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Abstract 

Amid the flood of data, social network analysis is beneficial in searching for its hidden context and verifying 

several pieces of information. This can be used for detecting the spread model of infectious diseases, methods 

of preventing infectious diseases, mining of small groups and so forth. In addition, community detection is the 

most studied topic in social network analysis using graph analysis methods. The objective of this study is to 

examine signed attributed social networks and identify the maximal balanced cliques that are both absolute 

and fair. In the same vein, the purpose is to ensure fairness in complex networks, overcome the “information 

cocoon” bottleneck, and reduce the occurrence of “group polarization” in social networks. Meanwhile, an 

empirical study is presented in the experimental section, which uses the personal information of 77 employees 

of a research company and the trust relationships at the professional level between employees to mine some 

small groups with the possibility of "group polarization." Finally, the study provides suggestions for managers 

of the company to align and group new work teams in an organization. 

 

Keywords 

Absolute-Fairness Maximal Balanced Cliques, Attributed Social Network, Fairness of Nodes, Signed Social 

Network 
 

 

 

1. Introduction 

People in the real world assume multiple characteristic labels, such as gender, job, nationality, location, 

education, and profession, and the above information can be formed as a complex network. A complex 

network is formed based on the combination of information on interpersonal relationship and personal 

labels into a social network graph. Indeed, social networks are generally represented as a graph consisting 

of nodes and edges. Especially, each node in a real-life social network can be regarded as an individual 

or an organization, and an edge can be expressed as a relationship between each individual or organi-

zation. Normally, a social network, which is formed as a graph, can effectively explain the social rela-

tionships between individuals or organizations and their respective characteristics. 

Community detection in the study of complex networks is an area of graph analysis that has recently 
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garnered keen attention and entails discovering cohesive subgraphs in the network. A cohesive subgraph 

is often used to identify the dense community structure of social networks, with cliques utilized as a 

common method for this purpose [1]. 

Clique mining is a commonly used technique in graph analysis and has applications in detecting protein 

structures and enumerating clusters [2]. It is also useful for detecting social network structures, such as 

identifying overlapping communities. Mining cliques have various applications and improved methods 

in graph analysis and other fields [3,4], specified as follows: 

� Protein structure detection: Cliques can be used to identify substructures in protein interaction 

networks, which can help in understanding protein function and disease mechanisms. 

� Cluster analysis: Cliques can be used to identify densely connected clusters in a graph, which can 

help in understanding a graph’s structure and the relationships between its components. 

� Recommendation systems: Cliques can be used to identify groups of users with similar interests or 

preferences, which can be used to make personalized recommendations. 

Social network graphs can be categorized based on the types of edges, whether it is weighted or un-

weighted. A social network is called a signed social network when it has positive or negative weighted 

edges. Several studies have been conducted to analyze signed social networks, with specific emphasis on 

examining the balance of the network or its subnetworks. The theory of social balanced networks is often 

used to define the concept of "balance" in signed social networks. 

It is interpreted using the phrases “the friend of my friends is my friend,” “the enemy of my friends is 

my enemy,” “the friend of my enemies is my enemy,” and “the enemy of my enemies is my friend” [5]. 

The “social balanced theory” can be illustrated in Fig. 1. 

 

 
Fig. 1. Balanced and unbalanced social networks. 

 

Fig. 1 illustrates the cases of “social balance theory,” whereby on the edges, the sign “+” denotes 

“friend”/ “positive” and “-” denotes “enemy”/ “negative,” The first two triangles are balanced and the 

last two are unbalanced. 

A node in an attribute network can contain a large amount of attribute information. Studies [6,7] 

explored mining communities in attribute networks, aiming to detect communities that satisfy specific 

attribute constraints or exhibit high correlations among attributes. However, these studies often do not 

consider the attributes of nodes by the concept of “fairness” within the community. Usually, the concept 

of “fairness” has gained more attention in AI as a means of improving the reliability of machine learning 

[8,9]. Recently, new research has emerged that combines the detection of cliques in attribute graphs with 

the consideration of fairness [10,11]. 

Unlike existing works, this study is devoted to providing an enumeration method to detect the maximal 

balanced cliques by considering both the “fairness” and “balance” in social networks. In this context, the 

fairness of each clique is absolutely fair. 

Since the detection of the balance cliques can mitigate problems such as the existing “information 
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cocoon” [12], if we consider fairness at the same time, by constraining some attributes of the nodes in 

cliques, we can only get the maximal cliques formed by some nodes that we are interested in. Hence, the 

maximal cliques have the two characteristics of “fairness” and “balance.” For instance, in a real-life social 

network, where each individual has an attribute representing one’s gender, if we focus on mining a 

community with an equal number of men and women, gender bias can be overcome by detecting the 

attribute community [11]. As an alternative approach, our objective is to identify communities of 

researchers from various fields in a collaborative network, with each node being associated with an 

attribute that denotes their research topic. The fairness cliques can consider the fairness of various 

research topics. With this in mind, combining the maximal balanced cliques with absolute fair cliques in 

a signed attributed social network can produce very meaningful results. 

