International Transactions on Artificial Intelligence (ITALIC)
Vol. 4, No. 2, May, 2026, pp. 183—194
E-ISSN: 2963-1939 | P-ISSN: 2963-6086, DOI:10.33050 O 183

Hybrid Fuzzy Logic Models for Performance Evaluation in
Complex Decision-Making Systems

Cicilia Sriliasta Bangun!"*", Padeli®"*/, Muhamad Yusup*"*’, Adele Valerry*"
!Faculty of Industrial Engineering, Esa Unggul University, Indonesia
2Faculty of Science and Technology, Universitas Raharja, Indonesia
3Faculty of Computer Science, Satya Wacana Christian University, Indonesia
“4Department of Computer Science, Ilearning Incorporation, Colombia
I¢icilia.bangun @esaunggul.ac.id, 2padeli @raharja.info, 3982022017 @student.uksw.edu, *vallery.adele @ilearning.co

*Corresponding Author

Article Info

ABSTRACT

Article history:

Submission February 24, 2026
Revised March 15, 2026
Accepted May 14, 2026
Published May 20, 2026

Keywords:

Artificial Intelligence
Fuzzy Logic

FLC-GA

Performance Evaluation
Decision-Making Systems

Complex decision-making systems increasingly face uncertainty, nonlinear-
ity, incomplete information, and dynamic data streams, making conventional
rule-based and statistical approaches less reliable for adaptive and consistent
decision support. Fuzzy logic offers interpretability for imprecise reasoning,
whereas machine learning contributes predictive strength and optimization ca-
pability. This study develops and evaluates fuzzy logic-based hybrid models
that integrate fuzzy inference systems with neural learning and evolutionary op-
timization. Benchmark datasets and simulation-based case studies were used to
test model performance under uncertain and nonlinear conditions. The models
were assessed using prediction accuracy, decision consistency, computational
efficiency, error reduction, scalability, and adaptability, followed by comparison
with conventional fuzzy, statistical, and standalone machine learning models.
The main objective is to evaluate the effectiveness, reliability, scalability, and
adaptability of hybrid fuzzy models for complex decision-making systems. The
findings show that the proposed hybrid fuzzy models outperform conventional
single-model approaches across different scenarios. The models improve predic-
tion precision, stabilize decision outputs under uncertainty, reduce error rates,
and enhance adaptability to nonlinear data patterns. Neural learning strength-
ens predictive capability, while evolutionary optimization improves rule refine-
ment, parameter tuning, and adaptive decision processing. This study concludes
that fuzzy logic-based hybrid models provide a robust, interpretable, and scal-
able framework for intelligent decision support in uncertain and dynamic en-
vironments. The findings support the development of adaptive hybrid artificial
intelligence systems for healthcare, energy management, smart cities, finance,
and industrial automation. This structure also promotes transparent reasoning,
reproducible evaluation, and practical deployment in high-stakes environments
requiring explainability and resilience simultaneously.
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1. INTRODUCTION

The rapid growth of digital technologies, big data infrastructures, and intelligent systems has signif-
icantly increased the complexity of modern decision-making environments across a wide range of domains,
including healthcare, manufacturing, finance, smart cities, and industrial automation [1]. In such environ-
ments, decision processes are often characterized by high dimensionality, nonlinear relationships, uncertainty,
incomplete information, and dynamic changes. Conventional computational approaches, such as rule-based
systems, linear statistical models, and deterministic optimization methods, are frequently unable to cope with
these characteristics due to their rigid structure and limited adaptability [2]. Empirical evidence substantiates
this claim: comparative studies have shown that traditional logistic regression models achieved accuracy rates
below 74% on healthcare triage datasets containing missing values and linguistic variables, while benchmark
analyses reported that standard decision-tree classifiers exhibited a 21% drop in predictive accuracy when fi-
nancial time-series data were subject to distributional shifts exceeding two standard deviations [3, 4]. These
quantitative findings confirm that deterministic models lack the structural capacity to tolerate ambiguity and
non-stationarity at the scale demanded by contemporary applications.

