within last 

four years. So, such work underscores the value of 

incorporating centrality measures and community structure 

into the process of influencers identification, thereby 

maximizing the impact of promotional efforts in social 

networks and optimizing resource allocation. 

 

 

5. LIMITATIONS  

 

Beside these significant findings, we would like to mention 

some limitations that should be outlined for future work. One, 

being the reliance on centrality measures could overlook other 

critical factors which influencing node influence, like the 

nature of connections or node activity levels. Also, the 

simulation models have inherent assumptions that may not 

fully capture real-world complexities. Future research needs to 

explore additional metrics beyond centrality and address these 

limitations by incorporating various types of networks. 

Furthermore, the improvements in the methodology may 

include the impact of dynamic network evolution on 

influencer efficacy and longitudinal studies to observe changes 

in influencer roles over time. This enhancement will offer 

comprehensive understanding of practical applications in 

social network analysis and influencer detection. 

 

 

6. CONCLUSIONS 

 

Through the experiments conducted on real networks and 

according to the proposed methodology, we conclude that 

overlapping nodes tend to exhibit higher centrality values 

across various measures compared to non-overlapping nodes. 
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However, It is worth mentioning that the overlapping nodes 

have a very high centrality of betweenness compared with the 

rest of the centrality measures. It suggests overlapping nodes 

play more central and influential roles in the network, acting 

as key connectors, information disseminators, and potentially 

critical influencers in network dynamics. Understanding and 

targeting these overlapping nodes can significantly impact 

network dynamics, connectivity, and overall network 

performance. Through the foregoing, it is possible to define 

the overlapping nodes as influencer nodes and avoid the high 

power of calculation needed to uncover the influencer by 

finding the centrality score of graph nodes. It is promising to 

take advantage of the feature that the nodes overlap among the 

communities in many applications, especially in social 

networking applications that aim to maximize the spread of 

information and other applications such as rumor control. 
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