The following describes the structure of the paper. The first section presents the introduction, which 

includes the literature survey done and the related work researched on maximal balanced cliques and 

fairness cliques. In the second section, several related works about community mining in attributed social 

networks and signed social networks, and the fairness-oriented research are summarized. In the third 

section, the preliminary knowledge of social network analysis, maximal balanced cliques and fairness in 

attributed social networks used for organizing our research are presented in that order. In the fourth 

section, we illustrate the problem statement and propose a methodology and an algorithm. The algorithm 

detects maximal balanced cliques and determines whether the cliques are fair, and if it is not fair, we shall 

determine whether sub-cliques can be derived to ensure fairness. In the fifth section, we elaborate on the 

introduction of datasets of a research company and execute an empirical study to get the absolute fair 

maximal balanced cliques for the above company. Finally, in the last section, our work in this paper is 

brought to a conclusion and further works of the paper are discussed. 

The principal contributions of this paper are specified as follows: 

� Novel model: A novel model for detecting absolute-fairness maximal balanced cliques is proposed 

in this paper. We first propose a novel definition called absolute-fairness maximal balanced cliques. 

� Advanced algorithm: We propose a novel algorithm to detect absolute-fairness maximal balanced 

cliques by the modified three-way concept lattice method and fairness method. 

� Empirical study: To illustrate how the model works, we have conducted a case study based on the 

real-life datasets in the experiment section. 

 

 

2. Related Works 

2.1 Community Mining in Attribute Social Network & Signed Social Network 

Several types of research aimed to mine the attributed graph in attributed social networks for the 

existing social network analysis and graph mining studies. The problem of community detection in 

attributed social networks (attribute graph) is a hot topic in community mining. Fang et al. [13] proposed 

an attributed community search method and introduced CL-tree, an index structure. Khan et al. [14] 

involved the work regarding mining subgraphs whereby the nodes in the subgraph are closely connected, 

and each node satisfies the attributes (keywords) queried. Li et al. [15] focused on detecting the attributed 

communities in the attributed graph based on an embedding model. Pizzuti and Socievole [16] detected 

the attribute communities by considering both node similarity and structural connectivity in attributed 



Yixuan Yang, Sony Peng, Doo-Soon Park, Hye-Jung Lee, and Phonexay Vilakone 

 

J Inf Process Syst, Vol.20, No.2, pp.200~214, April 2024 | 203 

social networks. 

At present, there are also many related works on the analysis and mining of signed social networks. 

Chen et al. [17] proposed a method to enumerate the maximal balanced clique in signed networks. 

Salminen et al. [18] developed an online hate classifier to analyze the signed social networks. Moreover, 

[19] denotes our previous work about detecting maximal balanced cliques by three-way concept lattice. 

In this work, we have proposed two algorithms called MCDA1 and MCDA2 to mine the maximal 

balanced cliques. 

 

2.2 Fairness-Aware Mining 

There are also some studies about the concept of “fairness” in attributed social network analysis. Pan 

et al. [11] proposed a SFCEnum method to enumerate the strong fair cliques in attribute graphs, and they 

first introduced the concept of “fairness” for cohesive subgraphs. Beutel et al. [20] introduced “fairness” 

into the recommendation system and displayed metrics to evaluate the algorithm's fairness. Hao et al. 

[10] first combines the formal concept analysis (FCA) with fairness-aware data mining in attributed social 

networks to mine the absolute-fairness cliques. In this work, they proposed the new concept of “absolute-

fairness” to give strict constraints to ensure that the number of nodes for each attribute is the same in each 

clique. 

Compared to the existing studies, our work has considered both “fairness” and “balanced” in signed 

attributed social networks as different from the literature on social network analysis and community 

detection. 

 

 

3. Basic Knowledge 

This section presents our developed MCDA method [19] based on three-way concepts for detecting 

maximal balanced cliques. 

The term “signed attributed social network” is defined as G = (V, E, W) in [13]. Here, V refers to a 

collection of nodes, V = {v1, v2, v3, …, vn}, while E indicates the edges present in the network, E = {eij | 

i,j∈V}, which includes all possible edges. Additionally, W denotes the set of weights associated with 

the edges, where “+” and “-” are used in this study to represent positive and negative weights, 

respectively. Therefore, W = {W+
∪W–}. As shown in Fig. 2, among them, the positive edges are 

represented by solid lines, and the negative edges are denoted as dashed lines. 