As a result, researchers and practitioners have increasingly turned to Artificial Intelligence (AI) tech-
niques to address these limitations [5]. Machine learning models such as neural networks, support vector ma-
chines, and decision trees have demonstrated strong performance in pattern recognition and prediction tasks;
however, they still face challenges related to interpretability, sensitivity to noisy data, and reduced reliability
when deployed in uncertain or rapidly changing environments [6]. Specifically, neural networks, despite their
high representational capacity, have been criticized for their black-box nature, which prevents domain experts
from validating decision logic in safety-critical settings such as clinical diagnosis or automated process con-
trol [7]. This interpretability gap constitutes a fundamental obstacle to regulatory compliance and stakeholder
trust, thereby limiting the operational deployment of purely data-driven models in high-stakes domains. These
compounded limitations highlight the urgent need for more flexible and robust computational frameworks that
can effectively support complex decision-making systems in real-world contexts [8].

Fuzzy logic has emerged as a powerful paradigm for modeling uncertainty, vagueness, and imprecise
human reasoning by allowing variables to take partial membership values rather than binary states [9]. This
characteristic makes fuzzy systems a natural complement to the limitations described above: whereas neural
networks produce outputs without transparent reasoning chains, fuzzy inference systems encode decision logic
in human-readable linguistic rules, thus reconciling predictive power with domain intelligibility [10]. This ca-
pability makes fuzzy systems particularly suitable for complex decision scenarios where linguistic rules, expert
knowledge, and ambiguous data play a critical role. Nevertheless, traditional fuzzy systems are often limited by
their dependence on manually defined rules and membership functions, which may not scale well or adapt effi-
ciently to large, data-driven environments [11, 12]. To overcome these constraints, hybrid models that integrate
fuzzy logic with other soft computing and machine learning techniques have gained considerable attention. Ex-
amples include neuro-fuzzy systems that combine neural networks with fuzzy inference, fuzzy-genetic models
that employ evolutionary algorithms for rule optimization, and fuzzy-deep learning architectures that enhance
adaptive learning capabilities. These hybrid approaches aim to exploit the interpretability of fuzzy logic and the
learning power of data-driven models, creating more intelligent and adaptive decision support systems. Despite
the growing body of research in this area, existing studies often focus on specific applications or individual hy-
brid structures, making it difficult to draw general conclusions regarding their comparative performance and
overall effectiveness in complex decision-making environments [13].

Based on these challenges and documented research gaps, this study focuses on the systematic perfor-
mance evaluation of fuzzy logic-based hybrid models in complex decision-making systems [14]. The study
makes three primary scientific contributions that distinguish it from existing work. First, it proposes and
formally specifies a novel FLC—GA hybrid architecture in which genetic operators are directly embedded
within the fuzzy rule-base optimization loop, a configuration not previously benchmarked across multi-domain
datasets [15]. Second, it introduces a structured five-stage evaluation pipeline that enables reproducible cross-
domain comparison across healthcare, financial, and industrial settings using standardized metrics. Third,
it provides a quantitative trade-off analysis linking accuracy, computational complexity, and interpretability
within a unified evaluation framework, thereby addressing a key gap identified in the literature [16, 17]. The
primary objective of this research is to assess how different hybrid architectures perform in terms of accuracy,
robustness, adaptability, and computational efficiency when compared to conventional single-model approaches
[18]. By conducting controlled experiments using benchmark datasets and simulation-based case studies, this
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research seeks to provide a comprehensive understanding of the strengths and limitations of various hybrid
fuzzy systems under different levels of uncertainty and system complexity [19]. The findings are expected to
contribute both theoretically and practically to the field of intelligent systems by offering insights into model
selection, system design, and future development of hybrid Al frameworks [20].

This research is also closely aligned with the United Nations Sustainable Development Goals (SDGs).
The proposed hybrid model supports SDG 9 (Industry, Innovation, and Infrastructure) by enabling adaptive,
intelligent systems that enhance industrial efficiency. It contributes to SDG 8 (Decent Work and Economic
Growth) by improving decision accuracy in economic environments. The model’s uncertainty management
capabilities support SDG 3 (Good Health and Well-Being) through improved healthcare decision support, and
SDG 11 (Sustainable Cities and Communities) by facilitating smarter urban systems [21, 22]. Practically,
the FLC-GA model enables hospitals to reduce diagnostic misclassification rates attributable to ambiguous
patient records, supports financial institutions in maintaining stable risk classifications during market volatility,
and assists smart-city controllers in dynamically adjusting resource allocation under sensor noise. Through
these contributions, this study demonstrates how hybrid Artificial Intelligence can support sustainable digital
transformation in alignment with global development priorities [23].

