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 In graph theory, centrality is often assessed using traditional methods such as 

closeness centrality, which measures the average shortest path length 

between nodes in a network. In this study, we primarily focus on developing 

the proposed approach and demonstrating its effectiveness through initial 

experimental results. A novel genetic algorithm (GA)–based method named 

centrality–optimized leadership coalition formation (COLCF) has been 

designed. It emphasizes actual agent distances according to closeness 

centrality and leadership attributes in group formation. We detail the 

COLCF algorithm, present empirical case studies, and provide efficiency 

comparisons. In accordance with our simulation results, the proposed 

algorithm is capable of capitalizing on the ideal coalition structure for 

achieving high closeness centrality when incorporated with leadership 

attributes. The experimental results demonstrate the algorithm’s robustness 

and effectiveness in addressing complex coalition formation challenges. 
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1. INTRODUCTION 

The concept of “coalition formation” has been modeled as an essential tool through mathematical 

theories of coalition behavior, allowing groups to obtain the greatest benefit. Accordingly, it has been applied 

across diverse contexts and domains. In particular, it is employed in altruistic decision-making in multi-agent 

systems [1], shared resource management in congestion problems where multiple agents compete for limited 

resources [2], public allocation guided by information design [3], and capability-based modeling for complex 

group tasks [4]. In the real-world applications, the term “coalition formation” is alternatively referred to as 

team formation, strategic alliances, joint venture formation, group formation, partnership formation, and 

collaborative grouping [5]–[8]. Among these, “team formation” is a term often used in the context of games. 

It refers to optimizing group outcomes through cooperative efforts based on the attributes of the game’s 

participants [9], [10]. In the business context, it is often referred to as strategic alliances, where alliance 

companies collaborate to develop innovation and enhance market performance by sharing strengths and 

mutual benefits. It can also be called “joint venture formation” when referring to a formal business 

arrangement [11]. Similarly, the term “partnership formation” is used interchangeably with “group 

formation,” but it most commonly describes official agreements between two or more parties for long-term 

collaboration [12]. The term “group formation” is commonly used in education as well, particularly in 

collaborative learning and computer-supported collaborative learning (CSCL) environments. For example, 

some technology companies join together to share their skills and ideas to create new innovations. Therefore, 

coalition schemes have become essential tools, offering promising solutions to deal with complex challenges, 

https://creativecommons.org/licenses/by-sa/4.0/
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especially in education, where collaboration is employed to achieve optimal learning objectives.  
This is because enhancing the performance of diverse students through groupwork lies at the core of 

educational development. Chai et al. [13] conducted a systematic review of empirical research focusing on 

computer-based assessment of collaborative problem-solving (CPS) skills. The authors pointed out that 

collaborative methods should prioritize real-world skills and effectively capture students’ collaborative 

behaviors and outcomes. Within engineering, the term “coalition formation” describes how autonomous 

agents self-organize into task-oriented groups to improve efficiency and responsiveness in complex 

environments [14], [15]. The papers emphasize how task completion is optimized by grouping members 

based on skills and contextual information.  

Consequently, several researchers have investigated various methodologies, rules, policies, domain 

knowledge, and guidelines for selecting appropriate algorithms for coalition formation to achieve their 

respective objectives. For example, Bausch [16] proposes rules in the context of politics regarding how 

leaders are re-selected and how they form the best coalitions of different sizes within large groups. These 

selected leaders are intended to facilitate effective coordination and enhance overall group cohesion.  

Ding et al. [17] employ coalition formation to optimize a distributed network in a jamming environment on 

multi-agent behavior. The authors present distributed algorithms that enable users to make decisions resulting 

in efficient network performance. Rossi et al. [18] review several algorithmic strategies for coalition 

formation and classify multi-agent algorithms for collective behavior, highlighting their role in distributed 

decision-making. Several studies focus on online coalition formation from theoretical and algorithmic 

perspectives, as detailed by Bullinger and Romen [19]. This line of study, including a broader overview, is 

generally supported by the survey on coalition formation in multi-agent systems [6], [20], [21]. Incontestably, 

achieving their common objectives through joining proper members in tandem and having the right 

individuals in the groups makes strong collaborative connections [22]. Forming groups of individuals in a 

virtual environment has been validated as tool for generating positive outcomes by maximizing opportunities 

for sharing each member’s experience and satisfying adequate learning performance [9], [23]–[25].  

It is widely acknowledged that, up to the present time, there are various approaches to establishing 

group formation, including random grouping, self-selection, and criterion-based grouping. Ramírez et al. [26] 

examined these approaches in secondary education, highlighting their characteristics and implications. The 

random technique is an easy and straightforward method since everyone is assigned to groups randomly. It 

allows all members to be mixed to achieve heterogeneity in the separated groupings [27]–[29]. This goal, 

however, is not always satisfied, as randomly assigning students to groups can lead to issues, with some 

members being reluctant to join the group to which they have been allocated. The second method,  

self-selected group formation, allows people to establish groups independently. This approach enables 

everyone to form groups based on their own decisions, preferences, or familiarity with others [27], [29]–[31]. 

