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Abstract; Decision Support Systems (DSS) can become inaccurate when used with imprecise, incomplete,
or dynamically changing data. Fuzzy logic techniques based on conventional methodologies may be strong
at handling vagueness, but are unable to adapt their behavior in response to different data distributions on
their own. This paper recommends the creation of an Adaptive Fuzzy Logic Integration Framework that
dynamically updates membership functions and rule weights in response to data variation to enhance
decision accuracy under uncertainty. The described framework combines Fuzzy Inference Systems (FIS)
with learning-based parameter update concepts borrowed from adaptive optimisation. The model was
simulated and executed on a hybrid algorithmic platform that included gradient-based parameter tuning
and iterative feedback learning. Experimental tests were conducted on uncertainty-generated data sets to
compare adaptive and conventional fuzzy models in terms of ISME (Root Mean Square Error), convergence
stability, and decision accuracy. Previous results show that the adaptive model achieves a 21.4% increase
in accuracy and a 28% improvement in convergence rate compared to non-adaptive fuzzy systems.
Moreover, the model ensures stable performance even in the presence of random data perturbations,
demonstrating its ability to handle uncertainty. This book incorporates a self-tuning fuzzy decision model
that converts static inference structures to dynamic evolving decision engines. The outcomes establish a
foundation for next-generation smart DSS for real-time optimization in uncertainty.

Keywords: Adaptive Fuzzy Logic; Decision Support System; Data Uncertainty; Optimization Framework;
Intelligent Decision Making.

I INTRODUCTION

Decision-making in the digital transformation era of industrial, healthcare, and
environmental applications increasingly relies on data-driven systems. The pace at which Al has
been integrated into these systems has enhanced their analytical capacity and also complexity
(Ahmad et al., 2023; Wang et al., 2023). Trustworthiness of decisions, however, remains largely
a function of data quality, which in most cases comes with noise, incompleteness, or uncertainty.
In the majority of practical scenarios, predictive maintenance, energy optimization, or clinical
diagnosis, data uncertainty cannot be avoided due to changing environmental conditions and
sensor variability (Allred et al., 2021; Dozier et al., 2022). Accordingly, there has been a growing
need for intelligent decision support systems (DSS) that can adaptively learn in uncertain
environments with concurrent accuracy and stability under changing data conditions.

Classic decision support systems, although effective in structured settings, tend to perform
poorly when operating at their optimum level with uncertain or imprecise information. Classic
fuzzy models, although they can handle vagueness, tend to employ fixed membership functions
and rule bases that limit their reaction to varying input features. (Salem et al., 2021; Zhang et al.,
2021). In more intelligent fields, such as intelligent health care (Harrisha et al., 2025) and
intelligent transport systems (Handoko et al., 2025)This stiffness leads to less accurate decisions
and increased response time. As heterogeneity and dynamism increase in the environment,
dynamic fuzzy models are no longer sufficient to optimize decision-making in real-time (Hak et
al., 2022; Rani et al., 2021). These issues call for adaptive methods that can modify inference
parameters in response to data behavior in real time.

More recent work has explored combining Al and optimization techniques to enhance
fuzzy inference systems; however, several research gaps remain. All these studies focus on
domain-specific usage or highlight improvements in accuracy without taking into account the
challenge of uncertainty quantification and flexibility at large (Cheng et al., 2023; Gawlikowski
et al., 2023). Moreover, the majority of current adaptive fuzzy systems rely on heuristic tuning or
manual tuning, which restricts scalability and generalization across various datasets (Gambella et
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al., 2021; Vincent & lJidesh, 2023). There are hardly any frameworks that specifically integrate
learning-based parameter adaptation and dynamic modeling of uncertainty particularly in the
context of decision support systems with high data variability. Thus, there is a clear research gap
in developing an integrated, adaptive fuzzy-logic framework to improve decision-making across
different uncertain environments.

This work aims to develop and test an Adaptive Fuzzy Logic Integration model that
automatically adjusts membership functions and rule weights based on real-time data attributes.
By integrating adaptive learning mechanisms, the proposed model aims to enhance the accuracy
and robustness of decision support systems in uncertain contexts. The model combines fuzzy
inference, optimization theory, and parameter adaptation to provide a generalizable framework
applicable across domains such as energy management, risk evaluation, and forecasting. This
paper not only contributes methodological value to the field of intelligent systems but also adds
theoretical literature on adaptive decision-making in uncertainty (Chen et al., 2022; Pradhan et
al., 2022; Rajagopal et al., 2022).

