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Abstract

Context: Software requirements outline customer expectations for
their software and are critical for successful project outcomes. As
software becomes increasingly complex due to its size and diverse
features, it is vital to prioritize these requirements to utilize devel-
opment resources effectively. To address this challenge, researchers
are exploring new strategies and improved solutions using artificial
intelligence (AI) tools. In our systematic literature review conducted
in 2023, we found that existing requirements prioritization techniques
predominantly rely on human input and have several limitations.
These include inaccuracies, overlapping results, scalability issues,
and excessive time consumption. These challenges can be mitigated
by incorporating key features from AI-based software requirements
prioritization techniques.
Objective: The primary goal of this study is to develop a Hy-
brid AI-based requirements prioritization technique named as
”KPSO-Fuzzy that effectively balances user preferences and technical
dependencies.
Method: We propose a Hybrid prioritization method called Hybrid
KPSO-Fuzzy. First, we use K-Means clustering to group technically
dependent functional requirements into three distinct clusters. In
the next phase, we apply the Particle Swarm Optimization (PSO)
algorithm along with Fuzzy Logic to prioritize each cluster simul-
taneously. Clusters that achieve higher accuracy will be selected
to create the most effective prioritized lists of requirements. We
conducted extensive experiments to validate our proposed approach,
focusing on accuracy, scalability, and computation time.
Results: The comparative analysis shows that our proposed Hybrid
KPSO-Fuzzy method outperforms PSO, Fuzzy Logic, Multi-objective
Artificial Bee Colony optimization and Hybrid Genetic Algorithms
in terms of accuracy, scalability, and efÏciency.
Conclusions: Overall, this study clarifies the application domains
for various AI-based techniques, enabling users to maximize their
benefits.

1. Introduction

Requirement Engineering (RE) is a fundamental phase of software engineering that identi-
fies system requirements by considering client needs, stakeholder analysis, development
context, negotiated outcomes, and evolving requirement management [1–4]. Requirement
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Figure 1. Software requirements prioritization process

Engineering also includes Requirement Prioritization, which supports analysis, negotiation,
project planning, and timely software delivery [5–7]. Figure 1 presents the prioritization
process involving inputs, processing, and outputs. Under limited resources, tight schedules,
and high client expectations, prioritization enables effective evaluation of requirements
while addressing time, cost, and resource constraints [4, 8, 9]. The execution order of
requirements influences user experience and depends on technological and resource limita-
tions, producing an ordered list that manages dependencies and feasible implementation
sequences [4, 10–12]. Therefore, identifying critical requirements is essential [5, 13]. Many
conventional requirement prioritization techniques have been proposed [1–3,5, 8, 9, 14–16],
including quantitative and subjective methods such as Analytical Hierarchy Process (AHP),
Cumulative Voting, and Numerical Assignment. Ranking-based approaches are time- and
cost efÏcient but limited in accuracy, while AHP requires expert involvement and high
computational effort [5]. Existing techniques face challenges related to computational
complexity, limited automation, scalability issues, ambiguity, uncertainty, and high compu-
tational cost, particularly in projects with conflicting risks and requirements [5, 6, 8, 15, 17].
Consequently, AI-based approaches – including fuzzy logic, genetic algorithms, simulated
annealing, ant colony optimization, Artificial Bee Colony optimization, particle swarm
optimization, and machine learning – have been introduced for requirement prioritization
[14,18–26].

Machine learning enables automated learning without explicit programming and im-
proves scalability and prioritization accuracy compared to AHP [26, 27]. However, ML
approaches still show disagreement in prioritization outcomes, including 4% disagreement
[26], 10–20% disagreement [28], 74% recall with 16% precision [29], and 12–24% disagreement
across criteria [27]. Fuzzy logic addresses imprecise and linguistic decision-making problems
[30] and was introduced by Lotfi Zadeh [31]. Although scalable, fuzzy-based methods may
lack optimal accuracy [2,5,30,32–35]. Optimization algorithms also experience performance
degradation as requirement size increases [9, 19,21, 36–40] and may generate redundant or
repeated solutions due to stochastic behavior [9, 11,19,36,37,39,39–43].

In this study, two core parameters are considered: technical dependency [11, 43, 44]
and user preferences [22, 37,43]. Technical dependency captures interrelationships among
requirements where implementation depends on prerequisite components [45, 46], while
user preferences reflect stakeholder perceived importance and system value, aligning priori-
tization with user needs [19, 43]. These parameters are selected as generalizable inputs for
computational prioritization frameworks [2, 5], as they can be quantified through expert
elicitation, stakeholder surveys, or dependency matrices. Compared to domain-specific2
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factors such as resource constraints or volatility, empirical studies emphasize dependency
management and user involvement as key drivers of effective prioritization [27,45].

Although many studies evaluate prioritization approaches, no comprehensive divide
and conquer framework integrating multiple AI-based techniques has been thoroughly
investigated in terms of accuracy, scalability, and efÏciency. Moreover, experimental guid-
ance for selecting appropriate techniques remains limited. To address this gap, rigorous
experimentation is conducted to obtain an effective hybrid prioritization solution.

The rest of this paper is structured as follows: in Section 2, we briefly discuss work
done in similar areas by other researchers; in Section 3, we describe details of the research
setup; in Section 4, we report the results of the study. Then, in Section 5, we discuss the
collected results, as well as describe potential threats to the validity of the research, and
we conclude the work in Section 6.