The third method, criterion-based grouping, permits the formation of groups based on specified criteria and 

algorithms deemed scientifically accurate [29], [31], [32]. Consequently, various grouping criteria have been 

proposed to create well-structured groups that foster collaboration, enhance task efficiency, and improve 

overall performance. From another perspective, a multi-target optimization technique was proposed by  

Miranda et al. [33] to facilitate the group formation problem, while accounting for numerous objective 

functions such as inter-homogeneity, intra-heterogeneity, and empathy. Their experiments were conducted on 

varying sizes and complexities, aiming to maximize the average similarity of group members. Following that, 

Boongasame et al. [34] presented a fascinating work involving group formation with the characteristic of  

a coalition leader. The authors focused on a buyer coalition scheme to gain additional discounts for their 

group purchasers. 

However, we are interested by the fact that a group of individuals distributed in different geological 

locations must form a group based on the results of cost and reward, where each member is placed adjacent 

to each other. Forming groups of members based on their geographical location, of course, demands a group 

centrality measurement in order to identify significant individuals who possess leadership attributes and a 

high score in closeness centrality among a large number of participants. This is because group members can 

be directly influenced by the group's leader. Therefore, each person's leadership attribute is specified in order 

to assess closeness centrality. A member can be defined as a node in graph theory. All nodes may have a 

leader at their center, as a qualified leader can coordinate group activities and comfortably communicate to 

all members. In addition, group leadership is one of the most essential characteristics of team efficiency. 

Some authors in [35], [36] have affirmed that leadership correlates to better team performance. Fransen et al 

[35] verified that it is beneficial to designate a leader in a group to empower team members since leadership 

abilities are more broadly dispersed over time among team members. The relevance of closeness in the 

network graph [37], is used to determine a node's power, activities, and communication convenience. 

Moreover, the authors claimed that group activities are always associated with good leadership, strong 

popularity, or the reputation of a network. Meshcheryakova and Shvydun [38] also emphasized the 
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importance of centrality metrics in evaluating individual roles within a network. The authors highlighted that 

closeness, betweenness, and eigenvector centrality each offer unique insights into an individual's influence 

and communication efficiency. Complementing this, Istrate et al. [39] proposed a game-theoretic framework 

for analyzing centrality by modeling individuals and their connections as coalitions, thereby enhancing the 

measurement of influence and effectiveness within group interactions.  

The research in [40], [41] emphasized the importance of closeness centrality in leadership. 

Mitterlechner highlighted how leaders positioned closer to others in the network can better coordinate 

activities and influence group dynamics, while Yuan and Knippenberg [41] discussed how a leader’s central 

position in a network positively impacts team performance, with team size acting as a moderating factor. The 

papers provide us with a perspective on how centrality underscores the importance of incorporating 

leadership attributes when evaluating network structures. Therefore, including leadership attributes is critical 

in this work. Consequently, the distance between members and their group leader is, thus, the primary factor 

in our work for forming optimal groups so that closeness centrality can be achieved. However, creating an 

optimal group formation based on the closeness centrality of the leader is a demanding problem that requires 

a sophisticated algorithm. Therefore, the development of efficient algorithms to tackle this problem is crucial 

in various domains. 

This paper is organized into five sections, including this introductory section. Section 2 includes 

background theory as well as an overview of literature related to our work. Section 3 describes our proposed 

genetic-like algorithm for generating optimal groups of agents in terms of closeness centrality to a qualified 

leader. A closeness centrality-based measure that we employed in the fitness function is also detailed. 

Following that, section 4 presents an empirical case study to validate the proposed algorithm. The conclusion 

and discussion are provided in section 5. 

 

 

2. BACKGROUND AND RELATED WORKS 

This section provides a brief background of group formation regarding a coalition leader as well as 

closeness centrality in the network to comprehend the coalition development of our proposed algorithm. 

 

2.1.  Group formation 

Group formation concepts involve the challenge of grouping members effectively to ensure 

successful collaboration toward a common goal [29], [31], [42], [43]. Successful group formation depends 

not only on individual skills but also on the strategic positioning of members within the social network to 

maximize interaction and influence [44], [45]. Currently, numerous studies endeavor to establish optimized 

groups with a variety of aims and techniques. For instance, Sethi and Nicholson [46] investigated hypothesis 

testing using structural equation modeling in order to attain exceptional performance. The authors provided 

findings regarding team structural characteristics and contextual factors that correlate to antecedents of 

charged behavior in charged product development teams. Isotani et al. [47] focused on technology 

development that enhances collaboration and class communication. The authors stated that group formation 

is critical to the acceptability of group activities and the effectiveness of the learning process. In addition, 

they claimed that several collaborative learning approaches have failed due to insufficient group formation. 

Leem and Chen [48] proposed a similarity-coefficient-based strategy for machine grouping in order to 

generate efficient machine cells and part families that optimize similarity values. Guo et al. [49] proposed an 

approach for forming logical groupings. The authors developed a mobile application named GroupMe that 

enables individuals to organize social activities. Tseng et al. [50] suggested a unique method for multi-

functional project team formation where there are no clear tasks between customer requirements and project 

characteristics. Fuzzy set theory is utilized in their work to deal with ambiguous situations, while grey 

decision theory (uncertainty or incomplete information) is employed to choose desired team members. 