 

 
Fig. 2. A signed social network G. 
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Definition 1 (Modified formal context & adjacency matrix) [19]. For a signed network G = (V, E, W), 

we use modified formal context F = (V, V, W+) and modified supplement formal context Fc = (V, V, W–) 

to represent the positive/negative relationship between nodes, respectively. Based on F and Fc, there are 

two adjacency matrixes that have been obtained by formulas (1) and (2), and these matrixes contain only 

0 and 1. The matrixes of Fig. 2 above are shown in Tables 1 and 2. 

 

M (F ) =���� = 1,�ℎ�� ��� ,��	 ∈ 
����  ≠ ���� = 1, �ℎ��  = ���� = 0, �ℎ�� ��� ,��	 ∉ 
����  ≠ �, (1) 

  

M (Fc) =���� = 1,�ℎ�� ��� ,��	 ∈ 
����  ≠ ���� = 1, �ℎ��  = ���� = 0, �ℎ�� ���,��	 ∉ 
����  ≠ �. (2) 

 

Table 1. Modified formal context F of signed social network G 

 V1 V2 V3 V4 V5 V6v V7 V8 V9 

V1 1 1 1 1 0 0 0 0 0 

V2 1 1 1 1 0 0 0 0 0 

V3 1 1 1 1 0 0 0 0 0 

V4 1 1 1 1 0 0 0 0 0 

V5 0 0 0 0 1 1 1 1 1 

V6 0 0 0 0 1 1 1 1 1 

V7 0 0 0 0 1 1 1 1 1 

V8 0 0 0 0 1 1 1 1 1 

V9 0 0 0 0 1 1 1 1 1 

 

Table 2. Modified supplement formal context Fc of signed social network G 

 V1 V2 V3 V4 V5 V6v V7 V8 V9 

V1 0 0 0 0 1 1 1 1 1 

V2 0 0 0 0 1 1 1 1 1 

V3 0 0 0 0 1 1 1 1 1 

V4 0 0 0 0 1 1 1 1 1 

V5 1 1 1 1 0 0 0 0 0 

V6 1 1 1 1 0 0 0 0 0 

V7 1 1 1 1 0 0 0 0 0 

V8 1 1 1 1 0 0 0 0 0 

V9 1 1 1 1 0 0 0 0 0 

 

Based on the traditional formal concept lattice method [21], when Tables 1 and 2 are used as the input, 

after all rows and columns are intersected respectively, we can get two concept lattices, as shown in Fig. 

3. Each node in the lattice is a concept node, with the blue text denoting the extent of the concept, and 

the red text denoting the concept's intent. 

In our previous work [19], we proposed and proved a method to get the three-way concept lattice based 

on the above FCA method. The steps are to intersect the extent of the concepts in the two concept lattices 

in Fig.3 above in pairs, and combine the intent in pairs to obtain a new concept: OE concept (e.g., ({1, 2, 

3, 4}, {1, 2, 3, 4}) and ({1, 2, 3, 4}, {5, 6, 7, 8, 9}) → ({1, 2, 3, 4}, ({1, 2, 3, 4}, {5, 6, 7, 8, 9}))), such 

that all OE concepts can form an OE concept lattice through a certain partial order structure, as shown in 

Fig. 4. 
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(a) (b)

Fig. 3. The two concept lattices (a) positive subgraphs and (b) negative subgraphs. 

 

 
Fig. 4. The OE concepts lattice of signed social network G. 

 

For each OE concept, we can think of a pair of node sets as a maximal balanced clique, if the first half 

of the pair is equal to the left subset of the second half (e.g., for the OE concept ({1, 2, 3, 4}, ({1, 2, 3, 

4}, {5, 6, 7, 8, 9})), the first half (1, 2, 3, 4) and the left subsets of the second-half part ((1, 2, 3, 4), (5, 6, 

7, 8, 9)) are equal), shows as Fig. 5. Therefore, the node set contained in this OE concept is a maximal 

balanced clique node set. In this context, there are all positive edges inside the two subsets and all negative 

edges between the two subsets. 

 

 
Fig. 5. Process of forming a maximal balanced clique. 
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4. Problem Statement & Proposed Approach 

Here, we will illustrate the problem statement and explain the proposed approach to detect absolute 

fair maximal balanced cliques in the signed attributed social network. 

We have introduced some definitions in our previous work in [22], and this paper is the extension of 

the conference paper. Based on the content of [22], we have given a complete process for detecting 

maximal balanced cliques and absolute-fairness cliques in Sections 3 and 4. Meanwhile, we intend to 

apply this model to a real-life dataset and give an empirical study in Section 5. 

 

4.1 Problem Statement 

To enhance comprehension, we present some definitions as follows. 

At first, we have defined signed attributed social networks and absolute fair maximal cliques [10]. 

In comparison to a signed social network, a signed attributed social network includes attribute 

information of the nodes. It can be represented as G = (V, E, W, A), where V denotes the set of nodes, E 

denotes the edges present in the network, W indicates the weight set of edges, where “+” and “–” are 

used to denote a positive and negative weight, respectively, W = {W+
∪W–}, and A denotes the set of 

attributes on the nodes. 