2. LITERATURE REVIEW

The rapid development of Artificial Intelligence and soft computing techniques has significantly in-
fluenced how complex decision-making systems are designed and evaluated [24]. Recent studies emphasize
that real-world problems are increasingly characterized by uncertainty, nonlinearity, high dimensionality, and
dynamic conditions, which cannot be effectively addressed using traditional deterministic or statistical ap-
proaches [25]. As a result, researchers have focused on flexible and adaptive computational models that can
integrate human-like reasoning with data-driven learning [26]. Among these approaches, fuzzy logic-based
hybrid models have emerged as a promising solution due to their ability to combine interpretability with learn-
ing and optimization capabilities. This section reviews recent literature published after 2022, focusing on four
key areas: fuzzy logic in decision-making, hybrid Artificial Intelligence models, soft computing techniques for
uncertainty handling, and performance evaluation of hybrid fuzzy systems [27].

2.1. Fuzzy Logic in Complex Decision-Making Systems

Fuzzy logic has become a foundational paradigm for modeling uncertainty and ambiguity in com-
plex decision-making systems, particularly in environments where precise mathematical representations are
not feasible [28]. Since 2022, numerous studies have emphasized the superiority of fuzzy inference over tradi-
tional crisp logic when handling vague human reasoning and imprecise data [29]. Recent research highlights
that fuzzy inference systems can effectively represent linguistic variables and expert knowledge, making them
suitable for domains such as healthcare diagnostics, supply chain optimization, energy management, and risk
assessment [30, 31]. However, contemporary literature also acknowledges critical limitations: standalone fuzzy
systems suffer from scalability constraints as rule-base dimensionality grows exponentially with the number
of input variables, their static membership functions cannot self-adapt to concept drift in streaming data, and
manual rule elicitation introduces expert-knowledge bottlenecks that reduce generalizability [32]. reported that
a Mamdani fuzzy system optimized for a 10-variable manufacturing control task required over 1,000 manually
specified rules and still achieved a 12% lower accuracy than a hybrid counterpart trained using gradient-based
methods. These documented shortcomings provide a strong empirical basis for pursuing hybrid architectures
and directly motivate the model design adopted in the present study [33].

2.2. Hybrid Artificial Intelligence Models

Hybrid Artificial Intelligence models combine two or more computational paradigms to exploit their
complementary strengths [34]. After 2022, the integration of fuzzy logic with neural networks, genetic algo-
rithms, particle swarm optimization, and deep learning has attracted substantial research attention [35]. These
hybrid architectures aim to overcome the weaknesses of single Al models by embedding learning capabilities
into fuzzy systems or using fuzzy reasoning to improve interpretability in black-box machine learning mod-
els [36]. Recent literature demonstrates that hybrid Al systems achieve higher predictive accuracy, improved
robustness, and better adaptability in uncertain and nonlinear environments [37]. However, a critical gap per-
sists in existing studies: the majority of hybrid model evaluations are conducted within a single application
domain and report performance on only one or two metrics, making cross-study comparisons methodologically
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untenable [38]. Furthermore, the absence of standardized benchmarking protocols means that reported ac-
curacy improvements may reflect dataset-specific characteristics rather than genuine architectural advantages.
The present study addresses this gap by evaluating the proposed FLC—GA model across three distinct domains
using a consistent evaluation protocol.

2.3. Soft Computing Techniques for Uncertainty Handling

Soft computing techniques, including fuzzy logic, neural networks, evolutionary computation, and
probabilistic reasoning, are increasingly adopted to address real-world problems characterized by uncertainty,
noise, and incomplete data [39]. Post-2022 research trends indicate a growing shift from rigid algorithmic
models toward flexible, approximate reasoning systems that can learn from data while tolerating ambiguity
[40]. Soft computing frameworks have been widely deployed in smart cities, healthcare analytics, financial
forecasting, and cyber-physical systems [41]. Recent studies reveal that combining soft computing methods
with fuzzy logic significantly improves system resilience and decision consistency under uncertain conditions;
nevertheless, researchers consistently note that balancing interpretability and computational efficiency remains
an unsolved challenge, particularly for large-scale decision systems with real-time constraints [42]. The present
study directly addresses this challenge by incorporating a computational feasibility analysis as part of its eval-
uation protocol.

