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Abstract: Social network is one of the most prominent phenomena that greatly influence life in the 

present time. These media have changed the way people interact with others, the ways they 

communicate, and participate in global and local events. individuals on social network platform 

greatly influence each other's opinions and trends, but the degree of influence varies from one 

person to another greatly depending on many factors, such as fame, published content, target 

audience, and interaction with followers. This leads to varying influence of individuals on these 

platforms. Influential people can be opinion leaders on social platforms. In fact, these leaders 

constitute a large part of the process that influences the decisions of many individuals and 

companies, whether at the level of product selection or cultural and social trends. Discovering and 

identifying opinion leaders is very important for several reasons: directing public opinion, 

marketing and advertising, political and social analysis, and others. In this paper, we proposed a 

method to discover opinion leaders by focusing on the structure of social graphs and the position 

occupied by individuals. The centrality of nodes representing individuals were calculated by 

utilizing two essential measures: the degree centrality and betweenness centrality, but with different 

weights that were determined in a studied way. The method was tested on real-world dataset for 

three social networks and the results were promising when compared with the baseline. 
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1.  Introduction 

Social network has become a crucial component of our everyday lives and plays a 

significant role in various personal, social, economic, and cultural dimensions [1][2]. 

Platforms like Facebook and Twitter offer a means to connect with friends and family, 

enabling individuals to engage with others who share similar interests or professions, 

thereby increasing opportunities for social interaction and creating new networks of 

relationships [3][4]. These communication platforms have evolved into a primary source 

for breaking news and information, allowing people to stay updated on global and local 

events instantly and share their thoughts and ideas regarding political and social matters 

[5].  

In the field of social network analysis, social networks are typically represented as graphs 

𝐺 (𝑉, 𝐸) which consist of nodes 𝑉 that symbolize individuals or entities within the 

network, and set of edges 𝐸 that represent the relationships or interactions among these 

individuals, where edges may be directed or undirected based on the type of relationship 

present on social platform [6][7]. 

Individuals establish connections with one another in social networks through various 

relationships, and the dynamics of these networks influence how quickly and effectively 

content spreads. Individuals in these networks differ in their ability to influence others, for 

instance, individuals with a vast number of connections often wield greater influence [8][9]. 

This category includes celebrities, influencers, and journalists who boast millions of 

followers. 
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Social network opinion leaders are those individuals who hold significant influence over their communities or online 

audiences [10]. The concept of opinion leadership emerged in the field of communication studies during the 1940s and 

1950s. In 1944, Professor Lazarsfeld discovered through his research that public communication does not directly reach 

the masses; instead, it is first filtered by opinion leaders before it reaches the general population [9][11]. 

Opinion leaders are the individuals greatly affect their communities or online audiences. They typically excel in specific 

domains such as technology, health, and politics and have numerous followers who place trust in their views and consider 

their recommendations, because they have strong communication skills that enable them to build relationships with their 

followers and provide influential content [12][13]. 

Identifying opinion leaders in social network is crucial across various fields, including marketing, politics, education, 

and social influence, due to their considerable capacity to sway the opinions and attitudes of followers and shape their 

thoughts and decisions based on the information these leaders share.From a marketing and brand promotion perspective, 

social media opinion leaders serve as powerful assets in marketing products and services [10][14]. They possess the ability 

to affect purchasing choices and draw attention to specific brands, thereby boosting sales and enhancing popularity. 

Regarding social issue awareness, opinion leaders can help disseminate information concerning social and humanitarian 

issues that matter to society, such as environmental challenges, human rights, and equality [15][16]. They can significantly 

motivate individuals to engage with these matters and contribute to effecting change. In summary, recognizing opinion 

leaders on social media enhances the understanding of the digital community and aids in influencing both individual and 

collective decisions through their capacity to shape public sentiment. 

In social network platforms, numerous opinion leaders can be found, but pinpointing a reliable and genuine opinion 

leader is quite a challenging endeavor [12]. Numerous studies have been conducted to identify the opinion leader within a 

social network. The researchers investigated different methods based on a variety of factors such as “trust models and 

metrics, the total number of tweets, fuzzy logic, belief network, game-theoretic model, clustering, and text mining and 

many more” [17][18] [19]. In this paper, we propose a technique for recognizing opinion leaders based on the centrality 

scores of the nodes within a social network, specifically focusing on both degree centrality and betweenness centrality but 

with varying weights. Since the centrality score of nodes is a vital measure of individuals' ability to disseminate content 

and attain greater influence through their connections. We performed an experiment and simulation involving three actual 

social networks. The outcomes were documented, analyzed, and debated. The findings indicated that the suggested 

approach for identifying opinion leaders is a promising and dependable method. 

 

2.  The Proposed Methodology 

This essential section of the study, explains the proposed methods and techniques that were used to collect and analyze 

data in order to achieve the research objectives. The methodology explains how the research was conducted and why these 

specific methods were chosen. Figure 1 shows the framework of mining the opinion leaders. 