Research objective

The primary goal of this study is to develop a Hybrid AI-based requirements prioritization
technique that balances user preferences and technical dependencies. The research integrates
K-Means clustering, Fuzzy Logic, and Particle Swarm Optimization (PSO) to improve
prioritization accuracy, efÏciency, and scalability. The specific objectives are as follows:
1. Conduct a literature review to analyze existing AI-based requirements pri-

oritization techniques, examining strengths, limitations, and evaluation parameters
to identify research gaps guiding the hybrid technique development.

2. Develop and implement a hybrid AI-based prioritization technique, integrating
technical dependency and user preference for functional requirement prioritization,
evaluated using cross-validation based on accuracy, scalability, and efÏciency.

3. Perform a comparative analysis with state-of-the-art techniques by bench-
marking the proposed method against existing approaches using Dataset 1 and Dataset
2 with three parameter variants, assessing precision, scalability, efÏciency, and statistical
significance.

2. Related work

Software requirements prioritization is essential in requirements engineering to ensure
early implementation of valuable and time-critical features. Traditional techniques such as
MoSCoW, Analytic Hierarchy Process (AHP), and cumulative voting are widely used but
face challenges related to uncertainty, scalability, and conflicting stakeholder preferences. To
address these limitations, AI and soft-computing approaches integrating swarm intelligence,
optimization, machine learning, and fuzzy logic have been explored to improve prioriti-
zation accuracy and adaptability. For example, Sadia and Faisal [32] proposed a fuzzy
inference system for volatile requirement prioritization, Singh et al. [17] introduced a Hybrid
LFPP–ANN model, Bisht and Kushwaha [47] incorporated stakeholder perspectives using
fuzzy membership functions, and Abusaeed et al. [48] applied F-AHP for prioritizing cost
factors in agile development. Jawale and Bhole [5] proposed hierarchical fuzzy cumulative
voting but lacked scalability and explicit dependency modeling. Ahmad et al. [2] extended
MoSCoW using fuzzy logic, though the approach relied heavily on subjective classification.
Valsala and Nair [9] developed a Hybrid ILP–genetic model for release planning, achieving 3
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effective optimization but with high computational cost and limited adaptability to dynamic
requirements. In contrast, the proposed model introduces several enhancements:
– Data-driven clustering using K-Means: Unlike [5] and [2], clustering groups

technically dependent requirements prior to prioritization, improving scalability and
reducing cognitive complexity.

– Optimization via PSO: To address computational inefÏciencies reported in [9],
Particle Swarm Optimization (PSO) is applied to clustered data, enabling faster
convergence and reduced time complexity.

– Fuzzy inference for flexibility: Fuzzy Logic integrates user preference and technical
dependency, capturing subjective–objective trade-offs absent in [9] and [2].

– Cross-validation and accuracy reporting: The framework is evaluated on syn-
thetic and real-world datasets, achieving over 95% accuracy with statistically validated
performance metrics.
Additional studies have explored automation, machine learning, and dependency-aware

prioritization. Shao et al. [44] proposed DRank integrating requirement dependencies using
RankBoost and PageRank-Req, while Bollumpally et al. [23] introduced an XGBoost-based
prioritization workflow that improves accuracy but requires retraining after system updates.
Hujainah et al. [49] developed SRPTackle combining K-Means clustering and binary
search trees for scalability, though with limited dependency handling, and Dang et al. [50]
proposed MLPrior to reduce labeling costs through misclassification-based prioritization.
Optimization-based approaches include a least-squares random genetic algorithm by Ahuja
et al. [14], a parallel bee-foraging method by Alrezaamiri et al. [51], and a multi-objective
PSO technique by Nazir et al. [25], achieving improved prioritization performance despite
heuristic parameter tuning challenges. Hybrid optimization methods further combine
complementary strengths of metaheuristics:
– CDBR using PSO: Gupta and Gupta [10] proposed a dependency-based collaborative

prioritization approach achieving faster convergence than GA, though execution relations
among dependencies were not considered.

– Genetic algorithm with swarm intelligence: Maghawry et al. [52] introduced
a Hybrid GA–PSO framework incorporating K-Means-based selection and rehabilitation
strategies to improve convergence and population diversity.

– Hybrid swarm-based MOEA: Marghny et al. [53] proposed HABCDE, integrating
Artificial Bee Colony with Differential Evolution to solve the Next Release Problem,
achieving improved Pareto-optimal solutions.
Although AI-based techniques improve requirement prioritization, many rely on complex

black-box models that limit interpretability and real-time applicability. To address this,
the proposed framework introduces a lightweight hybrid approach integrating K-Means
clustering, PSO optimization, and fuzzy inference to jointly model technical dependencies
and user preferences. However, real-world adoption of hybrid AI prioritization remains
limited due to scarce benchmarking datasets, insufÏcient cross-validation, adaptive pa-
rameter tuning challenges [54], scalability issues, and inconsistent evaluation practices,
highlighting the need for an adaptive, interpretable, and scalable framework as identified
in recent studies [55] and summarized in Table 1.

