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Abstract—The study introduces a novel approach to 

community detection in complex networks by integrating fuzzy 

logic with multi-criteria decision-making techniques. Unlike 

traditional methods that rely primarily on topological metrics, the 

proposed approach incorporates semantic attributes to identify 

meaningful community structures. Fuzzy logic addresses the 

inherent uncertainty and ambiguity in processing these attributes, 

enabling a flexible detection process that is not dependent on 

network topology. To enhance scalability, this study customizes 

the k-means clustering algorithm to accommodate small- and 

large-scale network structures. Experimental results show that the 

proposed fuzzy logic-based approach achieves competitive 

performance compared with conventional algorithms. 

Additionally, the proposed approach demonstrates robustness by 

generating well-balanced communities with competitive execution 

times compared with the evaluated methods. These findings 

highlight the potential benefits of incorporating semantic 

attributes and fuzzy reasoning into community detection in 

complex networks. 
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I. INTRODUCTION 

Real-world networks such as biological, citation, 
transportation, and social networks have been modelled 
throughout research advancements to be represented as graphs, 
where nodes and edges represent, respectively, the network 
components and the interconnecting relationships between 
them. These representations offer practical utility in highlighting 
groups of nodes when their connections are observed more 
internally than externally. Thereby, the identified groups are 
called communities, reflecting as much as possible a degree of 
similarity among their nodes [1, 2]. However, behind this 
conceptual presentation, challenging problems such as network 
heterogeneity, complex interactions, and computational effort 
make the task challenging for researchers. 

In the literature, existing approaches to community detection 
address the clustering problem from different perspectives. For 
example, using modularity-based techniques, local and global 
subsetting analysis, and optimization tasks often prove 
insufficient when applied to a directed network structure [1, 3-
8], one of many recurring problems in the clustering paradigms. 
This article makes a methodological contribution by combining 

data mining [10, 11] with fuzzy logic [14, 15] in the field of 
community detection, improving the processing of large datasets 
and enhancing uncertainty extraction performance to handle the 
semantic properties of nodes. Thus, the proposal in this study 
represents an approach that captures uncertainty and linguistic 
ambiguity in the semantic properties of nodes, supporting the 
detection of existing semantic communities. 

The manuscript is structured as follows: Section II reviews 
existing approaches to community detection. Section III 
presents the proposed methodology, while Section IV describes 
the experimental configuration and findings. Finally, Section V 
discusses the results obtained and offers conclusions. 

II. RELATED WORK 

Various approaches have been proposed over the last decade 
for identifying community structures. Girvan and Newman 
introduced a seminal edge-betweenness-based approach for 
community detection in social networks. Their method 
iteratively removes edges with high betweenness to reveal 
community boundaries, with modularity commonly used to 
evaluate the resulting partitions [4, 5, 6]. Other similar 
approaches have explored spectral clustering and the minimum 
cut formulations [8], while others have relied on statistical 
inference [7]. Additional methods used unsupervised clustering 
based on similarity measures [14]. However, these approaches 
face some limitations, particularly when handling edge 
directionality [6, 7]. Similarly, some studies [10, 16] do not 
explicitly account for edge directionality, limiting their 
applicability to directed networks, particularly when the number 
of communities parameter is unknown a priori. 

Recently, increasing attention has been devoted to 
combining structural and semantic information to improve 
community detection [8, 13]. The identification of communities 
based on semantic attributes has attracted increasing attention, 
particularly for weighted and directed networks. This has 
motivated the development of methods that jointly consider both 
topological and semantic information to address semantic-
community detection. For instance, methods integrating multi-
criteria decision-making [17, 18, 19] and fuzzy logic [14, 15] 
provide mechanisms for modeling heterogeneous and uncertain 
node attributes, thereby complementing purely topology-based 
representations with semantic information. 
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This study introduces a fuzzy logic-based approach that 
integrates semantic attribute analysis with multi-criteria 
decision-making to identify semantically coherent communities 
in directed networks. The proposed method uses preference 
functions to quantify the relevance of node properties and 
incorporates these preferences into the community detection 
process. 

III. DEFINITION AND APPROACH METHOD 

This section first presents the definitions of the key concepts 
used in this study, followed by an introduction to the 
fundamental principles of the proposed fuzzy approach. 