Indrawan et al. [51] provided a framework to facilitate multi-attribute coalition negotiation in the  

e-marketplace. Yu et al. [52] developed a multi-attribute coalition formation-based negotiating protocol 

aimed at minimizing the workload and time consumption for manufacturer agents. In a related context,  

Ponce et al. [53] provided a comprehensive analysis of how cross-sector organizational structures support 

effective group formation and coalitions for sustainability outcomes, which can also be adapted in sustainable 

business models aligned with the SDGs. 

When forming an effective group often begins by identifying a capable leader, we require a 

qualified leader to support the group’s development based on the group’s objectives [54]. In common 

understanding, a leader refers to a person who can encourage members to work cooperatively towards their 

goals, which is supported by some papers; for example in [55], [56] provided empirical evidence showing 

that coaching and entrepreneurial leadership styles foster collective efficacy within teams. As shown in  

Pérez et al. [57], this is further supported by analyses of esports teams, where key structures and processes 

emphasize the critical role of leadership in promoting cooperation and team effectiveness. Generally, there 
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are countless opportunities for everyone to develop leadership abilities in preparation for becoming a leader. 

Some individuals may possess specific attributes that make them more qualified to be the leader of the group. 

Certain leadership behaviors and attributes, such as supporting others’ learning, may contribute to an 

individual’s suitability for a leadership role [58], [59]. As a result, several papers focus on the leader 

characteristics that influence group formation. Boongasame et al. [34] conducted an intriguing study that 

examined group formation in connection to a coalition leader. The authors aimed to form a buyer coalition 

utilizing a scenario and related simulation tools in which leadership characteristics are examined. A recent 

work by Xie et al. [60] introduced a coalition formation framework for dynamic task allocation, showing that 

agent-level leadership behaviors support more effective coalition formation.  

In addition, Razin and Piccione [61] measured coalition formation under power relations by 

determining the characterization of strongly stable social orders using the partition function for a cooperative 

game associated with individual and group power. Breban and Vassileva [62] presented an inter-agent trust 

relationship coalition-building method. A coalition-building process was presented and assessed by the 

authors, taking into account the trust relationships between agents. Nardin and Sichman [63] assessed the 

trust degree of their leader and investigated how trust influences coalition formation. Tarkowski et al. [64] 

conducted the survey in order to analyze a variety of game-theoretic centrality metrics, detailing how agents 

can be evaluated and selected based on their coalition-forming potential. Molinero et al. [65] further 

developed this aspect by using influence-game models. The authors also employed the centrality of members 

to coalition strength and stability. 

 

2.2.  Closeness centrality 

In a network graph, the closeness centrality of a node indicates how close it is to all other nodes. It is 

defined as the average value of the shortest path lengths between each node in the network [42], [66]–[70]. It 

has the advantage of identifying prominent nodes if they are more central and closer to the majority of nodes 

in the network. As a result, it often determines which node has the most influence among others in a given 

network [66]. For this present study, closeness centrality makes perfect sense in terms of influence. This is 

because the most influential person refers to a person who can effortlessly reach out to others. Therefore, a 

person located in the center of the group may have a high relationship with other persons. Let 𝐺 = (𝑉, 𝐸) be 

a network modeled as a simple graph with 𝑛 = |V| vertices, where V is the set of nodes and E is the set of 

edges. By finding the shortest routes between all pairs of nodes in the graph, the closeness centrality 

algorithm computes the farness of a vertex, which is defined as the sum of each node's shortest path lengths 

to all other nodes. The farness of a vertex 𝑥𝜖𝑉 is defined as (1). 

 

𝑓𝑎𝑟(𝑥) = ∑ 𝑑(𝑣, 𝑥)𝑣∈𝑉
𝑑(𝑣,𝑥)≠∞

 (1) 

 

Where 𝑑(𝑣, 𝑥) represents the shortest distance between the nodes 𝑥 and 𝑣.  

The farness is then reversed to calculate the closeness centrality score of the node. The equation 

presented in (2) defines closeness of a node. 

 

 𝐶(𝑥) =
1

𝑓𝑎𝑟(𝑥)
 (2) 

 

However, 𝐶(𝑥) = 0 if x cannot reach any vertex in the graph. We can observe that, if the farness is large, the 

closeness centrality becomes small and vice versa. 

 

 

3. DETAILED CALCULATION METHODS AND PROPOSED GENETIC ALGORITHM 

The proposed centrality–optimized leadership coalition formation (COLCF) algorithm leverages this 

measure to effectively identify optimal group structures while simultaneously selecting qualified leaders for 

each group, enhancing overall group performance and coordination. The mathematical model and genetic 

algorithm (GA), used in this study, including the calculation example of algorithm, are detailed in as follows. 