4
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Table 1. Strengths and limitations of AI-based RP techniques

Techniques Strengths Limitations

Fuzzy Logic-based RP Scalable [2,5,32–35,47] Need improved accuracy [2, 5, 30,
32–35]

Optimization-based RP Accurate results [11,14,43] Less scalable [9, 19,21,36–40,47];
Redundant solutions [9,11,19,36,
37,39–43]; Slow for large require-
ments [26]

Machine Learning-based RP Scalable and optimal [10,26–29,
44]; Less redundancy [23, 49];
Time-efÏcient [10,26,44]

Need improved accuracy [26–28]

3. Research method

A research design provides a structured framework guiding data collection and analysis for
addressing specific research questions or hypotheses. The research paradigm determines
how problems are formulated and methodologically addressed [56]. This study adopts an
experimental quantitative research design within the Positivism paradigm, emphasizing
objectivity and minimizing researcher bias to ensure knowledge independence from personal
values and beliefs.

3.1. Research goal and questions/hypotheses

The primary objective is to develop a Hybrid AI-based framework for functional requirement
prioritization through the integration of multiple AI techniques. The study addresses the
following research questions (RQs):
1. What are the strengths and limitations of existing AI-based software re-

quirements prioritization techniques?
2. How can a Hybrid framework integrating K-Means clustering, Fuzzy Logic,

and Particle Swarm Optimization (PSO) be designed and implemented for
functional requirement prioritization?

3. Does the proposed Hybrid approach (KPSO-Fuzzy) improve accuracy, per-
formance, and scalability compared to existing techniques?

3.2. Research method/procedure

The proposed model operates as follows:
1. A set of n functional requirements is considered, each associated with technical depen-

dency and user preference scores scaled on a five-point scale (1–5), where higher values
indicate higher priority [50].

2. AI techniques including K-Means (Machine Learning), PSO (Optimization), and Fuzzy
Logic were selected based on literature analysis and domain suitability [55].

3. Phase 1: Requirement clustering using K-Means K-Means clustering is applied
during preprocessing to group requirements into three clusters (High, Medium, Low)
based on technical dependency. This enables early identification of dependent require-
ments, reduces complexity through divide-and-conquer processing, and minimizes noise.
The optimal number of clusters was determined as shown in Figure 2 using the Elbow
Method [57]. The Within-Cluster Sum of Squares (WCSS) showed a clear elbow at 5
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Figure 2. Elbow method for K-Means clustering

K = 3, providing the best balance between compactness and model complexity. This
clustering improves PSO convergence and prioritization accuracy while enhancing fuzzy
rule interpretability.

4. Phase 2: Prioritization using Fuzzy Logic PSO and Fuzzy Logic are applied
independently and in parallel within each cluster. Fuzzy Logic prioritizes requirements
using normalized Technical Dependency (TD) and User Preference (UP) inputs with
trapezoidal membership functions [17,47,48]. Inputs are classified into Low, Medium,
and High linguistic categories, producing a priority score through predefined fuzzy rules.

5. Phase 3: Optimization with PSO PSO identifies an optimal requirement sequence
minimizing disagreement [27, 28] with a benchmark list derived from weighted TD and
UP scores (e.g., 0.7 TD, 0.3 UP). Particle Swarm Optimization (PSO) is adapted to
operate within a permutation-based search space to prevent requirement duplication in
generated solutions. Each particle encodes a candidate priority sequence. After position
updates, a repair mechanism identifies duplicate requirement IDs and replaces them
with unassigned elements to preserve permutation feasibility. The adaptation builds
upon the standard PSO framework [58, 59] while ensuring valid and non-redundant
prioritization outcomes. The objective function minimizes positional mismatches:
def objective_function(particle_order , benchmark_order):

return sum(p != b for p, b in zip(particle_order , benchmark_order))

6. Accuracy and efÏciency evaluation Accuracy is computed using disagreement
between prioritized lists and benchmark rankings. Cross-validation selects the highest
cluster accuracy values, which are averaged to obtain final Hybrid accuracy. EfÏciency
is measured through computation time [34,60], selecting the minimum time per cluster.

7. Comparison across techniques Outputs of PSO, Fuzzy Logic, and the Hybrid
approach are compared using accuracy, scalability, and efÏciency metrics. Ranking
conflicts are resolved using normalized average priority scores and agreement thresholds,
producing a merged global prioritized list.

8. Statistical validation Statistical significance is evaluated using paired t-tests [22] or
Wilcoxon Signed-Rank tests [24,27,61], depending on data normality. Analysis includes6
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p-values, confidence intervals, and effect sizes to validate robustness against PSO, Fuzzy
Logic, MOABC, and HGA methods.

The proposed AI-based Hybrid framework integrates K-Means clustering, PSO optimization,
and Fuzzy Logic inference within a divide-and-conquer prioritization strategy to achieve
accurate, scalable, and computationally efÏcient solutions. Figure 3 illustrates the sequential
pipeline from clustering to optimization and fuzzy inference.

Figure 3. Proposed hybrid KPSO-fuzzy model for functional requirements prioritization

Dataset description

Two dataset categories were used to evaluate model performance and generalizability
[20, 24]. Dataset 1 contains 8083 functional requirements collected from 22 real-world
case studies across domains such as Driver Drowsiness Detection, Smart Diet Monitoring,
Parts Fitment, and Child Immunization systems. Each requirement includes technical
dependency and user preference ratings on a five-point Likert scale [37]. Dataset 2 is
a synthetically generated dataset with TD and UP values uniformly distributed between
0 and 1, enabling controlled parameter tuning and sensitivity analysis of PSO and fuzzy

Table 2. Details of datasets used in the study

Dataset Source Type of requirements Size of requirements

Dataset 1 22 Case Studies (Online) Functional Varying Size
Dataset 2 Random Numbers Functional Varying Size 7
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inference mechanisms. Dataset sizes range from 20 to 2,000 requirements, representing
realistic small-to-large software projects. A summary of dataset characteristics is presented
in Table 2.