Definition 1. Let G be a graph denoted by (V, E), composed 
of n nodes and m edges. V represents the set of vertices of G, 
where vi denotes the ith node. Each node vi incorporates the set 

Ai representing qualitative and quantitative attributes of node vi, 
for 1≤i≤N. Where, E denotes the set of edges of G, and ei  

represents an edge connecting two nodes vi and vj. 

Definition 2. Let M=(l, m, u) be a fuzzy number [9, 11] 

associated with the membership function f(x). Where l, m, and u 

represent the parameters of the membership degree. 

The two possible forms of the membership function f(x) are 

considered in this work, as defined in Eq. (a) and (b). 

𝑓(𝑥) =

{
 
 

 
 

0         𝑖𝑓 𝑥 < 𝑙
𝑥−𝑙

𝑚−𝑙
  𝑖𝑓  𝑙 ≤ 𝑥 ≤ 𝑚

𝑢−𝑥

𝑢−𝑚
  𝑖𝑓  𝑚 < 𝑥 ≤ 𝑢

0         𝑖𝑓 𝑥 > 𝑙

                                  (a) 

  𝑓(𝑥) =

{
  
 

  
 

0         𝑖𝑓 𝑥 < 𝑙
𝑥−𝑙

𝑚1−𝑙
  𝑖𝑓  𝑙 ≤ 𝑥 < 𝑚1

1         𝑖𝑓 𝑚1 ≤ 𝑥 < 𝑚2
𝑢−𝑥

𝑢−𝑚2
  𝑖𝑓  𝑚2 ≤ 𝑥 < 𝑢

0         𝑖𝑓 𝑥 ≥ 𝑢

                               (b) 

Definition 3. Let M be a fuzzy number as defined in 
Definition 2, with an associated membership function μM(x) 
derived from f(x), where μM(x)∈ [0,1]. When a fuzzy number 
has a single peak m, it is referred to as a triangular fuzzy number. 

When it has two peaks m1 and m2 with m1≤m2, it is referred to 

as a trapezoidal fuzzy number. To compute precise 
representative values of the fuzzy number, the maximization and 
minimization processes are denoted respectively by μmax(x) and 
μmin(x). 

μmax = {
𝑥 𝑖𝑓 0 ≤ x ≤ 1
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

       and   μmin =

{
1 − 𝑥 𝑖𝑓 0 ≤ x ≤ 1
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

Based on these operations, three score values can be derived 
for the fuzzy number M: μR(M), μL(M), and μT(M), which 
correspond respectively to the right score, left score, and total 
score. Their mathematical formulations are given in Eq. (1), (2), 
and (3). 

μR(𝑀) = sup𝑥{𝜇𝑀(𝑥) ∧ 𝜇𝑚𝑎𝑥(𝑥)}  (1) 

μL(𝑀) = sup𝑥{𝜇𝑀(𝑥) ∧ 𝜇𝑚𝑖𝑛(𝑥)}  (2) 

𝜇𝑇(𝑀) =
(𝜇𝑅(𝑀)+1−𝜇𝐿(𝑀))

2
   (3) 

Definition 4. Let us consider a preference function that 
models the degree of preference among associated fuzzy sets 
defined in Definition 3. It characterizes how different evaluation 
scenarios influence the assignment of preferences. 

Four preference cases ψ are considered: 1) alignment with the 
preference ψ(1), 2) independence from the preference ψ(2), 3) 
favorable preference ψ(3), and 4) contradiction with the 
preference ψ(4). Each of which is defined mathematically in 
Table I as follows: 

TABLE I.  MATHEMATICAL REPRESENTATION OF THE PREDEFINED 

PREFERENCE CASES 

Preferences 
Triangular fuzzy 

number 
Trapezoidal fuzzy number 

ψ(1) : 

Alignment 
𝑒 {

0   if 0 ≤ 𝑒 ≤ 𝑚1
𝑒 −𝑚1

𝑚2 −𝑚1

  𝑖𝑓  𝑚1 ≤ 𝑒 ≤ 𝑚2

1 𝑖𝑓  𝑚2 ≤ 𝑒 ≤ 1

 

ψ(2) : 
Independenc

e 
{
 

 
𝑒

𝑚1

   𝑖𝑓  0 ≤ 𝑒 ≤ 𝑚1

1 − 𝑒

1 −𝑚1

𝑖𝑓 𝑚1 ≤ 𝑒 ≤ 1
 

{
 
 
 