2.4. Performance Evaluation of Hybrid Fuzzy Models

Performance evaluation has become a critical research focus in the development of hybrid fuzzy sys-
tems. Since 2022, scholars have proposed evaluation metrics encompassing accuracy, robustness, computa-
tional complexity, scalability, and adaptability to assess hybrid Al models in complex environments [43]. Com-
parative studies reveal that fuzzy logic-based hybrid models consistently outperform traditional single-model
approaches in terms of stability and error reduction, particularly under dynamic decision scenarios. Never-
theless, the current literature lacks a unified evaluation framework capable of objectively comparing different
hybrid architectures across multiple domains simultaneously [44, 45]. Most existing benchmarking studies ei-
ther adopt domain-specific datasets that limit generalizability, or employ a single metric such as accuracy that
fails to capture robustness or computational cost. This methodological gap constitutes the core motivation for
the structured multi-metric evaluation framework proposed in the present study, which is designed to provide
replicable, domain-agnostic performance comparisons.

3. RESEARCH METHODOLOGY

This study adopts an experimental and comparative research design to evaluate the performance of
fuzzy logic-based hybrid models in complex decision-making systems [38]. The methodology is structured to
ensure reproducibility, objectivity, and scalability across multiple application domains. The research process
consists of dataset acquisition, preprocessing, hybrid model development, model training and optimization, per-
formance evaluation, and comparative analysis [46]. This systematic pipeline enables a rigorous investigation
of the effectiveness and robustness of hybrid fuzzy models under uncertain and dynamic conditions [47].

3.1. Research Framework

The research framework follows a structured workflow commencing with data collection and conclud-
ing with comparative performance analysis. This framework ensures that each experimental stage is logically
connected and contributes to the reliability of the final results. Table 1 presents the five-stage pipeline adopted
in this study.

Table 1. Research Workflow Stages

Stage Description Output
1 Dataset acquisition from benchmark repositories ~ Raw datasets
2 Data preprocessing and normalization Clean datasets

3 Hybrid model construction (FLC-GA architec- Hybrid architectures

ture)
4 Training and genetic optimization Trained models
Multi-metric performance evaluation Metric results
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As shown in Table 1, the research process is organized into five sequential stages, each producing a
well-defined output that serves as the input for the subsequent step. This end-to-end pipeline design ensures
traceability from raw data through final performance interpretation. In Stage 1, datasets are sourced from pub-
licly accessible benchmark repositories, including the UCI Machine Learning Repository and the KEEL dataset
collection, to guarantee reproducibility. Stage 2 applies min-max normalization and k-nearest-neighbor impu-
tation to handle missing values. Stage 3 instantiates the FLC—GA architecture described in Section 3.2.. Stage
4 executes the genetic optimization loop over 200 generations with tournament selection. Stage 5 computes all
metrics defined in Table 3 on held-out test partitions.

3.2. Hybrid Model Design

The core contribution of this research is a hybrid Fuzzy Logic Controller integrated with a Genetic
Algorithm (FLC-GA) that embeds evolutionary optimization directly within the fuzzy rule-base refinement
process. This architecture is designed to overcome the primary limitations of conventional fuzzy systems,
namely their dependence on static, manually specified rule bases that cannot adapt to distributional shifts in in-
coming data [48]. The complete workflow of the FLC—GA model, from data input through genetic optimization
to final decision output, is illustrated in Figure 1.

Fitness Evaluation

Activate
FLC

Knowledge
base fuzzy
controller

Figure 1. Operational workflow of the hybrid FLC-GA model.

As illustrated in Figure 1, the FLC-GA model operates through a closed optimization loop in which
genetic operators continuously refine the fuzzy rule base until the convergence criterion is satisfied. This
iterative structure distinguishes the proposed architecture from static fuzzy systems by embedding adaptive
learning directly into the rule-generation process, enabling the model to accommodate distributional changes
in the decision environment without manual intervention.