Evaluation measures

The proposed Hybrid KPSO-Fuzzy model was evaluated using three metrics: accuracy,
efÏciency, and scalability, selected based on established literature. Prior studies [10, 44]
emphasize dependency minimization for improving prioritization accuracy; therefore, tech-
nical dependency and user preference were used as primary input criteria [22,44,51,61].
Accuracy was measured through disagreement between predicted and benchmark rankings
using normalized Kendall’s Tau and Spearman’s Rank Correlation, consistent with existing
approaches [11, 23, 26–29, 43, 49, 60, 62]. Stakeholder–developer disagreement was also
considered a precision indicator [10]. EfÏciency was evaluated using average computation
time required by PSO and fuzzy logic to achieve stable solutions [10, 13, 26, 29, 51, 63].
Scalability was analyzed across datasets of varying sizes to assess performance stability
under increasing requirements [14,34,49]. All metrics were computed at the cluster level by
independently evaluating PSO and fuzzy logic, while final hybrid performance combined
maximum accuracy with minimum computation time across clusters.

4. Results

The proposed technique, Hybrid KPSO-Fuzzy (K-Means, PSO, and Fuzzy Logic), integrates
clustering, optimization, and fuzzy inference for functional requirements prioritization.
The process begins by initializing a population of solutions, which is provided as input
to the K-Means algorithm [64] to group technically dependent requirements into three
clusters. The resulting clusters are then used as input for both Particle Swarm Optimization
(PSO) [25, 65] and fuzzy logic using a trapezoidal membership function [17] for further
prioritization. Finally, the best solution obtained from PSO and fuzzy logic is selected as the
final prioritization result and compared with standalone PSO and fuzzy logic approaches
based on accuracy, efÏciency, and scalability.

Algorithm implementation

In this section, we present the Hybrid KPSO-Fuzzy, K-Means, Fuzzy logic, and Particle
Swarm Optimization (PSO) algorithms. These algorithms are divided into the following
subsections:

Architecture of the proposed hybrid (KPSO-Fuzzy) technique

The Hybrid KPSO-Fuzzy tool simulates software requirements prioritization based on user
preferences and functional dependencies to achieve an optimal solution. It provides an
intuitive interface with results in tabular format, exportable as CSV files. The tool consists
of three main modules: K-Means, PSO, and fuzzy logic, which share information to perform
the simulation. Algorithm 1 presents the pseudo-code of the Hybrid KPSO-Fuzzy.8
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Algorithm 1. Pseudo-code for the hybrid KPSO-fuzzy technique
BEGIN
Step 1: Import Required Libraries
Import Pandas, NumPy, Sklearn, Skfuzzy, Pyswarm, Matplotlib, etc.
Step 2: Data Processing
Upload Excel file and load data into dataframe df
Rename columns to: ['Requirement ID','Technical Dependency','User Preference']
Normalize values using MinMaxScaler
Step 3: Prioritization
for each Requirement in df do

Assign priority label (High, Medium, Low) based on Technical Dependency and User Preference
end for
Step 4: Apply KMeans Clustering
Extract feature: X = df[['Technical Dependency']]
Initialize list: wcss = []
Set max-clusters = 10
for k = 1 to max − clusters do

Initialize KMeans with k clusters
Fit model to X
Append inertia to wcss

end for
Plot WCSS vs k and determine elbow point
Select optimal cluster number K (typically K = 3)
Apply final KMeans clustering
Step 5: Apply Fuzzy Logic Prioritization
for each cluster Ck in K do

Define trapezoidal membership functions
Compute fuzzy priority score
Sort requirements by fuzzy priority

end for
Step 6: Apply PSO Prioritization
for each cluster Ck in K do

Initialize particles
Update velocities and positions
Optimize ranking using disagreement metric

end for
Step 7: Plot Results
Plot Accuracy and EfÏciency comparisons
END

Workflow of the K-Means model

The K-Means clustering algorithm is an iterative method that groups similar data points
into K clusters based on their characteristics [64]. Algorithm 2 provides detailed information
on how the K-Means model operates.

Workflow of Particle Swarm Optimization algorithm (PSO)

Particle Swarm Optimization (PSO) is a population-based optimization technique inspired
by collective foraging behavior, where particles represent candidate solutions that iteratively
update their positions and velocities by learning from personal and global best experiences. 9

https://www.e-informatyka.pl/EISEJ/papers/2026/1/8/


Anwar and Bashir e-Informatica Software Engineering Journal, 20 (2026), 260108

Algorithm 2. K-Means-based prioritization of functional requirements
Begin

2: Step 1: Data Collection
Gather functional requirements, technical dependencies, and user preferences.

4: Step 2: Data Pre-processing
Normalize the dataset using MinMaxScaler from sklearn.preprocessing.