 

3.1.  Mathematical model 

Let 𝐺 =  {𝑎1, 𝑎2, 𝑎3,. . . , 𝑎𝑛} denote a set of agents, where n is the total number of agents. In this 

work, the term "agent" refers to "a person". However, in other domains, it might refer to an individual in a 

factory or a robot that can join together in a group with a shared goal. Each agent is comprised of a  

binary-value leader attribute. Also, an agent 𝑎𝑖 for 1 ≤ 𝑖 ≤ 𝑛, contains attributes represented in the form of 

𝑣𝑖 = (𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒, 𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒𝑖 , 𝑎𝑡𝑡𝑖1, 𝑎𝑡𝑡𝑖2, … , 𝑎𝑡𝑡𝑖𝑘), where 𝑘 is the number of attributes.  
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Consider a non-empty set 𝐺𝑗, where 1 ≤ 𝑗 ≤ 𝑝 representing a divided subgroup of 𝐺 for a certain 

coalition formation. Hence, ⋃𝑗=1
𝑝

𝐺𝑗 = 𝐺, where 𝑝 is the total number of subgroups. Any agent is not 

permitted to belong to more than one group, which is ⋂𝑗=1
𝑝

𝐺𝑖 = ∅. Typically, to partition a set of 𝑛 distinct 

agents into 𝑝 groups as equal size as possible, the total number of different grouping is calculated by 

considering all permutation, 
𝑛!

((𝑞+1)!)
𝑟

∙(𝑞!)𝑝−𝑟∙𝑟!∙(𝑝−𝑟)!
 , where 𝑞 = ⌊

𝑛

𝑝
⌋ represents the size of the smallest group, 

𝑟 =  𝑛 𝑚𝑜𝑑 𝑝 represents the number of groups that have one extra agent. Therefore, there are 𝑟 groups of  

𝑞 + 1 and 𝑝 − 𝑟 groups of 𝑞. For example, if 𝑛 =  10, 𝑝 =  3, then we get 𝑞 = ⌊
10

3
⌋ = 3, and  

𝑟 =  10 𝑚𝑜𝑑 3 = 1. This means that one group will have 4 members. And, there will be two groups 

containing 3 members. Hence, the number of different ways to separate 3 groups of 10 agents is 
10!

((3+1)!)
1

∙(3!)3−1∙1!∙(3−1)!
=

10!

4!∙(3!)2∙1!∙2!
=

3628800

10368
= 350. This means there are 350 distinct ways to separate  

10 agents into 3 groups of nearly equal size. As we can see, an increase in 𝑛 results in a combinatorial growth 

in the number of distinct group formations, resulting in exponential complexity. In our specific problem, 

group formation based on a leader, each agent is represented by a vector of the form ((latitude, longitude), 

Leader_attribute). The Leader_attribute is a binary variable that indicates whether the agent can serve as the 

leader of the group. In addition, each divided group must contain a qualified agent leader, who has a leader 

attribute. Hence, we use the term “complete” to refer to the divided group 𝐺𝑗  if it contains at least one agent 

𝑎𝑖 with the leader attribute 𝑎𝑡𝑡𝑖 = 1. Otherwise, the group is labeled with the term “fail” meaning that it has 

no qualified leader or no one in this group contains leader attribute 𝑎𝑡𝑡𝑖 = 0. Let L be a collection of all 

qualified leaders, where 𝐿 ⊂ 𝐺. The formation of a group will be successful if and only if the number of 

competent leaders is at least 𝑝, which equals |L|. In other words, if |𝐿| ≥ 𝑝. group formation fails. 

The problem of group formation based on the closeness centrality of the group leader and attributes 

can be a challenging and time-consuming task, especially when an optimal solution is required. As the number 

of agents and subgroups grows bigger, the search space of the problem becomes larger. Hence, this problem 

becomes more complex, having the difficulty of finding the optimal solution. Consequently, it has become a 

more challenging task for us to form the optimal groups that obtain qualified leaders within the divided smaller 

group, where the mean distance between group members and a group leader is as low as possible. 

In our work, a group formation is successful if and only if it satisfies the following conditions: 

i) Each established group contains a qualified leader.  

ii) The number of qualified leaders is at least p, i.e., |𝐿| ≥  𝑝. 

iii) All divided groups are balanced in terms of the distance between their members and their group leaders. 

This ensures that the split groups are more central, meaning that all agents are near their agent leader. 

iv) Finally, we assume that all agents can communicate directly with each other, without any limitations. 

 

3.2.  Genetic algorithm design 

GA, a well-known optimization technique, are employed for establishing optimal groupings of 

agents that fulfill the specified criteria and task requirements for effective coalition formation [22], [71]–[73]. 

The evolution of a GA begins with a fully random initial set of potential solutions, which are referred to as 

the population. The role of the initial population with different initialization techniques can have a great 

impact on the efficiency and effectiveness of GAs [74], [75]. GAs leverage evolutionary principles by using 

selection, crossover, and mutation to iteratively improve candidate solutions over successive generations. 

Hence, our GA is designed using only two processes: selection and mutation, as shown in Figure 1.  

As the purpose of algorithm is to have all agents located as close as possible to their leader in group 

they belong to, it is therefore necessary to calculate the value of 𝐶(𝑥) for all divided groups. Keep in mind 

that an agent leader (𝑎𝑖) of a group contains a leader attribute 𝑎𝑡𝑡𝑖 = 1. The initial population is randomly 

selected, and its fitness value will be calculated. In the selection process, the algorithm selects candidates 

based on fitness value, and only a certain percentage of individuals with the best fitness value are picked. By 

doing this, more fit individuals are stochastically selected from current population to be in next generation. 