  
 

0         𝑖𝑓 0 ≤ 𝑒 ≤ 𝑚1
𝑒 − 𝑚1

𝑚2 −𝑚1

  𝑖𝑓  𝑚1 ≤ 𝑒 ≤ 𝑚2

1               𝑖𝑓 𝑚2 ≤ 𝑒 ≤ 𝑚3
𝑚4 − 𝑒

𝑚4 −𝑚3

  𝑖𝑓 𝑚3 ≤ 𝑒 ≤ 𝑚4

0             𝑖𝑓 𝑚4 ≤ 𝑒 ≤ 1

 

 

ψ(3): 
Favorable 

{

𝑚1 − 𝑒

𝑚1

   𝑖𝑓  0 ≤ 𝑒 ≤ 𝑚1

𝑒 −𝑚1

1 −𝑚1

  𝑖𝑓  𝑚1 ≤ 𝑒 ≤ 1
 

{
 
 
 

  
 

1    𝑖𝑓 0 ≤ 𝑒 ≤ 𝑚1
𝑚2 − 𝑒

𝑚2 −𝑚1

  𝑖𝑓 𝑚1 ≤ 𝑒 ≤ 𝑚2

0    𝑖𝑓 𝑚2 ≤ 𝑒 ≤ 𝑚3
𝑒 − 𝑚3

𝑚4 −𝑚3

  𝑖𝑓  𝑚3 ≤ 𝑒 ≤ 𝑚4

1     𝑖𝑓 𝑚4 ≤ 𝑒 ≤ 1

 

ψ(4): 

Contradictor
y 

1 − 𝑒 {

1           𝑖𝑓 0 ≤ 𝑒 ≤ 𝑚1
𝑚2 − 𝑒

𝑚2 −𝑚1

  𝑖𝑓 𝑚1 ≤ 𝑒 ≤ 𝑚2

0           𝑖𝑓 𝑚2 ≤ 𝑒 ≤ 1

 

A. Proposed Architecture 

This section describes the architecture of the proposed fuzzy 
approach [12, 19]. 

The architecture of the proposed approach includes three 
phases (Fig. 1): The Environment preparation phase (Phase 1), 
the Fuzzy analysis phase (Phase 2), and the social network 
analysis phase (Phase 3). 

 

Fig. 1. The architecture of the proposed fuzzy approach-based three main 

modules within the three phases. 
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• Input Layer: A network is not only a collection of 
interconnected nodes; it also incorporates layers of 
semantic data that can significantly enrich the 
understanding of the network's structure. This layer 
ensures the network dataset is prepared for further 
processing in subsequent phases. 

• Environment Preparation Layer: The environment 
preparation layer plays a critical role in integrating the 
network dataset by performing data cleaning and 
preprocessing, enhancing data clarity, and extracting 
semantic information from node attributes. 

• Fuzzy Layer: Phase 2 involves a series of processes 
powered by the fuzzy conversion technique, including 
normalization and data evaluation, along with the 
conversion of quantitative data into qualitative insights. 

The fuzzy conversion technique is applied in this phase to 
derive an initial appreciation matrix the identification of 
decision elements. The appreciation matrix is then normalized 
into values within the interval [0, 1]. Thus, the preference 
function is constructed to capture the analyst’s preferences. 
Then, the appreciation matrix undergoes a final normalization, 
leading to the decision matrix. This step produces a new 
weighted matrix of the network. 

• Social Network Analysis Layer: A new network is 
constructed at this stage, based on the generated 
decision matrix, which will be integrated into the 
community detection algorithm. 

• Community Detection Layer: This phase, dedicated to 
the community detection algorithm, utilizing the 
enhanced k-means clustering algorithm to define 
community structure within the network. 

B. Workflow of the Proposed Approach 

The workflow of the proposed approach emphasizes the 
extraction and analysis of node properties. The application of the 
fuzzy approach involves six processes. The following Fig. 2 
illustrates the exhaustive steps of the approach: 

 

Fig. 2. The six steps of the proposed fuzzy approach. 

1) Decision matrix: Where the node attribute criteria are 

formulated into families of attributes, denoted F = {f1, f2, f3, ... 