Definition 2 (Criteria of fairness and maximal of absolute fair maximal clique). A clique in graph G = 

(V, E, A) is considered an absolute fair maximal clique if it meets the following criteria as specified: 

– Fairness: It is fair, meaning the number of nodes associated with each attribute �� ∈  � is equal. 

– Maximal: It is maximal, meaning no clique C′ is a proper superset of C and also meets the fairness 

condition [22]. 

Fig. 6 shows a social network graph with nodes, edges, and the attributes of nodes (‘a’ and ‘b’ represent 

the attributes of nodes, such as node V1 belonging to Class ‘a’ and node V8 belonging to Class ‘b’). The 

clique in Fig. 6 is a fairness clique since the numbers of the attribute of nodes are the same (e.g., the 

number of attributes ‘a’ and ‘b’ are both equal to 4). 

 

 
Fig. 6. A fairness clique C. 

 

Then, to enhance comprehension, we have defined the maximal balanced clique (MBC) and absolute 

fairness maximal balanced clique (AFMBC) [22]. 

Definition 3 (Maximal balanced clique). A fully connected subgraph G1 of a signed network (which is 

described as G = (V, E, W)) is called a maximal clique. Moreover, if G1 is a maximal clique and for 



Yixuan Yang, Sony Peng, Doo-Soon Park, Hye-Jung Lee, and Phonexay Vilakone 

 

J Inf Process Syst, Vol.20, No.2, pp.200~214, April 2024 | 207 

∀(u,v) ∈ MBC, (u,v) ∈ W (W = {W+
∪W–}), then G1 is a MBC. To further refine the definition, an MBC 

can be divided into two sub-cliques C1 and C2. To ensure “balance”, a new requirement has been proposed 

such that for ∀u,v ∈ C1 or u,v ∈ C2, (u,v) ∈ W+, and when ∀u ∈ C1,v ∈ C2 or u ∈ C2,v ∈ C1, the u and v 

have negative edges, which are indicated as (u,v) ∈ W-. 

Definition 4 (Absolute fairness maximal balanced clique). An AFMBC can be defined as a pair of sub-

cliques C1 and C2 that satisfy both “fairness” and “balance,” so that the union of the two cliques, C = C1 

∪ C2, is an AFMBC. 

Definition 5 (Derived pseudo absolute-fairness maximal balanced clique). For the maximal balanced 

cliques in which the numbers of attributes are greater than the kinds of attributes and the numbers are 

unequal, we will derive the sub-absolute fairness maximal balanced clique (sub-AFMBC) as the 

outcomes. 

Example: To illustrate, consider {(1,2,3,4), (5,6,7,8,9)} in Fig. 7 is an AFMBC. However,  (5,6,7,8,9) 

is a clique, but it violates the fairness constraint such that we remove this clique and generate several new 

pseudo-AFMBC: (6, 7, 8, 9), (5,7,8,9), and (5,6,7,8). Finally, we obtain three AFMBCs that satisfy both 

fairness and balance: {(1,2,3,4), (6,7,8,9)}, {(1,2,3,4), (5,7,8,9)}, and {(1,2,3,4), (5,6,7,8)}. This process 

is demonstrated in Fig. 7. 

 

 
Fig. 7. Derived pseudo absolute fairness maximal balanced clique C. 

 

Problem statement: Given a signed attributed social network G, by finding all AFMBCs in G, the 

cliques set Ω containing the AFMBCs is expressed as follows: 

 

Ω = AFMBC(G). (3) 

 

4.2 Methodology 

This section introduces the method for identifying AFMBC in signed attributed social networks. 

In previous research [19], we demonstrated the equivalence between MBCs and the OE-concept in the 

OE-concept lattice using the three-way concept method. We used modified formal contexts, which 

include positive and negative formal contexts as subgraphs, to mine MBCs. 

Our work has taken into account not only the “balanced” aspect but also “fairness.” Therefore, in 

addition to using the three-way concept method to obtain the MBCs, we have also analyzed the attributes 

of the nodes and ensured that the number of each attribute in each sub-clique of MBCs is equal. 

The following are the technical steps of our method as specified: 

Step 1:  For a given G = (V, E, W, A), based on Definition 1, two adjacency matrixes of modified 

formal context F and Fc are obtained.  

Step 2: The MCDA method is applied to detect the MBCs by generating the corresponding OE-concept 
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lattice. 

Step 3: Travel all MBC and determine the fairness with each sub-clique of a pair, and filter the AFMBC 

that satisfies Definition 4, otherwise, derive the pseudo-AFMBC (based on Definition 5) from 

an MBC to make sure the number of attributes is equal. 

Fig. 8 illustrates the framework of our methodology, which includes all the above steps. 