 
 

Figure 1. The general structure of proposed method 
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2.1 The Datasets 

The Datasets considered one of the basic tools in scientific research in various fields; as it represents the basic sources 

that researchers rely on to obtain results and analyses. A dataset can be defined as a set of data that has been collected or 

created for the purpose of conducting a specific analysis or study. In this work four different types of datasets were carefully 

selected to suit the paper objective in order to reach more accurate and reliable conclusions. Below is an explanation of the 

datasets used in the experiment, along with an explanation of the nature of the information contained therein. Table 1 

provides an overview of the fundamental statistics of the used data, such as the number of nodes and edges, in addition to 

mentioning the type of relationship between individuals in the social network, as well as the references of obtaining the 

data. 

Table 1. The datasets overview 

 

Name No. nodes No. edges Type Ref. 

Twitter 475 13,289 directed [20] 

Facebook 4039 
 

88234 
undirected [21] 

Sina Weibo 320 526 directed [22] 

 

i- Twitter 

This network illustrates the Twitter interaction dynamics among the 117th United States Congress, encompassing both 

the House and Senate. The foundational data was gathered using Twitter’s API, and then the actual transmission 

probabilities were measured based on the proportion of instances in which one member re-tweeted, quoted, replied to, or 

referenced another member’s tweet [20]. 

ii- Facebook 

This dataset contains “circles or friends lists from Facebook” [21]. The data has been anonymized by substituting the 

original internal user IDs with new values. Furthermore, while the dataset includes feature vectors, their meanings have 

been intentionally obscured. For example, where the original dataset might have listed a feature as "political=Democratic 

Party," the revised dataset simply presents it as "political=anonymized feature 1." Hence, even though the anonymized data 

allows for determining whether two users share the same political views, it does not reveal the specific political affiliations 

of each user. Although we did not utilize the user's profile in the experiment, it is an important feature that can be used in 

future research because of its great information. 

iii- Sina Weibo  

Sina Weibo [22], commonly referred to as Weibo, is a Chinese microblogging platform that resembles Twitter. It serves 

as a media for fostering user connections, enabling the sharing, dissemination, and reception of information. Users can 

upload images and videos for public sharing through both the website and mobile application. Other users are encouraged 

to engage through comments, which can include text, pictures, and videos, as well as a multimedia instant messaging 

service. Sina Weibo has emerged as a primary source for a diverse array of information, including breaking news, social 

events, and product insights. Understanding user interests and behaviors is of significant value, as it presents opportunities 

to enhance comprehension of information dissemination mechanisms and identify opinion leaders within social network 

sites. User interaction is pervasive on the platform; users can leave comments on others’ posts and respond to comments 

on various threads. Additionally, Sina Weibo promotes user participation in its identity verification program to further 

enhance the integrity of the platform. 

2.2 Graph Formation 

For each data used in the experiment, a graph was created that represents the nature of the relationships between social 

network users. As a result of this step, three graphs were created. Representing social networks through a collection of 

nodes and edges is a widely utilized methodology for comprehending and visualizing the intricate relationships among 

various individuals or entities within a network. This approach is commonly referred to as graph representation or graph 

network representation G(V, E). In this framework, each individual or entity in the network is denoted by a node, V = (v1, 

v2,...,vn)  while the relationships among those entities are indicated by edges E = (e1, e2,..., en). Nodes: Each node signifies 

a distinct entity within the network, which may encompass persons, groups, companies, or even websites. In the context of 

social networks, nodes predominantly represent individuals. Edges: An edge serves as a connector between two nodes, 

illustrating the relationship that exists between the entities. Within social networks, edges can embody different types of 
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relationships, such as friendships, followers, messages, or other forms of interactions. Furthermore, edges may be classified 

as directed—signifying a one-way relationship, such as a follower on social media—or undirected—indicating a reciprocal 

relationship between the two nodes, as seen in friendships. 

 

2.3 Finding Nodes Centrality 

Determining the centrality of actors within social networks involves evaluating significance of each actor (or "node") 

based on their relationships with other actors. In the context of social networks, centrality pertains to the capacity of an 

individual or entity to cause the dissemination of information, make decisions, or impact the overall network. There are 

various measures available for centrality in social networks, here we utilize two metrics: Betweenness and degree 

centrality. 

Betweenness Centrality: This centrality measures how much information passes through a particular node. A node that is 

between many other pairs of nodes may have considerable influence within a network by virtue of their control over 

information passing between others. The Betweenness of any given node is calculated as in equation 1 [23]. 

 

𝐶𝑏(𝑣) = ∑
𝜎𝑠𝑡 (𝑣)

𝜎𝑠𝑡𝑠≠𝑣≠𝑡
               (1) 

Where “ 𝜎𝑠𝑡  is the total number of shortest paths from node 𝑠 to node 𝑡  and 𝜎𝑠𝑡 (𝑣) is the number of those paths that 

pass through 𝑣”[23]. Figure 2 shows an example of how this measure is calculated. 