The next operator is the mutation process, which is used to introduce diversity into the population. 

Permutation mutation is adopted in this design to ensure that all agents are selected. The new generation of 

candidate solutions is then used in next generation. By evaluating the fitness function of each chromosome 

and iteratively evolving the population through selection and mutation, the algorithm can converge on a set 

of chromosomes that represent good solutions to problem of group formation. This capability, particularly in 

GA-like algorithms, has been supported across various works in the literature [71]–[80]. The algorithm 

terminates when either a maximum number of generations (Max_Gen <Gen?) has been produced or a 

satisfactory fitness level has been reached for the population. Importantly, the chromosome representation 
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used in this paper is designed as a fixed-size array, as presented in Figure 2, containing all agents. The value 

of 𝑇𝑗 for 1 ≤ 𝑗 ≤ 𝑝 indicates that the agent located in this gene is the leader of group j. 
 

 

 
 

Figure 1. Flowchart for COLCF 
 

 

 
 

Figure 2. Chromosome representation associated with the array of leader positions, where 𝑇𝑗 for 1 ≤ 𝑗 ≤ 𝑝 
 

 

The algorithm initializes with Gen=0. And it runs repeatedly until the generation hits the Max_Gen. For 

this investigation, the fitness is associated with the closeness centrality as presented in (1) and (2). To calculate 

the distance between two geographical locations in kilometers, we then use the haversine formula given by (3).  
 

 𝑑 = 2 × 6371 × 𝑎𝑟𝑐𝑠𝑖𝑛 (√ 𝑠𝑖𝑛2 (
𝛥𝜙

2
) + cos(𝜙1) × cos(𝜙2) × 𝑠𝑖𝑛2 (

𝛥𝜆

2
)  )  (3) 

 

Where d is distance between two points in kilometers, ∆𝜙 = 𝜙2 − 𝜙1 is difference in latitude, ∆𝜆 = 𝜆2 − 𝜆1 

is difference in longitude, 𝜙1 and 𝜙2 are the latitudes of the two points in radians, 𝜆1 and 𝜆2 are the 

longitudes of the two points in radians. 

Example: let two geographical points in (latitude, longitude) format be defined as follows. The 

distance between them is calculated as follows: 

– Point 1 (13.658592620562027,100.6486061283200). 

– Point 2 (13.61961628801031,100.73134604937815). 

First, convert the latitude and longitude values from degrees to radians using the conversion factor 

(𝜋/180). Each point in radian is then represented in the form (𝜙, 𝜆). Values rounded to 5 decimal places  

for readability. 

Point 1 in radians: (ϕ1, λ1) = (0.23839, 1.75665) 

Point 2 in radians: (𝜙2, 𝜆2) = (0.23771, 1.75809) 

∆𝜙 = 𝜙
2

− 𝜙
1

≈ 0.23771 − 0.23839 = −0.00068 radians 

∆𝜆 = 𝜆2 − 𝜆1 ≈ 1.75809 − 1.75665 = 0.00144 radians 

𝑑 = 2 × 6371 × 𝑎𝑟𝑐𝑠𝑖𝑛 (√ 𝑠𝑖𝑛2 (
−0.00068 

2
) + 𝑐𝑜𝑠(0.23839) × 𝑐𝑜𝑠(0.23771) × 𝑠𝑖𝑛2 (

0.00144

2
)  )  

= 2 × 6371 × 𝑎𝑟𝑐𝑠𝑖𝑛(√ 0.0000001156 + 0.97197 × 0.97203 × 0.0000005184 ) 
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= 2 × 6371 × arcsin (√0.0000006057) 

= 2 × 6371 × arcsin (0.0007781) 

≈ 2 × 6371 × 0.0007781 

≈ 9.91421 (𝑘𝑚) 

 

Therefore, the distance between point 1 and point 2, written as 𝑑(Point 1, Point 2), is approximately 9.91421 km.  

The COLCF algorithm calculates the closeness centrality between a leader and the other members 

within the divided group. Subsequently, the chromosome that yields a higher score of closeness centrality 

will be considered the best candidate for forming optimal groupings of agents. It should be noted that in  

(4) and (5), the variable 𝑥 is assigned to the leader agent of the divided group. As can be seen, 𝑓𝑎𝑟(𝑥) is the 

sum of the distances between the agent leader and the others in the group. The value of 𝑓𝑎𝑟(𝑥) can be large. 

Therefore, 𝐶(𝑥) is defined as 1 divided by 𝑓𝑎𝑟(𝑥), resulting in a value is less than 1. The fitness value of the 

chromosome is determined by taking the mean value of all closeness centralities of the divided groups, which 

is also less than 1. The closeness centrality between the agent leader and the other agents is normalized by 

dividing by the maximum possible distance (n–1), where n is the number of agents in the divided group. This 

means that the maximum possible value for the closeness centrality of each group is 1. 