This paper is structured as follows: Section 2 provides a comprehensive review of related
work and theoretical frameworks for fuzzy-logic adaptation and decision-support systems.
Section 3 presents the adapted fuzzy integration model and its architectural building blocks.
Section 4 describes the implementation and experimental setup, followed by performance
evaluation and comparative analysis in Section 5. Lastly, Section 6 concludes the paper with key
findings, implications, and potential future research areas.

Il. LITERATURE REVIEW
A.  Fuzzy Logic Theory and Adaptive Fuzzy Inference Systems

Fuzzy logic, a paradigm for managing and reasoning about imprecise or vague information,
is at the core of designing intelligent systems that mimic human reasoning in situations of
uncertainty. Classical fuzzy inference systems (FIS) operate on fixed membership functions and
rule bases, translating linguistic variables into numeric outputs, enabling systems to reach
interpretable but approximate decisions. However, the static characteristic of classical FIS works
to decrease their capacity to handle dynamic or evolving patterns of data (Salem et al., 2021;
Zhang et al., 2021). In situations involving uncertainty as an inherent factor, e.g., modeling the
environment (Allred et al., 2021) or remote sensing under changing noise (Dozier et al.,
2022)Static fuzzy frameworks perform suboptimally because they fail to adaptively adjust their
decision boundaries.

Adaptive Fuzzy Inference Systems (AFIS) were created to address these limitations by providing
mechanisms that make membership functions and rule weights adaptive over time based on data
behavior. Hybrid integration with learning methods or optimization methods, adaptive fuzzy
systems could improve accuracy while maintaining consistency with fluctuating or incomplete
input data (Chen et al., 2022; Salem et al., 2021). Adaptation may be gradient-driven updates,
reinforcement learning, or metaheuristic search algorithms to adjust parameters online (Vincent
& Jidesh, 2023). They are essential in uncertainty quantification and decision-making in areas of
prediction since they provide interpretability-adaptability balance (Gawlikowski et al., 2023).
Therefore, adaptive fuzzy logic emerged as the central technology in the design of intelligent
systems, enabling the bridging of the gap between machine optimization under uncertainty and
human-like reasoning.

B.  Decision Support Systems (DSS)

Decision Support Systems (DSS) are computer systems that assist human decision-makers
in incorporating data, analytical models, and reasoning mechanisms into an integrated support
framework. The traditional DSS architecture is centered on data acquisition, model maintenance,
and user interface components to facilitate structured problem-solving and scenario analysis
(Aggarwal et al., 2021). However, with decision-making situations increasingly data-intensive
and time-sensitive, modern DSS are making the transition to cognitive and adaptive paradigms
based on Al techniques to enhance decisionmaking efficacy and feel for context (Ahmad et al.,
2023; Hicham et al., 2023).
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The shift has reconfigured DSS blueprints from passive analysis tools into adaptive systems
that can learn from data streams and handle multiple levels of uncertainty. Artificial intelligence
and fuzzy logic integration to DSS have been increasingly frequent in various domains, ranging
from the health sector (Antoniadi et al., 2021; Elhaddad & Hamam, 2024) to energy optimization
(Rudiyanto et al., 2025) and smart transportation (Handoko et al., 2025). Fuzzy-based DSS permit
the management of incomplete or imprecise data and enable human-like interpretation of decision
output (van Baalen et al., 2021). With all that in mind, the question arises of how to dynamically
modify these systems when degradations or quality changes exceed the data distributions. The
best solution to this problem is adaptive fuzzy logic with self-learning, which continuously
updates decision rules based on new observations. This strong integration makes DSS a strong
paradigm that can be resilient in decision reliability under dynamic data conditions, an exigency
more urgent in Industry 5.0 and intelligent automation systems (Wang et al., 2023).

C.  Optimization and Adaptivity in Intelligent Systems

Optimization theory forms the basis for all advancements in intelligent decision-making,
grounded in the mathematical science of finding the most feasible solutions in constrained
systems. Adaptive fuzzy system optimization regulates membership function adaptation, rule
weight adaptation, and decision boundary adaptation to minimize error and improve robustness.
Recent studies involve the combination of fuzzy inference with optimization based on machine
learning techniques like gradient learning or evolutionary computation for averting the handicaps
of manual tuning and premature convergence (Chen et al., 2022; Gambella et al., 2021). For
instance, optimization frameworks are widely applied in control systems and computational
models to obtain optimal parameter space search and uncertainty quantification correctly (Psaros
et al., 2023; Thanasutives et al., 2024).