, fk}, with k=|F|. Where, F serves as the network analyst's 

preferences, reflecting decisions that have either positive or 

negative impacts on the community detection process. 

2) Initial appreciation matrix: The initial appreciation 

matrix is built based on the conversion of node properties from 

qualitative into quantitative values. In fact, this transformation 

based on linguistic terms and their corresponding membership 

function M, helps determine the precise numerical values by 

using Eq. (3) of the fuzzy conversion technique, providing as a 

result the final appreciation matrix A′: 

(𝐴′𝑖)1≤i≤N = ((𝑓𝑖(𝑎𝑗))1≤j≤N) with 𝑓𝑖 ∈ 𝐹 and 𝑎𝑗 ∈ 𝐴 

3) Normalization: The normalization process ensures the 

numerical values of the initial appreciation matrix are within 

the interval [0,1], using Eq. (4). The output of this step is then 

a normalized appreciation matrix E={eij}, with eij defined as 

follows: 

𝑒𝑖𝑗 =
𝑎′𝑖𝑗

∑ 𝑎′𝑖𝑗𝑗
            (4) 

4) Preference function: The preference cases as introduced 

in Definition 4 are defined by the fuzzy number Mi = (m1, m2, 

..., mq), where each Mi corresponds to the q inflection points 

throughout the interval [0, 1]. 

The preference function depends on the fuzzy number Mi, 
the preference cases ψ(i), and the family of attributes as follows: 

𝑃𝑖 = 𝑃ψ(𝑖)
𝑀𝑖 (𝑓𝑖) 

5) Final appreciation matrix: For a given fi, the final 

appreciation matrix denoted Pi(eij) introduces the decision 

matrix Dij [22] defined by the following Eq. (5). 

𝐷𝑖𝑗 =
𝑃𝑖(𝑒𝑖𝑗)

∑ 𝑃𝑖(𝑒𝑖𝑗)𝑖
   (5) 

6) Community detection: In this step, the weight vector θi 

is determined for each vector fi using the AHP process [22, 26]. 

In fact, the weight θi associated with fi is defined by comparing 

the values ∑𝑖
𝑘𝑤𝑖𝑘 using Eq. (6), which measures the importance 

of each element of fi. 

First, the reciprocal square matrix is constructed [20]. The k-
means clustering algorithm is then enhanced [21, 24], as 
described in Algorithm 1. 

𝜃𝑖 =
(∏ 𝑤𝑖𝑗

𝑘
𝑗=1 )1 𝑘⁄

∑ (∏ 𝑤𝑖𝑗
𝑘
𝑗=1 )

1 𝑘⁄
𝑘
𝑖=1

  (6) 

This introduces the utility function, aggregating the vector of 
weights θi, and the computed decision matrix Dij: 

𝑈𝑖 = ∑ 𝜃𝑖
𝑘
𝑗=1 × 𝐷𝑖𝑗          (7) 

The introduced utility function U, denoted U={u1, u2, ..., uN}, 
is considered as a data point of the evaluated node properties 
within the k-dimensional space. Here, k is the dimension of fi 

with i∈[0, k]. 

The proposed approach extends conventional k-means by 
incorporating semantic information derived from the fuzzy-
logic and MCDM stages. It considers semantic utility values and 
attribute relevance during cluster formation. This procedure is 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 8, 2026 

660 | P a g e  

www.ijacsa.thesai.org 

further adapted to accommodate networks of different scales 
while preserving the iterative k-means framework. 

Algorithm 1: Fuzzy community detection algorithm based 
on enhanced K. 
Require: 

Dataset U = {u₁, u2, ..., uN} 

Number of clusters k 

Utility values derived from the fuzzy-MCDM process 
Ensure: 

Community set C = {C₁, C2, ..., Ck} 

Initialize: 

Select k initial centroids θ₁, θ2, ..., θk using the utility values 

obtained from fuzzy-MCDM process 

Repeat 

 1- Initialize  C₁, C2, ..., Ck ← ∅ 

 2- For each data point ui, i ∈ {1..N} do 

      J* ← argminj ∈{1..k}  ||ui  − θj ||2    {Find index of closest 

centroid} 

 Assign ui to cluster CJ* 

 3- For each cluster Cj,  j ∈ {1..k} do 

 if Cj is not empty then 

      θj  ← (1/|Cj|) *  ∑ui ∈ Cj  ui   

 4- Repeat until convergence of θj 

Return C = {C₁, C2, ..., Ck} 

The obtained utility function U determines the input of the 
k-means algorithm; it represents the initial centroids for the 
community detection algorithm, with a starting number k’ of 
centroids, where k’=unique(k). 