 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑐ℎ𝑟𝑜𝑚𝑠𝑜𝑚) =
1

𝑝
(∑ 𝐶(𝑥)

𝐺𝑝

𝑉=𝐺1
) (4) 

 
Then, substituting (1) and (2) into (4), we obtain: 

 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑐ℎ𝑟𝑜𝑚𝑠𝑜𝑚) =
1

𝑝
(∑ (

1

∑ 𝑑(𝑣,𝑥)𝑣∈𝑉
𝑑(𝑣,𝑥)≠∞

)
𝐺𝑝

𝑉=𝐺1
) (5) 

 
where 𝑥 is an agent leader of the divided group and 𝑝 is the total number of subgroups. 

 

3.4.  Step-by-step example and calculation of the algorithm 

To illustrate the operation of the proposed algorithm, consider the following example. Suppose we 

divide three equal groups (p=3) from nine agents in G={a, b, c, d, e, f, g, h, i}, where only a, b, c, and d 

possess the leader attribute, and they are scattered across the map. The location of each agent is presented, as 

illustrated in Figure 3. We assume that each agent’s location is represented in the (x, y) coordinates, and their 

vector representations are in the form of (Leader_attribute, (x, y)). Therefore, it is straightforward to calculate 

the distance between any two agents. For better understanding and simplicity, we then employ the Euclidean 

distance formula instead of the Haversine formula to calculate distances between two members on the 2D 

map. Hence, the vectors of the agents are defined as follows: a=(1, (2,5)), b=(1, (1,1)), c=(1, (5,4)),  

d=(1, (2,2)), e=(0, (3,4)), f=(0, (6,3)), g=(0, (3,3)), h=(0, (4,2)), and i=(0, (4,5)). 

 

 

 
 

Figure 3. Location of each agent on the 2D map 

 

 

To form three groups of equal size, our genetic-based algorithm explores different possible 

configurations while satisfying the given constraints. The algorithm initializes the population with a set of 

randomly generated chromosomes, each of which represents a possible grouping of the agents. By using (3), 
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the fitness function of the chromosome is evaluated based on the closeness centrality of each group's leader, 

reflecting their importance in the overall network. The chromosome shown in Figure 4 encodes the 

chromosome that G1={b, d, g}, G2={a, e, i}, and G3={c, f, h}. Additionally, the leader of G1 is b, the leader 

of G2 is a, and the leader of G3 is c, and the network can be displayed in Figure 5.  
 

 

 
 

Figure 4. The chromosome representing G1={b, d, g}, G2={a, e, i}, and G3={c, f, h}, where b, a, and c are the 

leaders of G1, G2, and G3, respectively 
 

 

 
 

Figure 5. All groupings decoded from chromosome in Figure 4 on the 2D map, showing each group’s centrality 
 

 

For each of the three groups, one representative agent, who is the leader of the group, will be used to 

compute the shortest path distances to the other nodes within the same group. The sums of these distances are 

then inverted, and the average of the three results is taken as the fitness value. By using (7), the fitness is 

calculated as 
1

3
(

1

1+√8
+

1

√2+2
+

1

√2+√5
), which evaluates to approximately 0.27602. We can observe that the 

offspring yields a higher fitness value, indicating that the centrality of divided groups associated with the 

group leader is better than that of its parent. Generally, the offspring with a higher fitness value has a greater 

chance of being selected for the next generation compared to their parents. 

 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑝𝑎𝑟𝑒𝑛𝑡 𝑐ℎ𝑟𝑜𝑚𝑜𝑠𝑜𝑚𝑒) =
1

3
(∑ (

1

∑ 𝑑(𝑣,𝑥)𝑣∈𝑉
𝑑(𝑣,𝑥)≠∞

)
𝐺3
𝑉=𝐺1

)  

=
1

3
(

1

𝑑(𝑏, 𝑑) + 𝑑(𝑏, 𝑔)
+

1

𝑑(𝑎, 𝑒) + 𝑑(𝑎, 𝑖)
+

1

𝑑(𝑐, 𝑓) + 𝑑(𝑐, ℎ)
) 

=
1

3
(

1

1 + √8
+

1

√2 + 2
+

1

√2 + √5
) 

≈ 0.27602 

 

We then apply the permutation mutation to generate an offspring. In general, the offspring is similar 

to its parent except for the mutated gene. Suppose that the permutation mutation modifies only the first 

group. An example of offspring resulting from the mutation is shown in Figure 6, where G1 consists of  

{d, b, g}, while G2 and G3 remain unchanged. Then, we can demonstrate all group members connected to 

their leader, as presented in Figure 7. It is important to note that, for a group to be considered qualified, the 

leader must possess the leadership attribute. For example, if the group was represented as G1={g, b, d}, it 

would be unqualified because g's leadership attribute is equal to 0. To ensure the quality of the offspring 
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generated by the algorithm, the chromosomes containing no unqualified subgroups like this are eliminated 

from the candidate chromosomes. As a result, only the offspring with the qualified groups based on this are 

considered for further evolution.  

As mentioned previously, the COLCF algorithm considers the chromosome that produces the 

greatest closeness centrality score between an agent leader and the others within the divided groups. 