6: Scale values to the range [0, 1] for uniform processing.
Step 3: Import Libraries

8: Import necessary libraries including NumPy and KMeans from sklearn.cluster.
Step 4: Load Dataset

10: Load dataset (X, Y ) containing scaled values (1 to 5) for technical dependency and user preference.
Step 5: Determine Optimal Clusters (Elbow Method)

12: Initialize empty list WCSS = [ ] to store within-cluster sum of squares.
Set maximum number of clusters: max-clusters = 10.

14: for k = 1 to max − clusters do
Apply KMeans with k clusters: KMeans(n-clusters=k, random-state=0, n-init='auto').fit(X)

16: Append the WCSS (inertia) to the list.
end for

18: Plot W CSS vs. number of clusters.
Identify elbow point where WCSS decrease slows down.

20: Set K = 3 as optimal based on elbow point.
Step 6: Initialize K-Means

22: Randomly initialize K centroids.
Set the cluster size to 3 (K = 3 for High, Medium, Low priority).

24: Define KMeans parameters:
kmeans = KMeans(n-clusters=3, random-state=0, n-init='auto').fit(X)

26: Step 7: Assign Clusters
Assign each data point to the nearest centroid.

28: Recompute centroids by averaging points in each cluster.
Repeat until convergence to minimize squared distances.

30: Step 8: Priority Classification
High Priority: Features with significant impact based on user preferences and technical dependencies.

32: Medium Priority: Features with moderate impact.
Low Priority: Features with the least impact.

34: End

The velocity and position updates are defined as:

vij(t+1) = wvij(t) + c1r1

(

x
p-best
ij (t) − xij(t)

)

+ c2r2

(

x
g-best
j (t) − xij(t)

)

,

xij(t+1) = xij(t) + vij(t+1).

(1)

where xi = (xi1, . . . , xiD) and vi = (vi1, . . . , viD) denote particle position and velocity in

a D-dimensional space; x
p-best
ij and x

g-best
j are personal and global best positions. Parameters:

w = 0.4, c1 = c2 = 2.0, r1, r2 ∈ [0, 1], t = 1, . . . , T , with velocity bounded by vmax. PSO offers
fast convergence with limited parameter tuning and effectively explores the solution space
by guiding particles toward optimal solutions [25]. In this study, the pyswarm library was
used to implement the PSO component for efÏcient functional requirement prioritization,
with Algorithm 3 detailing the workflow.10
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Algorithm 3. PSO-based optimization of prioritized functional requirements
Begin
Step 1: Input Data from K-Means Model

3: Load the clustered requirements categorized as high, medium, and low priority.
Step 2: Initialize PSO Optimization Function
Define the pso-optimize function:

6: Initialize the swarm with random positions and velocities.
Update each particle’s best-known position.
Update the global best-known position.

9: Adjust velocities and positions using cognitive and social components.
Step 3: Define Fitness Function
Define a fitness function to evaluate solutions.

12: The fitness function sums priorities, which can be customized for functional requirements.
Step 4: Initialize PSO Parameters
Define the number of particles and iterations.

15: Tune PSO parameters:
w = 0.7 . Tuned inertia weight
c1 = 2.0 . Tuned cognitive coefÏcient

18: c2 = 2.0 . Tuned social coefÏcient
Step 5: Update Particle Positions
Update personal best positions and global best position.

21: Adjust velocities using inertia, cognitive, and social components.
Step 6: Evaluate Fitness
Evaluate the fitness of each particle to determine the best solution.

24: Step 7: Return Best Solution
Output the best solution found for functional requirement prioritization.
End

Workflow of fuzzy logic

Fuzzy logic is employed to prioritize functional requirements by balancing user preferences
and technical dependencies while handling uncertainty inherent in decision-making. The
implementation uses the scikit-fuzzy library (including skfuzzy and skfuzzy.control),
enabling efÏcient construction and simulation of fuzzy inference systems for rapid pro-
totyping and experimentation. A trapezoidal membership function is adopted due to its
simplicity and flexibility [17,47,48], defined as:

trapmf(x; a, b, c, d) =











































0, x < a
x − a

b − a
, a ≤ x < b

1, b ≤ x ≤ c

d − x

d − c
, c < x ≤ d

0, x > d

(2)

where a and d denote zero-membership boundaries, b and c define the plateau with full
membership, and intermediate regions vary linearly. The proposed Hybrid KPSO-Fuzzy
model applies a Mamdani fuzzy inference system [13,66] to compute requirement priority
scores using normalized Technical Dependency (TD) and User Preference (UP). Rule
evaluation employs minimum and maximum operators for logical aggregation. The aggre-
gated fuzzy outputs are defuzzified using the centroid (center-of-gravity) method [31,67], 11

https://www.e-informatyka.pl/EISEJ/papers/2026/1/8/


Anwar and Bashir e-Informatica Software Engineering Journal, 20 (2026), 260108

Algorithm 4. Fuzzy logic-based prioritization
Begin
Input: Data generated by K-Means model
Fuzzification: Convert numerical scores into fuzzy sets using membership functions

4: Define linguistic variables (e.g., Low, Medium, High) for both user preference and technical dependency
Define Fuzzy Rules:
Define fuzzy rules to model the relationship between user preference and technical dependency
Example: ”IF User Preference IS High AND Technical Dependency IS Low THEN Priority IS High”

8: Inference Engine:
Use a fuzzy inference engine to evaluate fuzzy rules
Combine fuzzy sets according to defined rules using fuzzy operators
Defuzzification: Convert fuzzy output back into crisp scores using a defuzzification method

12: Prioritization: Rank functional requirements based on defuzzified scores
End

producing a crisp priority score:

y =

n
∑

i=1

µi · xi

n
∑

i=1

µi

where xi represents the output priority value and µi denotes the corresponding membership
degree. The workflow of the fuzzy logic algorithm is clearly illustrated in Algorithm 4.