3.3. Dataset and Experimental Setup

To ensure generalizability, three benchmark datasets representing complex and uncertain decision-
making environments are used. The datasets are divided into training and testing sets using a 70:30 ratio
and validated through stratified 10-fold cross-validation to minimize overfitting risk. Table 2 summarizes the
characteristics of the datasets employed in this study.

Table 2. Dataset Overview

Dataset Application Domain Samples Features Source
D1 Healthcare decision support 2,000 15 UCI Repository
D2 Financial risk assessment 3,500 20 KEEL Repository

D3 Industrial control systems 1,800 12 UCI Repository
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The datasets presented in Table 2 were selected to represent three distinct complexity profiles: D1
features clinical categorical variables with approximately 8% missing values, D2 contains continuous financial
indicators subject to distributional shifts across temporal windows, and D3 includes time-series sensor readings
with additive Gaussian noise at a signal-to-noise ratio of 20 dB. This diversity in domains, sample sizes, feature
dimensions, and noise characteristics ensures that the proposed hybrid model is evaluated under genuinely
varied conditions, thereby strengthening the external validity of the experimental results.

3.4. Performance Evaluation Metrics

The performance of the hybrid model is assessed using several quantitative indicators designed to pro-
vide a comprehensive evaluation of its effectiveness and efficiency across all experimental conditions. These
indicators measure not only the predictive capability of the proposed framework but also its robustness, adapt-
ability, and computational performance when processing complex and uncertain decision-making scenarios.
By employing multiple evaluation metrics, the study ensures that different aspects of model behavior are sys-
tematically examined, including classification accuracy, error reduction, consistency of predictions, and overall
computational efficiency. This multidimensional assessment approach enables a more reliable comparison be-
tween the proposed hybrid model and conventional decision-making techniques, while also providing deeper
insights into the strengths and potential limitations of the framework. Table 3 presents the metrics employed
and their respective purposes, highlighting the role of each indicator in evaluating the overall performance of
the proposed system.

Table 3. Performance Evaluation Metrics

Metric Purpose and Computation

Accuracy Proportion of correctly classified instances over total test sam-
ples

RMSE Magnitude of prediction error: \/ + SN (G — yi)?

Robustness Score Mean accuracy under 10 noise-perturbed test variants (Gaussian
noise, o € {0.05,0.1})

Computation Time Wall-clock training time in seconds, averaged over five inde-

pendent runs

As presented in Table 3, four complementary metrics are employed to capture not only predictive
performance but also stability under adversarial conditions and computational feasibility. This multi-metric
approach provides a balanced assessment of model performance that reflects the requirements of real-world
decision-making systems, where accuracy alone is insufficient to justify deployment.

3.5. Analysis Method

The experimental results are analyzed using descriptive statistics and comparative evaluation. Differ-
ences between the hybrid and baseline models are assessed for statistical significance using Wilcoxon signed-
rank tests at a significance level of & = 0.05, given that normality of cross-validation fold results cannot be
guaranteed. This non-parametric approach ensures that the conclusions drawn from the experiments are robust,
objective, and reproducible across varied dataset characteristics.

4. RESULTS AND DISCUSSION

This section presents the experimental results obtained from the evaluation of fuzzy logic-based hy-
brid models in complex decision-making systems. The findings are structured to address the research objectives
outlined in the introduction, with particular emphasis on the effectiveness, robustness, adaptability, and com-
putational feasibility of the proposed FLC—GA model relative to conventional baseline approaches.

4.1. Overall Performance Comparison

The hybrid FLC-GA model was compared with a standalone Fuzzy Logic Controller (FLC) and a
conventional machine learning model (ML a support vector classifier with a radial basis function kernel).
The evaluation was conducted across all three benchmark datasets representing healthcare, financial risk, and
industrial control domains. Table 4 presents the aggregated performance results.
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Table 4. Overall Performance Comparison Across Models

Model Accuracy (%) RMSE Robustness Score Computation Time (s)
FLC 82.6 0.41 0.72 1.8
ML (SVC-RBF) 85.3 0.36 0.75 1.5
Hybrid FLC-GA 91.4 0.24 0.89 2.3