Therefore, the chromosome that produces the greatest score for closeness centrality is deemed the most 

suitable option for creating ideal agent groups. This can be verified through the following calculation. Let us 

examine the map illustrated in Figure 7. We can see that d in the group of {d, b, g} has the lowest total 

distance to all others. The fitness is calculated as 
1

3
(

1

1+√5
+

1

√2+2
+

1

√2+√5
), which evaluates to approximately 

0.29195. As we can see, d can be a leader of the group as its closeness centrality is the highest. Details of the 

chromosome's fitness value calculation are presented as follows. 
 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔) =
1

3
(

1

𝑑(𝑑,𝑏)+𝑑(𝑑,𝑔)
+

1

𝑑(𝑎,𝑒)+𝑑(𝑎,𝑖)
+

1

𝑑(𝑐,𝑓)+𝑑(𝑐,ℎ)
)  

=
1

3
(

1

1 + √5
+

1

√2 + 2
+

1

√2 + √5
) 

≈ 0.29195  
 

 

 
 

Figure 6. Permutation mutation 
 

 

 
 

Figure 7. Representation of each group on the 2D map based on the chromosome shown in Figure 6 
 

 

The fitness value of the offspring is approximately 0.29195, which is higher than that of its parent 

(0.27602). This improvement showed that the offspring had a better grouping solution compared to its parent. 

During each generation, the fitness function of each chromosome is evaluated, and the population is 

iteratively evolving through selection and mutation. The algorithm continued to evolve the population until it 

reached the criterion; maximum number of generations. At this point, the COLCF algorithm had found a set 

of chromosomes that represented good solutions to the problem of group formation, and the optimal solution 

could be found. Its ability to explore and exploit the search space, while introducing diversity through 

mutation, made it an effective tool for finding good solutions to the problem.  
 

 

4. RESULTS AND DISCUSSION 

To demonstrate the scalability of the proposed algorithm, we conducted a series of experiments 

guided by insights and methodologies reported in recent comprehensive surveys and studies [81]–[87]. Our 

empirical experiments varied the number of agents, groups, initial population size, and maximum generations 
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to evaluate the algorithm’s performance under different scalable conditions. The detailed experimental setup 

is summarized in Table 1. 
 
 

Table 1. Initial parameter setup for the algorithm based on the experimental results 
Experiment 

no. 

Number of 

agents 

Number of 

leader–type agents 

Number of 

groups 

Initial chromosome 

population (M) 

Max_Gen 

1 100 84 (84%) 10 300 200 

2 200 152 (76%) 20 300 400 

3 400 330 (75%) 40 300 400 

 
 

In our experiments, we considered a fully connected network of multiple agents. The goal was to 

evaluate the proposed algorithm’s ability to partition a varying number of agents into optimal subgroups, 

aiming to achieve high closeness centrality by incorporating leadership attributes based on each agent’s 

location. By varying the number of agents, we assessed how effectively the algorithm scaled and adapted to 

different network sizes.  

i) Experiment 1: we started with 100 agents and divided them equally into 10 subgroups, where the 

number of leader-type agents is 84. In order to achieve optimal groupings of agents that fulfill certain 

requirements, the COLCF algorithm was employed. We initialized the algorithm with specific 

parameters as presented in Table 1. The maximum number of generations (Max_Gen) was 200, while 

the initial chromosome population (M) was 300. The experimental results are shown in Figure 8, 

indicating that the algorithm quickly converged to the optimal solution after approximately  

150 generations. Additionally, the execution time for this experiment was about 4 seconds. The best 

fitness value found by the algorithm was 0.624895. Moreover, the agent leader of each divided group 

was detailed under the graph result. For instance, 10–48–1–19–8–20–6–7–78–62 implies that the first 

group was agent #10 and the second group was agent #48. 
 

 

 
 

Figure 8. Group formation of 100 agents using the COLCF algorithm (example 1) 
 

 

ii) Experiment 2: as we aimed to evaluate the scalability of our proposed algorithm by increasing the 

number of agents and subgroups, the number of agents was increased to 200, which were divided into 

20 subgroups. In this experiment, a total of 152 agents (76% of all agents) possessed a leadership 

attribute. The initial population of chromosomes (M) was kept at 300, while the maximum number of 

generations (Max_Gen) was set to 400. The experimental result, presented in Figure 9, demonstrates the 

algorithm’s ability to handle larger problems with more agents and subgroups while still converging to 

the optimal solution. In addition, it shows that our algorithm successfully converged to the optimal 

solution after 200 generations. This experiment took approximately 15 seconds to complete, and the 

best fitness value achieved was 0.774177. 
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Figure 9. Group formation result for 200 agents using the COLCF algorithm (example 2) 
 
 

iii) Experiment 3: we increased the problem size to 400 agents, dividing them into 40 subgroups of equal 

size. There were 330 leader-type agents in total, which was about 75% of all agents. To accommodate 

the larger problem size, the maximum number of generations (Max_Gen) was up to 400, and the 

maximum chromosome population (M) was limited to 300. Figure 10 shows that the algorithm 

successfully converged to the optimal solution after 300 generations. The execution time needed for this 

experiment was approximately 57 seconds. The COLCF yielded a fitness value of approximately 

0.818259. This experimental result indicates that the algorithm was able to search for an optimal 

solution in forming groups for a larger problem. 
 