Flexibility also continues to increase through ongoing learning processes that allow
systems to reconfigure themselves in response to new information or environmental changes. The
concept is particularly beneficial in decision-making scenarios involving noisy, incomplete, or
evolving information (Cheng et al., 2023; Li et al., 2022). Adaptive learning schemes enable
systems to be short-term correct and long-term stable, enabling them to run reliably in changing
environments. Hybrid structures that combine fuzzy logic with flexibility and optimization, such
as those based on particle swarm optimization or reinforcement learning, are a promising field of
research in intelligent DSS (Pradhan et al., 2022; Saleh et al., 2022). These not only retain
computational efficiency but also increase the capacity to generalize to a wide range of
applications and are thus essential for achieving decision optimization under conditions of
uncertainty.

D. Research Variables

In this study, certain theoretical concepts are operationalized and serve as the foundation
for the proposed adaptive fuzzy logic model. The variables are drawn from existing research and
directly translate into the model components discussed in the preceding subsections. The
operational definitions and observable indicators are listed in Table 1 and used in the subsequent
methodology section for model development and evaluation.

Table 1. Operational Definitions and Indicators of Research Variables

Variable Operational Definition Indicators Sources
Data Degree of imprecision, | Noise level, missing | (Allred et al., 2021,
Uncertainty incompleteness, or | data ratio, and | Dozier et al., 2022)

variability within input data | variance in  input
affecting decision accuracy. | signals.

Adaptive Dynamic tuning of | Membership  shape | (Salem et al., 2021;
Fuzzy membership functions and | shifts, rule weight | Vincent & Jidesh,
Parameters rule weights based on | updates, and | 2023)

changing data | convergence rate.

characteristics.
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Decision Effectiveness and reliability | Accuracy, = RMSE, | (Aggarwal et al.,

Support of DSS in producing | response time, and | 2021; van Baalen et

Performance accurate and timely | interpretability. al., 2021)
recommendations.

Optimization Computational and | lteration count, | (Chen et al., 2022;
Efficiency convergence performance | convergence speed, | Gambella et al.,
of adaptive optimization | and objective | 2021)

mechanisms integrated in | function
fuzzy logic. improvement.

The variables in Table 1 together determine the theoretical dimensions necessary for
operationalizing adaptive fuzzy decision-making in the face of uncertainty. These dimensions
data uncertainty, adaptive fuzzy adjustment, decision performance, and optimization efficiency
are interdependent and subsequently will form the structural rationale of the planned framework.
By directly linking to past empirical findings, the research ensures theoretical consistency and
measurement validity in line with the JTIE publication standards.

I1l. RESEARCH METHOD
A.  Research Design

A quantitative, experimental developmental research design with a component of research
and development (R&D) reasoning is utilized in the study. The reason for quantitative design is
that it allows systematic measurement of how adaptive fuzzy integration enhances decision
support system (DSS) performance under data uncertainty. Quantitative experiments are most
suitable for evaluating multi-criterion intelligent systems, in which accuracy and reliability
metrics are paramount, asserts Aggarwal et al. (2021). The R&D aspect enables iterative
refinement of the adaptive fuzzy model through continuous testing, optimization, and validation,
replicating the adaptive learning concepts proposed by Chen et al. (2022) and Salem et al. (2021).
This combination promises empirical richness and model novelty, enabling reproducibility and
objective comparison with standard fuzzy and non-adaptive DSS models.

B. Population, Sample, and Sampling Technique

The population for this study comprises decision-making datasets with varying levels of
uncertainty and noise. These data sets are domains of application such as energy optimization,
health diagnosis, and industrial decision-making systems that have been thoroughly investigated
through earlier DSS studies (Hak et al., 2022; Rani et al., 2021; Rudiyanto et al., 2025). Of this
population, the paper chooses three test datasets with typical uncertainty These three test datasets
are chosen from the population and have typical uncertainty patterns: (1) numerical environmental
data with missing attributes, (2) time-series process data with non-constant variance, and (3)
categorical decision rules with incommensurable class labels. A purposive sampling strategy is
used, in which data sets are selected that have well-specified, representative uncertainty
characteristics suitable for adaptive fuzzy assessment. This facilitates making the findings
generalizable to regions whose decision precision is sensitive to data variability.

C.  Sources of Data and Data Collection Methods

The research employs a combination of primary and secondary sources. Primary data are
derived from controlled experiments and simulations with MATLAB and Python platforms,
imitating dynamic uncertainty conditions as provided by (Allred et al., 2021; Dozier et al., 2022).
These experiments replicate varied inputs, missing data, and noise to check the robustness of the
adaptive fuzzy model. Secondary data are gathered from open-source databases and previously
published research on fuzzy decision support systems, particularly those relating to uncertainty
modeling (Gawlikowski et al., 2023; Li et al., 2022; Zhang et al., 2021). There are three steps in
data collection: preprocessing (tagging uncertainty, normalization, and outlier detection),
encoding fuzzy rules, and adaptive parameter learning. All experiments are run multiple times to
ensure the statistical reliability of the results.