Comparative analysis of proposed Hybrid KPSO-Fuzzy vs PSO, Fuzzy Logic,
MOABC, and Hybrid-GA

To evaluate the proposed Hybrid KPSO-Fuzzy technique, experiments were conducted on
two datasets: Dataset 1, comprising 22 real-world case studies ensuring domain relevance,
and Dataset 2, synthetically generated to simulate functional requirements of varying sizes
and complexities. The model was compared against PSO, Fuzzy Logic, MOABC, and
Hybrid Genetic Algorithm (HGA) across up to 10 runs per method to ensure statistical
reliability. Three parameter configurations (V1–V3), varying PSO parameters (particles,
iterations, inertia weight w, cognitive c1, and social c2 coefÏcients) and fuzzy membership
ranges, were applied to examine robustness.

Comparative accuracy analysis across techniques

Figures 4–5 show that the Hybrid KPSO-Fuzzy approach consistently achieves the
highest accuracy across both datasets and all requirement scales. For small datasets
(20–100 requirements), it reaches ≥95%, outperforming PSO and Fuzzy Logic, while
MOABC achieves 80%–95% and Hybrid-GA 52%–65%. On medium-scale datasets (620–1000
requirements), Hybrid KPSO-Fuzzy remains above 97%, with PSO at 88%–94%, MOABC
near 82%, Fuzzy Logic 76%–83%, and Hybrid-GA below 60%. For large datasets (2000
requirements), it peaks at 96.67% (Dataset 1) and 99.57% (Dataset 2), whereas PSO
reaches 87%–94%, MOABC ∼82%, Fuzzy Logic ∼68%, and Hybrid-GA ∼52%. Overall,
the proposed method improves accuracy up to 47% over Hybrid-GA, 17% over MOABC,
and at least 10% over PSO, confirming its effectiveness for large-scale prioritization.12
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Figure 4. Performance trends of Hybrid KPSO–Fuzzy, PSO, and fuzzy logic
across parameter variants 1–3

Figure 5. Comparison of hybrid KPSO-fuzzy, Hybrid-GA, and MOABC on dataset 1 and dataset 2

13
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Comparative computation time analysis across techniques

For small datasets (20–100 requirements), computation times are minimal (0.03–0.08 s),
with Hybrid KPSO-Fuzzy slightly faster than others – about 0.15–0.25 seconds faster
than Hybrid-GA and 0.28 seconds faster than MOABC, also surpassing PSO and Fuzzy
Logic. For medium datasets (620–1000 requirements), it remains most efÏcient (0.05–0.14
seconds for 1000 requirements) despite modest increases, while Hybrid-GA slows to 2.5–5.0
seconds and MOABC takes 0.18–0.35 seconds longer; PSO and Fuzzy Logic are faster but
less accurate. For large datasets (2000 requirements), Hybrid KPSO-Fuzzy completes in
0.14–0.32 seconds, outperforming Hybrid-GA (6.5 seconds), MOABC (∼ 0.52 seconds),
and PSO/Fuzzy Logic (0.18–0.35 seconds). Overall, the proposed method demonstrates
superior efÏciency across all scales.

Scalability analysis for accuracy

Dataset 1: Fuzzy Logic shows poor scalability, declining from moderate accuracy for
small datasets to 68%–76% for datasets over 1000 requirements. PSO maintains 87%–94%
up to 1000 requirements but plateaus for larger sizes. MOABC is unstable on small
datasets (80%–95%) and stabilizes at ∼82% above 1000 requirements. Hybrid-GA starts at
51%–66%, reaching ∼59% at 1000 and dropping to 52% at 2000. Hybrid KPSO-Fuzzy
consistently outperforms all, maintaining 94%–98% for small datasets, 99% at 1000, and
96.67% at 2000, demonstrating robust scalability. Dataset 2: MOABC is unstable at
small scales (80%–95%) and drops to ∼82% beyond 620 requirements. Hybrid-GA starts at
50%–67% for small datasets and declines to ∼52% at 2000 requirements, showing limited
adaptability. Hybrid KPSO-Fuzzy consistently outperforms all, achieving 97%–98% at
1000 requirements and peaking at 99.57% for 2000, demonstrating robust scalability and
high accuracy.

Scalability analysis for computational efÏciency

Fuzzy Logic is the least efÏcient for large datasets due to variable computation times and
declining accuracy, while PSO is faster but compromises precision. MOABC demonstrates
limited scalability, taking 0.25–0.35 seconds for 20–100 requirements, rising to ∼0.55
seconds at 1000 and stabilizing at 0.6 seconds for 2000. Hybrid-GA shows steep time
growth: Dataset 1 increases from 1.0–1.3 seconds for 100 requirements to over 4.8 seconds
at 1000 and ∼5.8 seconds at 2000, while Dataset 2 rises from 1.5 seconds to above 6.5
seconds. In contrast, Hybrid KPSO-Fuzzy consistently delivers high efÏciency, with
Dataset 1 starting at 0.01 seconds, reaching 0.12–0.15 seconds at 1000 and remaining under
0.2 seconds at 2000, and Dataset 2 staying below 0.22 seconds. On average, it is 25–30
times faster than Hybrid-GA for datasets over 1000 requirements, highlighting superior
computational efÏciency and scalability.