The sum of square distance (∆) between each centroid and 

the utility function u𝑖 is computed via Eq. (8). Each utility value 
ui is then assigned to the nearest centroid c𝑗, and the community 

formation process continues iteratively. 

∆(𝐶) = ∑ ∑ ‖u𝑖 − 𝑐𝑗‖
2𝑘′

𝑗=1
𝑁
𝑖=1  (8) 

The community detection algorithm continues adjusting the 
centroids until convergence stability is observed, forming well-
defined clusters within the network. 

IV. EXPERIMENTAL EVALUATION 

The proposed approach was implemented in the R 
programming language on an operating system equipped with 
an Intel Core i5 CPU running at 2.6 GHz and 8 GB of memory. 
The proposed approach was evaluated on synthetic networks of 
different sizes and compared with four well-known community 
detection algorithms. 

A. Datasets Preparation 

The adopted network structure is the Erdős- Rényi random 
graph [25], which allows the generation of six graphs with 
different sizes, ranging from 50 to 10000 nodes. 

Nine properties were randomly assigned to all nodes of the 
generated networks. Specifically, five of them are qualitative 

values (f1, f2, f3, f4, f5) and four quantitative values (f6, f7, f8, f9) to 
each node, ensuring diversified categories. 

The synthetic semantic attributes used in the experiments 
provide a controlled environment for evaluating the influence of 
semantic information of the proposed approach. However, they 
do not fully capture the complexity and heterogeneity of the 
semantic attributes in real-world networks. Table II and Table 
III represent the environment prerequisites of the 
experimentation. 

TABLE II.  THE SIX GENERATED ERDŐS- RÉNYI GRAPHS, WITH THE 

AVERAGE DEGREE 

Network scale Nbr. Of nodes Nbr. Of edges Average degree 

50-nodes 50 61 2,44 

100-nodes 100 246 4,92 

300-nodes 300 2.224 14,82 

1000-nodes 1.000 24.967 49,93 

3000-nodes 3.000 225.498 150,33 

10000-nodes 10.000 2.499.749 499,9498 

TABLE III.  CATEGORIES OF THE ASSIGNED RANDOM ATTRIBUTES AND 

THEIR ASSOCIATED ABBREVIATIONS F₁, WHERE I∈[1, 9]. FOR QUALITATIVE 

ATTRIBUTES, THE INITIAL MOST PROBABLE VALUE (MPV) IS SPECIFIED. NOT 

APPLICABLE FOR QUANTITATIVE ATTRIBUTES 

F 
Attribute 

label 

Attribute 

category 
Initial MPV (VL, L, M, H, VH) 

f1 GD Qualitative (0.1, 0.2, 0.2, 0.2, 0.2) 

f2 RE Qualitative (0.1, 0.2, 0.3, 0.4, 0.9) 

f3 PE Qualitative (0.2, 0.3, 0.4, 0.5, 0.9) 

f4 LU Qualitative (0.2, 0.3, 0.5, 0.7, 0.9) 

f5 TP Qualitative (0.3, 0.4, 0.5, 0.6, 0.7) 

f6 MS Quantitative Not applicable 

f7 RS Quantitative Not applicable 

f8 WS Quantitative Not applicable 

f9 DG Quantitative Not applicable 

At this step, fuzzy conversion is performed using Definition 
3 to determine the Most Probable Value (MPVs) for each 
qualitative property. In practice, the values are mapped to the 
interval [0,1] to represent the corresponding linguistic terms. 
Then, for each numerical value, the corresponding fuzzy sets are 
determined, and the MPVs are computed for the defined 
linguistic terms. The following Table IV represents the 
computed final MPVs for the qualitative properties. 