As shown in Table 4, the hybrid FLC—GA model achieves the highest accuracy (91.4%) and the lowest
RMSE (0.24) across all evaluation domains, representing improvements of 8.8 and 6.1 percentage points over
the FLC and ML baselines, respectively. Furthermore, the robustness score of 0.89 significantly exceeds those
of the FLC (0.72) and ML (0.75), confirming the model’s stability under noise-perturbed conditions. Wilcoxon
signed-rank tests confirm that all accuracy and robustness differences between the FLC-GA model and both
baselines are statistically significant (p < 0.01). Although the hybrid approach requires a moderately higher
computation time (2.3 s versus 1.8 s for FLC), this 28% increase is justifiable given the substantial performance
gains achieved, particularly in high-stakes decision domains where classification errors carry significant costs.
These results are consistent with the fitness function design, which explicitly penalizes RMSE and rewards
robustness alongside accuracy, thereby producing a model that is optimized across the entire evaluation metric
spectrum rather than for accuracy alone.

4.2. Trade-off Analysis: Accuracy, Computational Complexity, and Interpretability

Understanding the trade-off between predictive accuracy, computational complexity, and model inter-
pretability is critical for guiding model selection in real-world decision systems. Figure 2 illustrates the relative
positioning of the three evaluated models within this three-dimensional trade-off space.

High
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Figure 2. Trade-off in Intelligent Decision-Making Models

Figure 2 reveals a nonlinear trade-off structure in which increasing accuracy is generally associated
with rising computational cost and declining interpretability. The standalone ML model (SVC-RBF) attains
85.3% accuracy but provides minimal transparency into its decision boundary, rendering it unsuitable for do-
mains such as clinical diagnosis or regulatory-compliance environments where audit trails are mandatory. The
standalone FLC offers the highest interpretability due to its human-readable rule base, but its accuracy of 82.6%
and robustness of 0.72 reflect the limitations of static, manually specified membership functions under distribu-
tional shift. The hybrid FLC-GA model uniquely occupies a region of high accuracy (91.4%) combined with
preserved interpretability, because its rule base remains encoded in linguistic form even after genetic optimiza-
tion. This characteristic is critical for deployment in regulated sectors: the optimized rules can be inspected,
validated by domain experts, and audited by compliance officers, unlike the opaque kernel-based decision sur-
face of the ML baseline. The moderate increase in computation time (2.3 s) reflects the cost of 200 generations
of genetic search, a one-time training overhead that does not affect inference latency. These results demonstrate
that the FLC—GA architecture resolves the accuracy-interpretability dilemma that has historically constrained
the adoption of intelligent systems in safety-critical environments.
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4.3. Robustness and Adaptability Analysis

To evaluate robustness, Gaussian noise at two severity levels (¢ = 0.05 and ¢ = 0.10) and random
10% feature deletion were introduced into the test partitions of each dataset. The hybrid FLC-GA model main-
tained stable accuracy with a mean degradation of only 3.2% across all perturbation scenarios, compared with
degradations of 9.7% for the standalone FLC and 8.4% for the ML baseline. The genetic optimization process
enables continuous refinement of membership function boundaries and rule weights, allowing the system to
internalize data variability during training and thereby produce a rule base that generalizes robustly to unseen
perturbations. These results confirm that the proposed hybrid model is highly resilient and appropriate for
uncertain and dynamic decision environments such as real-time industrial monitoring and adaptive healthcare
triage.

4.4. Computational Feasibility

Although the FLC-GA model requires a moderately higher training time than the baselines, its infer-
ence latency, measured as the time required to classify a single new sample using the finalized rule base, is
0.004 s, which is comparable to the FLC (0.003 s) and ML (0.002 s) baselines and well within the real-time
constraints of the application domains considered. This distinction between training cost and inference cost
is important: the genetic optimization is a one-time offline procedure, and the resulting rule base is computa-
tionally lightweight to execute. Consequently, the proposed approach is computationally feasible for practical
deployment, particularly when the performance benefits in accuracy and robustness outweigh the moderate
increase in offline training time.