Tables 3 and 4 show that proposed Hybrid KPSO-Fuzzy balances accuracy and compu-
tation time, making it the most scalable option for real-world implementation.

Statistical analysis

Statistical tests were conducted to evaluate the significance of the proposed Hybrid
KPSO-Fuzzy technique by comparing its performance with Particle Swarm Optimization14
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Table 3. Performance breakdown of five prioritization techniques
(hybrid KPSO-Fuzzy, Hybrid-GA, MOABC, PSO, and fuzzy logic)

Dataset size Best technique Worst technique Observations

20–100 Req. Hybrid KPSO-Fuzzy Hybrid-GA/Fuzzy Hybrid KPSO-Fuzzy shows a slight lead; Hybrid-GA
and Fuzzy fluctuate more. MOABC performs moderately
(80–95%). All techniques are relatively close.

620 Req. Hybrid KPSO-Fuzzy Hybrid-GA/Fuzzy Hybrid’s lead becomes clearer; MOABC remains unsta-
ble ( 82%), Hybrid-GA still underperforms especially in
Dataset 2.

1000 Req. Hybrid KPSO-Fuzzy Hybrid-GA/Fuzzy MOABC struggles to maintain accuracy ( 82%),
Hybrid-GA shows lower stability; Hybrid KPSO-Fuzzy
dominates.

2000 Req. Hybrid KPSO-Fuzzy
(99.57%)

Fuzzy (68.61%),
Hybrid-GA
(∼ 55%)

MOABC remains around 82%, Hybrid-GA fails to scale
effectively. Hybrid KPSO-Fuzzy is the only technique
maintaining both accuracy and efÏciency at scale.

Table 4. Comparison of Hybrid KPSO-Fuzzy, PSO, and fuzzy logic techniques
across three parameter variants and two benchmark datasets

Parameter
variant

Dataset Highest accuracy Lowest accuracy Key observations

(10, 15, 0.7,
1.2, 1.2)

Dataset 1 Hybrid KPSO-Fuzzy
Logic (92.15%)

Fuzzy Logic (76.8%) Hybrid KPSO-Fuzzy outperforms PSO by
16%; Fuzzy Logic lags significantly.

Dataset 2 Hybrid KPSO-Fuzzy
(98.02%)

PSO (93.91%) Hybrid KPSO-Fuzzy leads by 4% over
PSO and 8% over Fuzzy.

(15, 15, 0.4,
1.5, 2)

Dataset 1 Hybrid KPSO-Fuzzy
(99.11%)

Fuzzy Logic (76.8%) Hybrid KPSO-Fuzzy achieves near-perfect
accuracy, Fuzzy Logic under performs.

Dataset 2 Hybrid KPSO-Fuzzy
(97.04%)

Fuzzy Logic (90.13%) Hybrid KPSO-Fuzzy is 3% ahead of PSO
and 7% ahead of Fuzzy.

(10, 10, 0.3,
1.2, 1.9)

Dataset 1 Hybrid KPSO-Fuzzy
(93.75%)

Fuzzy Logic (73.76%) Hybrid KPSO-Fuzzy wins, with PSO
slightly behind (92.31%).

Dataset 2 Hybrid KPSO-Fuzzy
(99.01%)

PSO (95.71%) Hybrid KPSO-Fuzzy maintains the lead,
Fuzzy Logic slightly better than PSO.

(PSO), Fuzzy Logic, Multi-Objective Artificial Bee Colony (MOABC) [51], and Hybrid
Genetic Algorithm (HGA) [52] approaches. Normality of the experimental results was
assessed using the Shapiro-Wilk test [44, 63]. Datasets satisfying the normality assumption
(p > 0.05) were analyzed using paired t-tests, whereas non-normal distributions (p ≤ 0.05)
were evaluated using the Wilcoxon signed-rank test [24,61]. All statistical evaluations were
performed for both average accuracy and average computation time across Dataset 1 and
Dataset 2.

Figures 6–7 present histogram distributions, boxplots, and Q-Q plots that illustrate the
statistical behavior of the compared techniques. The sub-figures corresponding to Dataset 1
and Dataset 2 demonstrate consistent distribution patterns and validate the suitability of
parametric and non-parametric hypothesis testing procedures. The hybrid KPSO-Fuzzy
achieved statistically significant improvements in prioritization accuracy in both datasets
compared to all baseline techniques (p < 0.01). The method also demonstrated consistently
lower computation time and large effect sizes, confirming superior efÏciency, robustness,
and overall performance. 15
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Figure 6. Statistical Analysis of Hybrid KPSO-Fuzzy versus baseline Techniques for Average Accuracy and
Computation Time on Dataset 1

5. Discussion

This study investigates the Hybrid KPSO-Fuzzy technique, which combines K-Means
clustering, PSO, and Fuzzy Logic for functional requirement prioritization. The approach
is evaluated using accuracy, computation time, and scalability, and compared with PSO,
Fuzzy Logic, MOABC, and Hybrid Genetic Algorithms (HGA).