The method is explained in pseudocode and presented as follows. 

 

Algorithm 1. The algorithm for detecting AFMBC 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

Input G=(V, E, W, A) as the formal context 

F  Modified formal context (G(W+) 

Fc  Modified formal context (G(W-) 

OE-concept lattice OEL  Three-way method (F, Fc) 

MBC  concepts in OEL && intersection (concept.extent) && merge(concept.intent) 

for mbc in MBC: 

   Filter each mbc that satisfies Definition 2 

If mbc satisfies Definition 2: 

             Ω  pair (mbc) 

Else: 

Remove maximal balanced cliques that do not meet the criteria of Definition 2, and then 

eliminate any unnecessary nodes to obtain an absolute fairness maximal balanced clique 

(AFMBC) based on Definition 5. 

Ω  pair (AFMBC) 

13 Return Ω  

 

 

Fig. 8. Overview of our model. 

 

 

5. Experiment 

5.1 Dataset Setting 

For implementing the proposed algorithm, we used a real-life signed attributed social network: namely, 

a research team at a manufacturing company [23] (https://toreopsahl.com/datasets/#FreemansEIES). We 

used Python 3.8 and Intel Core i5 processors on MacOS to execute the experiment. 

Intra-organizational networks contain two company members’ social networks. In our work, we have 
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utilized one of the networks of 77 researchers. The network concerned constitutes 77 researchers and 

their opinions as to one another's knowledge and abilities. The scores range from 0–6 and are used to 

represent weight levels in the network. A score of 0 indicates no knowledge of the person, while scores 

of 1 and 2 indicate strong disagreement and disagreement, respectively. Then, scores of 3 and 4 indicate 

neutrality, whereas scores of 5 and 6 indicate agreement and strong agreement, respectively. To pre-

process the data, scores of 1 and 2 are treated as extremely negative ratings and labeled as -1, whereas 

scores of 5 and 6 are treated as extremely positive ratings and labeled as 1. Scores that fall between these 

extremes are labeled as 0. 

The information on researchers include location, tenure, and organizational level. In our work, we have 

chosen the tenure (short-tenured, less than 61 months; long-tenured, greater than or equal to 61 months) 

and the organization level (management: global department manager, local department manager, and 

project leader; general: researcher) as the attributes to analyze this network. 

 

5.2 Empirical Study 

The concept of “group polarization” was initially introduced by Stoner in 1961 in the field of sociology. 

Later on, Sunstein [24] defined “group polarization” as a phenomenon where group members tend to 

hold certain opinions or attitudes at the beginning, and after deliberation, they continue to move in the 

direction of their initial biases, eventually leading to the formation of an extreme point of view. 

In fact, company managers prefer employees to reduce group polarization as much as possible in the 

work process. Therefore, managers may need to make necessary interventions on social networks. 

However, if the intervention method is only a single-shielded communication due to the internal structure 

of the social network, it is not conducive to crossing the conceptual gap. Therefore, maintaining an 

openness to multiple concepts and allowing isolated “small worlds” in social networks to perceive each 

other are a meaningful way to finally de-polarize them [25]. This empirical study seeks to find as many 

small groups as possible with polarized tendencies (i.e., MBCs). The goal is mainly based on the pro-

fessionalism ratings of 77 employees of the research company and aims to ensure that positions or work 

experience in the cliques have “fairness” (i.e., absolute-fairness balanced cliques) and to enumerate all 

possible cooperative groups, establishing opportunities for cooperation and communication between 

isolated “small worlds,” so that polarization is reduced within the company's employees. 

Fig. 9 illustrates the signed attributed social network of this dataset. Each node represents one em-

ployee, and the solid lines (gray) and dashed lines (blue) represent the positive and negative relationship 

between employees, respectively. 

Taking this dataset as input, after calculating with our method, we get two MBCs: ({28, 63, 73, 74, 

76}, {15, 49}), ({10, 55, 68}, {1, 2}). This means that these two MBCs are possible to have group 

polarization. To address this issue, we have considered the “fairness” of the cliques by considering 

working hours (tenure) and work positions (organization level) as attributes, respectively. Then, we 

propose some grouping suggestions for cooperative groups to reduce the problem of group polarization 

by letting employees on the list work cooperatively with a possibility of occurrence. 

These MBCs with two attribute labels are shown in Figs. 10 and 11. These figures represent two 

subgraphs of the network graph shown in Fig. 9. Similarly, each node represents one employee, while 

solid lines (gray) and dashed lines (blue) represent the positive and negative relationship between 

employees, respectively. 
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Fig. 9. Intra-organizational networks. 

 

 
Fig. 10. The maximal balanced cliques C1. 