 
Figure 2. An example of node Betweenness [19]. 

Degree Centrality [24]: Degree centrality, the most foundational and conceptually straightforward measure, is defined as 

the total number of connections associated with a node (i.e., the quantity of ties a node possesses). This type of centrality 

is calculated by counting the number of links (relations) a node has. The more links, the more central the node. Equation 2 

shows the calculation of this metric. 

                                                                                𝐶𝑑(𝑣) = deg (𝑣)                                                                                  (2) 

deg(𝑣) The number of links directly connected with node𝑣. 

 

2.4 Selecting Potential Actors 

After calculating the centrality of the nodes in the graph, in this step of the proposed method we propose to rely on 

both measures Betweenness and degree centrality. We suggest relying on these measures differently by setting different 

weights to calculate the relative importance of each node in the graph, as illustrated in equation 3. 

                                                               𝐼𝑚𝑝𝑟𝑡𝑎𝑛𝑐𝑒 (𝑣) = 𝛼𝐶𝑏(𝑣) +  𝛽𝐶𝑑(𝑣)                                                (3) 

The α, β are the weight associated with Betweenness and degree centrality score of the given node 𝑣  . In this phase we 

utilize the Analytic Hierarchy Process to determine the value of α, β, which was proposed in [25] since it widely used in 

processing the complex decision-marking problems. Following the assessment of node importance, the nodes are 

systematically organized according to their significance, and the top k nodes are selected as potential opinion leaders. 

 

2.5 Test and Simulation 

To measure the effectiveness of proposed method, we utilize the Independent Cascade (IC) Propagation model to test 

and simulate the propagation process [26][27][28]. The model starts from a group of individuals who are exposed to a 

specific event, such as receiving a specific message or information. These individuals are considered as seed nodes. In the 

conducted experiment the top k potential opinion leaders specified in the previous step are used as seed nodes to study their 

influence on the other nodes in the graph. This model is based on the idea that information is transmitted between 

individuals (nodes) through links that connect them to each other. It is mainly used to understand how ideas spread and the 

dynamics of social diffusion, such as how advertising campaigns or fake news spread or in marketing campaigns through 

social networks. For evaluation purpose we conduct the experiment three times again by selecting the seed nodes randomly, 

then the top k Betweenness nodes, and finally top k degree centrality nodes.  
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2.6 Opinion Leaders 

In the final step of the proposed method, the nodes that are considered opinion leaders are identified. These nodes are 

selected through the results of the influence simulation using the IC model from the previous step. The top N most 

influential nodes and those with the greatest ability to spread content throughout the social network are selected. 

 

3. Results and Discussion 

In this section, the results of the experiment applied according to the steps of the proposed method and the datasets used 

are reviewed. Figure 3 shows the graph obtained from the Sina Weibo data as an example of graph formation, where the 

data was represented on a graph in which the nodes appear in different colors according to the degree of centrality of the 

nodes. 

 
Figure 3. The generated graph of Sina Weibo dataset. 

 

Table 2 presents the findings from the experiments carried out on three real-world social network datasets. The 

Independent cascade model was modified to be the cascade length of diffusion three steps only since it is efficient enough 

to obtain the findings. The experiment and the spread of the effect were conducted four times. First, the seed nodes were 

chosen randomly and the number of effected nodes were recorded in each dissemination hope. In the next trail, the seed 

nodes were chosen from the nodes with the highest degree centrality. Then the seed nodes were the node with the highest 

Betweenness. finally, the diffusion simulated with seed nodes that have highest importance calculated by applying the 

proposed equation 3 with α=0.7, β=0.3. 

 

Table 2. The experiments results 

Dataset Cascade len. Random Degree Betweenness proposed method 

Twitter 

1 4 19 23 33 

2 9 33 61 76 

3 19 47 79 88 

 

Facebook 

 

1 40 192 232 282 

2 119 313 525 646 

3 161 481 678 702 

Sina Weibo 

 

1 3 12 16 22 

2 6 22 41 51 

3 12 32 48 60 

 

4. Conclusion 

By studying the results in the table 2, we notice that the number of activated or effected nodes is less when the seed 

nodes are randomly selected. In the Twitter data, we notice that the number of effected nodes in the first step of cascade is 

4, after which 5additional nodes were activated in the next step, and finally in the third step, the total number of activated 

nodes was 19. when the seed nodes are selected from the nodes with highest scores of Degree and Betweenness centrality, 

the total number of activated nodes were 47 and 79, respectively. 

The important thing is that the proposed method produced the highest number of effected nodes (88 in Twitter data, 

702 in Facebook, and 60 in Sina Weibo) compared to the rest of the methods. This finding can be seen in the results of 

applying the experiment to the rest of the databases. From here, we conclude that relying on both Degree and Betweenness 
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centrality in calculating the importance of nodes and choosing the nodes that lead the opinion leaders is a very effective 

method and can be generalized to be used on social networks. 
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