The proposed Hybrid KPSO-Fuzzy method demonstrates superior overall performance,
achieving up to 99.57% accuracy while maintaining stable scalability and low computation
time as dataset size increases. The integration of clustering, swarm optimization, and
fuzzy reasoning enhances prioritization stability and robustness. Performance gains are less
pronounced for small datasets (20–100 requirements), and the hybrid design introduces
higher implementation complexity compared with standalone techniques.

PSO provides efÏcient computation and relatively stable accuracy but shows performance
degradation beyond 1000 requirements due to local optima tendencies. Fuzzy Logic performs16
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Figure 7. Statistical Analysis of Hybrid KPSO-Fuzzy versus baseline Techniques for Average Accuracy and
Computation Time on Dataset 2

well for small datasets because of its simplicity and speed; however, accuracy decreases
significantly for large-scale problems (down to 68.61%), indicating limited scalability.
MOABC achieves acceptable results for small and medium datasets but exhibits accuracy
stagnation near 82% and increased computation cost at larger scales. HGA shows predictable
evolutionary behavior but records the lowest accuracy (below 65%) and the highest
computation time, making it unsuitable for large requirement sets.

Overall, Hybrid KPSO-Fuzzy offers the best balance between accuracy, efÏciency, and
scalability. Compared with existing approaches, which often suffer from instability or
computational overhead caused by randomization [19–21,36,38,40,41,51], the proposed
framework provides a robust and scalable solution for large-scale requirement prioritization.

Threats to validity

Several factors may influence the validity of the study outcomes. 17
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Construct validity is limited by the scope of the research questions; this was mitigated
through systematic categorization and analysis of fuzzy logic-, optimization-, and machine
learning–based prioritization methods.
Data collection validity may be affected by incomplete retrieval of studies; therefore,
multiple repositories and carefully selected keywords were used, although results may vary
with larger datasets or alternative techniques.
Internal validity may be affected by constructing the benchmark priority list from the
same input factors – technical dependency (TD) and user preference (UP) – used by the
proposed model, introducing potential circularity in evaluation. However, the benchmark
is used as a structured reference baseline rather than an absolute ground truth. This
limitation is mitigated through evaluation across multiple datasets and by the stochastic,
hybrid nature of the approach. Comparative analysis with independent techniques further
supports the robustness of the results.
Dataset scaling within the range 1–5 may influence algorithm behavior, where increased
variability could reduce fuzzy accuracy while improving clustering performance.
Metric variability arises from differences in requirement characteristics, algorithms, and
project contexts; consistent evaluation criteria were applied to minimize this effect.
Evaluation scope focuses on objective metrics (accuracy, computation time, and scalabil-
ity), while stakeholder-oriented measures remain future work.

The study also considers only two input criteria (user preference and technical depen-
dency), adopts a fixed cluster size of three, and evaluates primarily functional requirements,
which may limit generalizability. Despite these constraints, controlled experimental design
and consistent evaluation ensure reliable comparative insights for AI-based requirement
prioritization.

6. Conclusions

This study proposes the Hybrid KPSO-Fuzzy technique, a robust requirement pri-
oritization framework that effectively balances accuracy, computational efÏciency, and
scalability by integrating technical dependency and user preferences. The approach follows
three phases: K-Means clustering groups requirements, PSO and Fuzzy Logic refine pri-
oritization, and cross-validation evaluates performance across key metrics. Experiments
on two datasets demonstrate that Hybrid KPSO-Fuzzy consistently outperforms PSO,
Fuzzy Logic, MOABC, and Hybrid-GA. Specifically, compared to PSO and Fuzzy Logic,
Hybrid KPSO-Fuzzy improves accuracy by 3–5% and 15–27%, respectively, while reducing
computation time by up to 10% and 5%. Against MOABC, it achieves up to 99.57%
precision with average accuracy gains of 11–12% and faster computation across small,
medium, and large datasets. Compared to Hybrid-GA, the technique delivers dramatic
accuracy improvements of 41–42% and reduces computation time by 2.95–3.59 seconds on
average. Overall, Hybrid KPSO-Fuzzy provides a stable, scalable, and efÏcient solution
for large-scale software requirement prioritization, overcoming the limitations of existing
AI-based approaches.

Future works

Future research can focus on the following directions:18
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– Evaluate the Hybrid KPSO-Fuzzy technique using additional factors such as cost,
redundancy, stakeholder preferences, and diverse requirement types, with dynamic
parameter adaptation for real-time environments.

– Explore machine learning-based prioritization and adaptive weight optimization, in-
cluding integration with PSO, MOABC, or deep learning for large-scale datasets.

– Address broader dependency types, including contribution and business dependencies,
and improve scalability, efÏciency, and redundancy reduction in optimization-based
methods.

– Enhance fuzzy logic systems through automated rule generation and alternative mem-
bership functions (e.g., triangular, Gaussian) to improve accuracy and adaptability.

– Validate the approach using expert-ranked priorities and industrial case studies, with
adaptive benchmark weight selection for project-specific optimization.

Overall, future research should focus on improving accuracy, scalability, efÏciency, re-
dundancy reduction, consistency ratio, self-adaptability, and the identification of optimal
prioritization solutions for real-world applications.
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