 

 
Fig. 11. The maximal balanced cliques C2. 
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Table 3 shows the number of cliques in different situations. It includes the number of cliques detected 

by sub-networks that contain only positive edges, networks that contain only negative edges, and 

unsigned networks (which do not distinguish between positive and negative, with both weights -1 and 1 

being regarded as 1). At the same time, we also derive one of the goals of our paper—MBCs in signed 

social networks. 

 

Table 3. Number of cliques in different situations of edges 

 
Sub-graph with 

positive edges 

Sub-graph with 

negative edges 

Sub-graph with 

unsigned edges 
Signed graph 

Number of 

cliques 
205 139 85 2 

 

According to Table 3, it is obvious that there are many cliques in this social network, whether they are 

positive, negative, or regardless of trust. However, only two maximal cliques are balanced (shown in the 

last column in Table 3), and they also account for two of the groups where group polarization is possible. 

The goal of the algorithm in this paper is to find these specific cliques and analyze them. Table 4 provides 

a detailed analysis of these two maximal balanced cliques and derives the sub-cliques from them. 

Table 4 denotes the outputs of the empirical study. All the absolute-fairness maximal cliques are 

enumerated in this table. Company managers can group cooperative groups according to this strategy, 

with the result of eliminating the problem of group polarization between these two MBCs. At the same 

time, it also fully considers the fairness aspect of employees' different job positions and work experiences, 

which in turn is more conducive to teamwork 

 

Table 4. Derived absolute-fairness maximal cliques 

 Tenure Organization level 

({28, 63, 73, 74, 76}, {15, 49}) - ({28, 73}, {15, 49}) 

({63, 73}, {15, 49}) 

({73, 74}, {15, 49}) 

({73, 76}, {15, 49}) 

({10, 55, 68}, {1, 2}) ({10, 55}, {1, 2}) 

({10, 68}, {1, 2}) 

- 

 

 

6. Conclusion 

In this paper, we have presented a method of enumerating AFMBCs, applied it to signed attributed 

social networks, and conducted an empirical study on real-life datasets. Firstly, we have applied the three-

way concept method and list to obtain all MBCs. Then, we have filtered and derived sub-cliques 

conforming to fairness to guarantee the “fairness” of the detected MBC. Through our empirical study, 

we have demonstrated the legitimacy and meaning of our method. 

In the future, we intend to emphasize more efficient methods to adapt to real-life scenarios, especially 

in terms of applying them to dynamic social networks and other issues. 

 



An Empirical Study of Absolute-Fairness Maximal Balanced Cliques Detection Based on Signed Attribute Social Networks: Considering Fairness and Balance 

 

212 | J Inf Process Syst, Vol.20, No.2, pp.200~214, April 2024 

Acknowledgement 

This research was supported by BK21 Fostering Outstanding Universities for Research (No. 

5199990914048) and the National Research Foundation of Korea (No. NRF-2022R1A2C1005921). This 

paper is the extended version of the Annual Spring Conference of KIPS (ASK 2022) held in Seoul, 

Republic of Korea dated May 19-21, 2022 [22]. 

 

 

References 

[1] Y. Yang, F. Hao, D. S. Park, S. Peng, H. Lee, and M. Mao, “Modelling prevention and control strategies for 

COVID-19 propagation with patient contact networks,” Human-centric Computing and Information 

Sciences, vol. 11, article no. 45, 2021. https://doi.org/10.22967/HCIS.2021.11.045 

[2] Y. Yang, F. Hao, B. Pang, G. Min, and Y. Wu, “Dynamic maximal cliques detection and evolution manage-

ment in social internet of things: a formal concept analysis approach,” IEEE Transactions on Network Science 

and Engineering, vol. 9, no. 3, pp. 1020-1032, 2022. https://doi.org/10.1109/TNSE.2021.3067939 

[3] A. Das, S. V. Sanei-Mehri, and S. Tirthapura, “Shared-memory parallel maximal clique enumeration,” in 

Proceedings of 2018 IEEE 25th International Conference on High Performance Computing (HiPC), 

Bengaluru, India, 2018, pp. 62-71. https://doi.org/10.1109/HiPC.2018.00016 

[4] J. Cheng, L. Zhu, Y. Ke, and S. Chu, “Fast algorithms for maximal clique enumeration with limited memory,” 

in Proceedings of the 18th ACM SIGKDD International Conference on Knowledge Discovery and Data 

Mining, Beijing, China, 2012, pp. 1240-1248. https://doi.org/10.1145/2339530.2339724 

[5] Y. Yang, S. Peng, D. S. Park, F. Hao, and H. Lee, “A novel community detection method of social networks 

for the well-being of urban public spaces,” Land, vol. 11, no. 5, article no. 716, 2022.  

https://doi.org/10.3390/land11050716 

[6] I. Falih, N. Grozavu, R. Kanawati, and Y. Bennani, “Community detection in attributed network,” in 

Companion Proceedings of the Web Conference, Lyon, France, 2018, pp. 1299-1306.  