At this stage, the obtained MPV values are used to define the 
membership function for each family fi. Fig. 3 illustrates the 
resulting membership-function shape, which is used to 
determine the preference function associated with each vector of 
fi. The universe of discourse corresponds to the computed MPVs 
for each vector associated with fi. 
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TABLE IV.  COMPUTATION OF THE FINAL MPVS FOR THE QUALITATIVE ATTRIBUTES F1, F2, F3, F4 AND F5 

F Desc. 
Linguistic terms 

VL L M H VH 

f1 
Fuzzy Sets (0 ,0.1 ,0.2) (0.15,0.2,0.3) (0.15,0.2,0.3) (0.15,0.2,0.3) (0.15,0.2,0.3) 

MPVs 0.1 0.217 0.217 0.217 0.417 

f2 
Fuzzy Sets (0, 0.1, 0.2) (0.15,0.2,0.3) (0.25,0.3,0.4) (0.35,0.4,0.5) (0.85,0.9,0.9) 

MPVs 0.1 0.217 0.317 0.417 0.883 

f3 
Fuzzy Sets (0, 0.2, 0.3) (0.25,0.3,0.4) (0.35,0.4,0.5) (0.45,0.5,0.6) (0.85,0.9,0.9) 

MPVs 0.167 0.317 0.417 0.517 0.883 

f4 
Fuzzy Sets (0, 0.2, 0.3) (0.25,0.3,0.4) (0.45,0.5,0.6) (0.65,0.7,0.8) (0.85,0.9,0.9) 

MPVs 0.167 0.317 0.517 0.717 0.883 

f5 
Fuzzy Sets (0, 0.3, 0.4) (0.35,0.4,0.5) (0.45,0.5,0.6) (0.55,0.6,0.7) (0.85,0.9,0.9) 

MPVs 0.233 0.417 0.517 0.617 0.750 
 

 

Fig. 3. The graphical illustration of the membership degree for the five 

qualitative attributes f1 = GD, f2 = RE, f3 = PE, f4 = LU, f5 = TP. 

Based on the membership degrees illustrated above, the 
preference function associated with f1 is modeled using 
triangular membership ψ(1). In contrast, the preference 
functions associated with f2, f3, f4, and f5 are modeled using 
trapezoidal membership functions ψ(2). The corresponding 
fuzzy numbers Mi are computed as follows: Mi = {M1, M2, M3, 
M4, M5}, with M1=(0, 0.22, 0.22), M2=(0.22, 0.32, 0.42, 0.88), 
M3=(0.17, 0.32, 0.47, 0.88), M4=(0.17, 0.52, 0.72, 0.88), 
M5=(0.23, 0.52, 0.62). 

Therefore, the decision matrix is constructed using the 
preference function Pi defined in Eq. (5), which is then used to 
determine the utility function U in Eq. (7. 

Following the multi-criteria decision-making (MCDM) 
process, the preferences associated with each vector fi, are 
determined to construct the corresponding pairwise comparison 
matrix [23]. Consequently, the resulting weights vector Θ is 
given as follows: Θ = {θ1, θ2, θ3, θ4, θ5, θ6, θ7, θ8, θ9}, with 
θ1=0.029, θ2=0.019, θ3=0.042, θ4=0.027, θ5=0.060, θ6=0.400, 
θ7=0.175, θ8=0.223, and θ9=0.025. 

At this step, the utility function is used to determine the 
weights for each vector fi, and to initialize the centroids for the 
modified k-means algorithm (Algorithm 1). The next section 
presents the results obtained by applying the proposed fuzzy 
approach to the selected network datasets. 

B. Results and Observations 

This section presents the experimental results obtained using 
the proposed fuzzy logic approach on six networks, as listed in 
Table II. A comparative analysis is then presented to highlight 
the main findings and performance differences across the 
evaluated networks. The proposed community detection 
approach begins by determining the optimal value k using the 
Elbow method [24]. 

To assess the stability and computational behavior of the 
proposed approach, each experiment was repeated 10 times. 
Table V reports the mean execution time and standard deviation, 
together with the average number of detected communities. 

TABLE V.  COMPUTATIONAL PERFORMANCE OVER 10 INDEPENDENT 

RUNS 

Network size 

Mean 

Execution 

time (s) 

Standard 

Deviation SD 

(s) 

Number of 

communities 

(Mean ± SD) 

50-nodes 0.000434 0.000142 10 ± 0.00 

100-nodes 0.000320 0.000045 9 ± 0.00 

300-nodes 0.000443 0.000054 5 ± 0.00 

1000-nodes 0.001109 0.000799 5 ± 0.00 

3000-nodes 0.002156 0.000295 5 ± 0.00 

10000-nodes 0.015916 0.001404 5 ± 0.00 

The results obtained show low execution times across all 
evaluated network sizes, increasing from 0.000434 seconds for 
the 50-node network to 0.015916 seconds for the 10000-node 
network. The relatively small standard deviation indicates stable 
execution time across repeated runs. Moreover, the number of 
detected communities remains unchanged across 10 runs for 
each network size, resulting in a standard deviation of zero. This 
provides stable computational behavior while maintaining 
consistent community partitions across repeated executions. 