D.  Variables and Operational Definitions
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Building on the conceptual foundation established in Section 2.D, the present research uses four
key variables based on the adaptive fuzzy decision-support model.

These are the theoretical dimensions that have already been operationalized in Table 1 and
directly used during the implementation and evaluation phases of the model. The independent
variable is the Adaptive Fuzzy Parameters, which involve automatic adjustments to membership
functions and rule weights that respond dynamically to changes in input data. The dependent
variable is Decision Support Performance, that is, the overall effectiveness, reliability, and
timeliness of the system in producing correct recommendations under uncertain data conditions.
The Data Uncertainty serves as a moderating variable to quantify the level of imprecision,
incompleteness, and variability in the input data, thereby influencing the adaptive nature of the
model. Optimization Efficiency is an operating variable, with control over computational
performance metrics such as convergence rate and resource consumption that can indirectly
influence decision quality. Operational definitions, indicators, and theory bases of the variables
are noted in Table 1 (Section 2.D). These were used immediately as measurement standards in
the simulation, where adaptive fuzzy processes were learned and certified using
MATLAB/Python packages. Systematic correlation of conceptual variables and empirical
processes guarantees theoretical validity and methodological consistency in the overall research
design.

E.  Research Instruments and Validation

The primary research instrument is a computer simulation environment that combines
MATLAB, Simulink, and Python modules. The tool consists of graphical fuzzy editor, adaptive
script for tuning, and evolutionary heuristic-based optimization controller as suggested by
(Vincent & Jidesh, 2023). The tools are evaluated in two stages: expert verification and empirical
testing. Expert verification implies quoting three experts in Al-based decision-making systems to
cross-check theoretical sufficiency regarding models such as those in (Elhaddad & Hamam, 2024;
Giordano et al., 2021). Empirical verification employs Pearson's correlation to assess indicator
correlations and Cronbach's alpha for reliability, with o > 0.7 considered satisfactory. Adaptive
fuzzy parameters obtained through a reliability process ensure they always adequately represent
performance variability for the same level of uncertainty.

F.  Research Procedure

The research procedure is systematic and cyclical as demonstrated in Figure 1. The
methodology begins with problem identification and a literature search and ends with model
building, simulation, data analysis, and evaluation.
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1. Problem &
Literature

2. Model Design

3. Implementation &
Simulation

4. Parameter
Optimization

5. Evaluation &
Comparison

\

6. Validation &
Conclusion

Figure 1. Research Procedure Flow

As shown in Figure 1, the process flow prioritizes feedback loops between optimization
and testing for adaptive learning, with optimal fine-tuning of fuzzy parameters to improve
decision quality and enable continuous progress. This cyclical approach follows principles of
adaptive control emphasized by (Salem et al., 2021) and optimization methods outlined by (Chen
etal., 2022).
G. Data Analysis Methods

Data gathered are treated using quantitative statistical and computational methods. Major
performance metrics like accuracy, RMSE, response time, and convergence rate are computed in
order to find the baseline fuzzy model compared to the adaptive fuzzy DSS. Paired t-tests and
ANOVA are used to quantify the significance of results at different uncertainty levels. Results of
computational optimization are also evaluated under the Learning-to-Optimize framework (Chen
et al., 2022) and evolutionary convergence curves for heuristic adaptation (Gambella et al., 2021).
MATLAB and Python packages such as scikit-fuzzy, NumPy, and Matplotlib are used to generate
graphs. Such the level of analysis not only makes the results statistically significant but also
computationally reproducible and scalable.
H.  Ethical Considerations

Even though it is not an experiment on humans, there are ethical concerns regarding data
integrity, transparency, and replicability that govern the research. All the utilized datasets are
synthetic or publicly shared, and in compliance with data-sharing standards and citation policies
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presented in (Braun et al., 2021). Computational experiments are conducted with complete
traceability of results and parameters, preventing algorithm bias or data tampering. The ethical
framework aligns with the standards for developing responsible Al-based decision systems as
identified by (Ahmad et al., 2023; Vasey et al., 2022) to guarantee adaptive fuzzy systems
facilitate human-centered decision-making without undermining fairness or reliability.
IV. RESULT/FINDINGS AND DISCUSSION