https://doi.org/10.1145/3184558.3191570 

[7] P. Chunaev, “Community detection in node-attributed social networks: a survey,” Computer Science Review, 

vol. 37, article no. 100286, 2020. https://doi.org/10.1016/j.cosrev.2020.100286 

[8] N. Mehrabi, F. Morstatter, N. Saxena, K. Lerman, and A. Galstyan, “A survey on bias and fairness in machine 

learning,” ACM Computing Surveys (CSUR), vol. 54, no. 6, article no. 115, 2021. https://doi.org/10.1145/3457607 

[9] S. Vincent-Lancrin and R. Van der Vlies, “Trustworthy artificial intelligence (AI) in education: promises 

and challenges,” OECD Education Working Papers No. 218, Paris, France, 2020.  

https://doi.org/10.1787/a6c90fa9-en 

[10] F Hao, W. Huang, and D. S. Park, “Absolute fair maximal cliques detection in attributed social networks,” in 

Proceedings of the 16th International Conference on Multimedia & Ubiquitous Engineering (MUE), Jeju, 

South Korea, 2022.  

[11] M. Pan, R. H. Li, Q. Zhang, Y. Dai, Q. Tian, and G. Wang, “Fairness-aware maximal clique enumeration,” in 

Proceedings of 2022 IEEE 38th International Conference on Data Engineering (ICDE), Kuala Lumpur, 

Malaysia, 2022, pp. 259-271. https://doi.org/10.1109/ICDE53745.2022.00024 

[12] L. Ji, “How to crack the information cocoon room under the background of intelligent media,” International 

Journal of Social Science and Education Research, vol. 3, no. 3, pp. 169-173, 2020.  

https://doi.org/10.6918/IJOSSER.202003_3(3).0026 



Yixuan Yang, Sony Peng, Doo-Soon Park, Hye-Jung Lee, and Phonexay Vilakone 

 

J Inf Process Syst, Vol.20, No.2, pp.200~214, April 2024 | 213 

[13] Y. Fang, C. K. Cheng, S. Luo, and J. Hu, “Effective community search for large attributed graphs,” Pro-

ceedings of the VLDB Endowment, vol. 9, no. 12, pp. 1233-1244, 2016.  

https://doi.org/10.14778/2994509.2994538 

[14] A. Khan, L. Golab, M. Kargar, J. Szlichta, and M. Zihayat, “Compact group discovery in attributed graphs 

and social networks,” Information Processing & Management, vol. 57, no. 2, article no. 102054, 2020. 

https://doi.org/10.1016/j.ipm.2019.102054 

[15] Y. Li, C. Sha, X. Huang, and Y. Zhang, “Community detection in attributed graphs: an embedding approach,” 

Proceedings of the AAAI Conference on Artificial Intelligence, vol. 32, no. 1, pp. 338-345, 2018.  

https://doi.org/10.1609/aaai.v32i1.11274 

[16] C. Pizzuti and A. Socievole, “A genetic algorithm for community detection in attributed graphs,” in Applica-

tions of Evolutionary Computation. Cham, Switzerland: Springer, 2018, pp. 159-170.  

https://doi.org/10.1007/978-3-319-77538-8_12 

[17] Z. Chen, L. Yuan, X. Lin, L. Qin, and J. Yang, “maximal balanced clique enumeration in signed networks,” 

in Proceedings of the Web Conference, Taipei, Taiwan, 2020, pp. 339-349.  

https://doi.org/10.1145/3366423.3380119 

[18] J. Salminen, M. Hopf, S. A. Chowdhury, S. G. Jung, H. Almerekhi, and B. J. Jansen, “Developing an online 

hate classifier for multiple social media platforms,” Human-centric Computing and Information Sciences, 

vol. 10, article no. 1, 2020. https://doi.org/10.1186/s13673-019-0205-6 

[19] Y. Yang, D. S. Park, F. Hao, S. Peng, H. Lee, and M. P. Hong, “Detection of maximal balance clique using 

three-way concept lattice,” Journal of Information Processing Systems, vol. 19, no. 2, pp. 189-202, 2023. 

https://doi.org/10.3745/JIPS.01.0094 

[20] A. Beutel, J. Chen, T. Doshi, H. Qian, L. Wei, Y. Wu, et al., “Fairness in recommendation ranking through 

pairwise comparisons,” in Proceedings of the 25th ACM SIGKDD International Conference on Knowledge 

Discovery & Data Mining, Anchorage, AK, USA, pp. 2212-2220. https://doi.org/10.1145/3292500.3330745 

[21] F. Hao, G. Min, Z. Pei, D. S. Park, and L. T. Yang, “K-clique community detection in social networks based 

on formal concept analysis,” IEEE Systems Journal, vol. 11, no. 1, pp. 250-259, 2017.  

https://doi.org/10.1109/JSYST.2015.2433294 

[22] Y. Yang, S. Peng, D. S. Park, and H. J. Lee, “Absolute-fair maximal balanced cliques detection in signed 

attributed social network,” Proceedings of the Annual Spring Conference of KIPS, vol. 29, no. 1, pp. 9-11, 

2022.  