 

 
 

Figure 10. Group formation for 400 agents using the COLCF algorithm (example 3) 
 
 

4.1.  Performance and baseline comparison  

The proposed COLCF algorithm's performance was evaluated by adjusting the varying number of 

agents and groups across three experiments. As shown in Table 2, the algorithm can handle the problem as 

the number of agents increases. The best fitness values of three experiments are 0.624895 (100 agents), 

0.774177 (200 agents), and 0.818259 (400 agents), respectively. Based on Figures 8 to 10, the algorithm 

demonstrated reliable convergence behavior. For the first experiment with the small problem (100 agents), it 

was shown that the algorithm typically reaches optimal or near-optimal solutions by the 150th generation, 

while it reaches the optimal result at around 200 generations in the second experiment. However, in the third 
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experiment with the largest problem (400 agents), convergence extended toward the 300th generation, 

showing that increased scale can lead to a higher number of generations required for convergence. Execution 

time also scaled with problem size, rising from 4 seconds to 57 seconds. While this increase is expected, it 

remains acceptable considering the improved fitness values.  

In this paper, we use the fitness of the initial random population (generation 0) as a baseline to 

evaluate the effectiveness of the proposed algorithm. The fitness of the best chromosome in each generation 

was recorded. By comparing the fitness values from generation 0 to the final generation, the average 

improvement gained through the COLCF was demonstrated in Table 3. In all experiments, the fitness value 

of the last generation achieved a higher value than that of the initial generation, demonstrating the 

improvement gained through the evolutionary process. Specifically, COLCF increased the fitness by 47.63, 

15.37, and 7.10% across the three experiments, respectively. Although the percentage improvement 

decreases as the number of agents increases, this trend is expected due to the rising complexity of the 

grouping problem. The decreasing percentage is therefore not indicative of poor performance but rather a 

reflection of the growing difficulty of the problem. 
 
 

Table 2. Performance and scalability summary 
Experiment no. Number of agents Number of groups Best fitness value Convergence generation Execution time (s) 

1 100 10 0.624895 ~150 4 
2 200 20 0.774177 ~200 15 

3 400 40 0.818259 ~300 57 

 
 

Table 3. Average fitness improvement from generation 0 to final generation 
Experiment no. Gen 0 fitness value Final fitness value Avg improvement (%) 

1 0.423255 0.624895 47.63 

2 0.671264 0.774417 15.37 
3 0.76395 0.818259 7.10 

 

 

4.2.  Leader proportion on group formation 

To optimize group formation, the COLCF algorithm identifies a qualified leader for each subgroup 

based on centrality and leadership attributes. In each generation, agents and leader agents are encoded within 

chromosomes and selected from the previous generation according to their fitness values. This process 

gradually refines the group structure, enhancing connectivity and identifying the most influential leaders 

within the network. The results indicate that the algorithm can effectively determine suitable leader agents. 

For example, in experiment 1, agents such as #10 and #48 were identified as leaders of their respective 

groups. These agents demonstrated high centrality within the graph. Moreover, as the problem scale 

increased, the algorithm maintained its resilience even in larger, more complex configurations. One factor not 

examined in this study is the proportion of leader-type agents. As demonstrated previously, the total number 

of distinct groupings is calculated by the formula: 
𝑛!

((𝑞+1)!)
𝑟

∙(𝑞!)𝑝−𝑟∙𝑟!∙(𝑝−𝑟)!
, where 𝑛 is distinct agents, 𝑝 is the 

number of groups, 𝑞 = ⌊
𝑛

𝑝
⌋, and 𝑟 =  𝑛 𝑚𝑜𝑑 𝑝. In addition, if 𝑛 is large, it may lead to more feasible 

solutions, thereby increasing the complexity of the problem as the search space becomes larger. As the best 

group leaders need to be identified for each divided group, a larger number of candidate leaders may increase 

the algorithm’s computational complexity. On the other hand, fewer candidate leaders may allow the 

algorithm to identify the best leader of the divided groups more quickly. This is supported by [82] and [83], 

affirming that the size of the solution space and candidate selection significantly impact the efficiency of 

optimization algorithms. Although the experiments are not designed around this factor, the observed 

proportions (84 at 84%, 152 at 76%, and 330 at 75% in each respective experiment as presented in Table 1) 

suggest that this factor could affect convergence speed. There has been no exploration or specific analysis 

conducted on this factor. Therefore, it warrants further investigation, as it has the potential to influence  

group formation. 

 

 

5. CONCLUSION  

In this paper, the optimized group formation algorithm based on the GA is proposed to form the best 

possible groupings of agents, considering the closeness centrality of the group leader. The algorithm 

demonstrates that it works effectively in solving problems with different levels of difficulty and size. 

Additionally, its scalability was demonstrated by its ability to handle larger problems with more agents and 

subgroups. The unique features of our approach, including the incorporation of closeness centrality and 
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leadership attributes, distinguish it from other existing methods. Further research can focus on improving the 

algorithm's performance and efficiency, such as exploring different selection and crossover methods. The 

proportion of agent leaders will be further analyzed, as it may affect overall group formation. Another 

potential direction of research could be implemented in the mobile platforms to allow the algorithm's 

flexibility to be used anywhere and to adapt to different problem domains. Finally, it would be worthwhile to 

apply the algorithm to real-world problems and measure its performance in comparison to other  

existing algorithms. 
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