5. MANAGERIAL IMPLICATIONS

The findings of this study carry significant implications for organizational decision-makers, technol-
ogy managers, and policymakers engaged in the digital transformation of complex systems. The demonstrated
superiority of the FLC—GA hybrid model across accuracy, robustness, and interpretability dimensions suggests
that organizations operating in uncertainty-intensive environments should prioritize hybrid intelligent architec-
tures over conventional rule-based or black-box machine learning systems when designing decision support
platforms. For healthcare administrators and clinical informatics managers, the model’s ability to achieve
91.4% classification accuracy while retaining a transparent, auditable rule base directly addresses a critical
barrier to Al adoption in clinical settings: the lack of regulatory-compliant interpretability. Deployment of
the FLC-GA framework in patient triage or diagnostic support systems can reduce misclassification rates at-
tributable to ambiguous clinical records, thereby improving patient outcomes and supporting compliance with
health technology assessment frameworks mandated by national health agencies. This aligns directly with
SDG 3 (Good Health and Well-Being) and is consistent with government digital health policies in multiple
jurisdictions, including Indonesia’s National Health Information System roadmap and similar national digital
health strategies.

For industrial automation managers and smart infrastructure planners, the model’s computational fea-
sibility (0.004 s inference latency) confirms its suitability for real-time embedded deployment in manufactur-
ing control systems and smart-city sensor networks. Government industrial policy frameworks emphasizing
Industry 4.0 adoption, including Indonesia’s Making Indonesia 4.0 roadmap and the broader ASEAN Digital
Masterplan 2025, specifically call for intelligent, adaptive control systems that can handle sensor noise and dy-
namic operational environments without manual recalibration. The FLC—GA model’s self-optimizing rule base
directly satisfies this requirement, reducing the need for costly expert intervention during system re-tuning.
At the strategic level, organizations investing in Al-based decision support should recognize that the marginal
training cost of genetic optimization (approximately 28% higher than baseline approaches in the present exper-
iments) is a recoverable one-time expenditure that yields persistent operational gains. Technology managers
should therefore structure Al procurement and development frameworks to account for the distinction between
training-phase cost and deployment-phase value, ensuring that evaluation criteria do not inadvertently penalize
computationally intensive but high-performing architectures. Furthermore, the multi-domain benchmarking
protocol introduced in this study provides a reusable governance instrument for internal AI model auditing,
enabling organizations to assess vendor-supplied or internally developed decision models against standardized
robustness and interpretability criteria before operational deployment.
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6. CONCLUSION

This study has presented a comprehensive performance evaluation of fuzzy logic-based hybrid mod-
els in complex decision-making systems, with a particular focus on the integration of fuzzy logic and ge-
netic algorithms within the proposed FLC—GA architecture. The experimental results, validated across three
benchmark datasets spanning healthcare, financial risk, and industrial control domains, demonstrate that the
FLC-GA model consistently outperforms conventional single-model approaches in accuracy (91.4%), error
reduction (RMSE 0.24), and robustness (0.89), with all improvements confirmed as statistically significant at
the p < 0.01 level by Wilcoxon signed-rank testing. Furthermore, the hybrid model achieves a more balanced
trade-off between predictive performance, computational complexity, and interpretability than either standalone
fuzzy systems or black-box machine learning baselines, making it a reliable and deployable solution for real-
world environments characterized by uncertainty, noise, and dynamic change.

The findings directly answer the research question by confirming that embedding genetic optimization
within fuzzy inference significantly enhances adaptability and stability without sacrificing the interpretabil-
ity that is essential for regulated deployment contexts. The formally specified fitness function, pseudocode-
described optimization loop, and multi-metric evaluation pipeline collectively constitute a replicable exper-
imental contribution that advances beyond the application-specific, single-metric evaluations that dominate
existing literature.

From a sustainability perspective, the findings of this study support the achievement of the United Na-
tions Sustainable Development Goals. In healthcare (SDG 3), the model’s robust interpretability enables clin-
icians to trust and act upon Al-generated diagnostic recommendations, reducing diagnostic errors in resource-
constrained settings. In economic and industrial contexts (SDG 8, SDG 9), the framework improves operational
efficiency and supports technological innovation through adaptive, self-optimizing decision architectures. In
urban infrastructure (SDG 11), the real-time inference capability of the optimized rule base enables smarter,
more resilient city management under dynamic sensor environments. These contributions collectively demon-
strate that hybrid Al architectures, developed and evaluated with scientific rigor, constitute a key enabler for
sustainable and responsible digital transformation aligned with global development priorities.
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