[23] R. L. Cross and A. Parker, The Hidden Power of Social Networks: Understanding How Work Really Gets 

Done in Organizations. Boston, MA: Harvard Business Press, 2004. 

[24] C. R. Sunstein, “law of group polarization,” University of Chicago Law School, John M. Olin Law & 

Economics Working Paper No.91, 1999. https://doi.org/10.2139/ssrn.199668 

[25] F. Chen and D. Xu, “Comments and links: group political polarization in social networking sites: an 

explanation based on micro behaviors,” Chinese Journal of Sociology, vol. 37, no. 4, pp. 217-240, 2017. 

 

 

Yixuan Yang  https://orcid.org/0000-0002-9334-566X    
She is working at Dongfang Jingyuan Microelectronics Technology in China. The 

interests of her research are social network analysis, community detection, and formal 

concept analysis. She earned her B.Sc. degree from the Department of Software 

Engineering at Taiyuan University of Technology, China in 2017. She completed her 

M.Sc. degree from the Department of Software Engineering at Shaanxi Normal Uni-

versity, China in 2020. She completed her Ph.D. in Software Convergence at Soon-

chunhyang University in Asan, South Korea. 



An Empirical Study of Absolute-Fairness Maximal Balanced Cliques Detection Based on Signed Attribute Social Networks: Considering Fairness and Balance 

 

214 | J Inf Process Syst, Vol.20, No.2, pp.200~214, April 2024 

Sony Peng  https://orcid.org/0000-0003-3847-9662    
In 2018, she obtained her undergraduate degree in ITE from the Royal University of 

Phnom Penh, in Cambodia. Currently, she is a candidate pursuing a combined master 

and Ph.D. program in the Department of Software Convergence at Soonchunhyang 

University in South Korea. She is focusing on data mining, recommendation system, 

and mobile development in AI. 
 

 

Doo-Soon Park  https://orcid.org/0000-0002-2776-8832    
In 1988, he completed his Ph.D. in Computer Science at Korea University. At present, 

he holds the position of Chair Professor in the Department of Computer Software 

Engineering at Soonchunhyang University, South Korea, and he is also the Dean of the 

Graduate School at Soonchunhyang University. He has held several other positions, 

including Director of BK21 FOUR Well-Life Big Data at Soonchunhyang University 

from 2020 to 2022, Director of Wellness Service Coaching Center at Soonchunhyang 

University from 2014 to 2021, President of KIPS (Korea Information Processing 

Society) from 2015 to 2015, and Director of the Central Library at Soonchunhyang 

University from 2014 to 2015. He was also the Editor in Chief of Journal of Infor-

mation Processing Systems at KIPS from 2009 to 2012, and Dean of the Engineering 

College at Soonchunhyang University from 2002 to 2003. He has served as an orga-

nizing committee member of various international conferences such as CSA 2022, BIC 

2022, MUE 2022, WORLDIT 2022, BIC 2021, MUE 2021, WORLDIT 2021, and 

CSA 2020. His research interests are focused on data mining, big data processing, and 

parallel processing. He is affiliated with several professional organizations, including 

IEEE, ACM, KIPS, KMS, and KIISE. 
 

 

 

Hye-Jung Lee  https://orcid.org/0000-0001-8359-1608    
In 1997 and 2000, she obtained her B.S. and M.S. degrees, respectively, from the 

Department of Computer Science Engineering at Soonchunhyang University. She 

received her Ph.D. degree in the same department at Soonchunhyang University, Asan, 

South Korea, in 2006. Currently, she serves as an assistant professor at the Institute for 

Artificial Intelligence and Software at Soonchunhyang University, Asan, South Korea. 

Her research areas include data mining, parallel processing, big data processing, and 

computer education. 
 

 

Phonexay Vilakone  https://orcid.org/0000-0001-5226-6941    
He completed his Ph.D. in Computer Sciences and Engineering at Soonchunhyang 

University in 2010. He obtained his Master's degree in Computer Application 

(Software System) from Guru Gobind Sigh Indraprastha University in India in 2010, 

and his Bachelor’s degree in Mathematics and Computer Sciences from the National 

University of Laos in 2003. Since 2021, he has served as the Head of the Robotic 

Engineering Division at the Department of Computer Engineering and Information 

Technology at the National University of Laos. Additionally, he has been the 

coordinator of the K-Lab Vientiane Project, funded by NIPA from the Government of 

the Republic of Korea, since 2021. His research interests focus on data mining, parallel 

processing, automation, robotics, deep learning, and artificial intelligence. 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