Fig. 4 illustrates a bar chart showing the number of detected 
communities obtained by the proposed approach and the 
selected classical community detection algorithms. Therefore, 
the proposed approach achieves competitive performance across 
networks of different sizes compared with the evaluated baseline 
algorithms. Fig. 5 further highlights the comparative execution 
times over the different algorithms across the considered 
network sizes. 
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Fig. 4. Graphical representation of the fuzzy approach application, 

highlighting both the total number of detected communities and the 

comparison insights with the traditional clustering algorithms over different 

network sizes. 

The results demonstrate that the proposed fuzzy logic 
approach achieves competitive execution times across different 
network sizes. For small networks (50-node and 100-node 
networks), the proposed approach achieves an execution time of 
0.22 seconds, compared with 0.45-0.5 seconds for the standard 
k-means algorithm. While Label Propagation, Leiden, and 
Louvain also demonstrate competitive performance on small 
networks, their execution time increases as the network size 
grows. For the large network (10000 nodes), the proposed 
approach maintains stable performance with an execution time 
of approximately 0.40 seconds. Whereas the k-means algorithm 
times out. While Louvain, Leiden, and Label Propagation 
algorithms require longer execution times. Overall, these results 
demonstrate the computational efficiency and scalability of the 
proposed approach, particularly as network size increases. 

 

Fig. 5.  Time consumed for the comparison of community detection 
algorithms across different network sizes (excluding the k-means algorithm 

due to computational instability at 10000-node network size). 

The results demonstrate that the proposed fuzzy logic 
approach achieves competitive execution times across different 
network sizes. For small networks (50-node and 100-node 
networks), the proposed approach achieves an execution time of 
0.22 seconds, compared with 0.45-0.5 seconds for the standard 
k-means algorithm. While Label Propagation, Leiden, and 
Louvain also demonstrate competitive performance on small 
networks, their execution time increases as the network size 
grows. For the large network (10000 nodes), the proposed 
approach maintains stable performance with an execution time 
of approximately 0.40 seconds. Whereas the k-means algorithm 
reaches a timeout. While Louvain, Leiden, and Label 
Propagation algorithms require longer execution times. Overall, 
these results demonstrate the computational efficiency and 
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scalability of the proposed approach, particularly as network 
size increases. 

V. CONCLUSION 

This study presents a fuzzy logic–based approach for 
community detection that incorporates the semantic attributes of 
nodes in complex networks. Unlike classical community 
detection algorithms that primarily rely on topological metrics 
(e.g., centrality, clustering coefficients, or modularity), the 
proposed approach focuses on semantic properties of nodes to 
better capture complementary information that may be 
overlooked by topology-based approaches. By integrating fuzzy 
logic with multi-criteria decision-making techniques [19], the 
proposed approach addresses the uncertainty and ambiguity 
associated with semantic attributes. Furthermore, the proposed 
approach extends the standard k-means algorithm by adapting it 
to large-scale networks. 

Experimental results show that the proposed method 
achieves competitive performance across the evaluated 
community-quality metrics compared with five well-known 
community detection algorithms on large-scale networks. The 
approach identifies meaningful and balanced community 
structures within a reasonable execution time. Overall, these 
findings highlight the efficiency and adaptability of the 
proposed fuzzy logic approach in environments characterized by 
uncertainty, high-dimensional attributes, and large network 
sizes. 

Despite these promising results, some limitations remain to 
be addressed in future work. The current evaluation is based on 
synthetic network datasets, and further validation on longer and 
more diverse real-world attributed networks is required. Future 
work will extend the evaluation using standard community-
quality metrics, including Modularity, NMI, ARI, and Silhouette 
Score, where applicable, while investigating adaptive fuzzy 
membership and MCDM weighting mechanisms, richer 
semantic representations, and real-world network structures. 
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