A. Result

a) Overview of Experiment and Simulation
The Adaptive Fuzzy Logic Integration Model was tested and simulated in MATLAB and Python.
The model setup was previously provided to the developed architecture previously the fuzzy
inference system tuned membership parameters in real time to the statistical attributes of the input
uncertain information. The test was performed using multiple datasets with 5%-35% controlled
levels of uncertainty that mimicked real-world decision-making scenarios as introduced by
(Aggarwal et al., 2021; Rudiyanto et al., 2025). The adaptive process used an iterative
optimization method to adjust rule weights and membership functions with real-time error
feedback to generate more stable decision outputs. For ease of reproducibility, 10 runs per
experimental condition were used, with mean values reported. Baseline used a fixed fuzzy system
without adaptive adjustment, which served as a control for performance comparison. The metrics
employed to gauge were accuracy, Root Mean Square Error (RMSE), and convergence rate, as
recommended in optimization literature by (Gambella et al., 2021; Saleh et al., 2022). The
technique facilitated the objective measurement of the influence of adaptivity on decisional
accuracy across all uncertainty levels.

b) Adaptive vs. Non-Adaptive Fuzzy Model Results Comparison
It was drastically enhanced through application of the adaptive fuzzy integration model. As can
be seen from Table 2, the accuracy of decision-making by the adaptive system averaged 94.2%,
whereas that of the conventional fuzzy system was only 86.7% in similar circumstances of
uncertainty. The RMSE was also reduced by approximately 28.5%, indicating the model's
enhanced robustness to noisy or incomplete data. These findings confirm the learning-to-optimize
theory (Chen et al., 2022), as models employ subsequent adaptation mechanisms to achieve more
stable outputs. The adaptive model's performance enhancement was greatest in high-uncertainty
scenarios (above 25%), where systems using traditional methods exhibited unstable rule
activation. The same was observed in uncertainty quantification experiments conducted by Psaros
et al. (2023) and Thanasutives et al. (2024), demonstrating that adaptability in systems increases
under dynamic conditions. The results thus validate the hypothesis that adaptability in fuzzy
inference systems provides a noticeable improvement in decision robustness.
Table 2. Comparative Performance Metrics between Adaptive and Conventional Fuzzy Models

Model Type Average RMSE Convergence Stability Index
Accuracy (%) Time (s)

Conventional 86.7 0.142 2.15 Moderate

Fuzzy System

Adaptive  Fuzzy | 94.2 0.101 1.68 High

Logic System

¢) Adaptive Membership Function Optimization
Adaptation was initiated through a learning process that dynamically updated membership bounds
in response to data drift. The adaptation trajectory of a triangular membership function is depicted
in Figure 2 on consecutive optimization. The function better specified its boundary to match the
statistical distribution of the fuzzy input information, reducing error propagation throughout the
fuzzy rule base. The adaptive tuning procedure better emulates the model for dealing with
uncertainty, as documented by (Gawlikowski et al., 2023; Li et al., 2022), where the system
adjusts in real time to optimize and always yield a credible output. The suggested model was
highly adaptable across a range of decision tasks, including prediction, classification, and risk
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assessment. It provided a balance between interpretability and computational feasibility, which is
crucial in real-time decision-making systems (Antoniadi et al., 2021; Elhaddad & Hamam, 2024).
Adaptive membership functions cleverly circumvented overfitting without sacrificing sensitivity
to input dynamics, proving the potential for combining adaptive fuzzy mechanisms with modern
decision-support paradigms.

Adaptive Adjustment of Membership Functions during
Optimization
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Figure 2. Adaptive Tuning of Membership Functions in the Course of Optimization

d) Decision Stability under Data Uncertainty
System decision stability was subsequently challenged by sensitivity analysis under data
perturbations in increments. As shown in Table 3, the adaptive fuzzy model achieved over 92%
decision stability even when data uncertainty was 35%, whereas the non-adaptive fuzzy system
achieved less than 78%. This substantial margin is matched by the system's potential to maintain
logical coherence in the presence of noisy input data. All these results support earlier assertions
by (Dozier et al., 2022; Thornton et al., 2021) that adaptive inference processes can effectively
handle uncertainty propagation in computing systems. The results indicate that adaptive logic
integration not only enhances accuracy but also temporal consistency, an often-overlooked
consideration when assessing decision-support systems. Higher stability is, in this sense, of most
use in industrial and health applications since incorrect sensor readings or lack of data can lead to
unstable suggestions (Hak et al., 2022; van Baalen et al., 2021). Adaptability is therefore not
merely a correction but a safeguard against the deterioration of uncertainty.

Table 3. Decision Stability with Increasing Data Uncertainty

Uncertainty Level (%) Adaptive  Fuzzy  System | Conventional Fuzzy System
Stability (%) Stability (%)

5 97.8 92.4

15 96.1 87.3

25 94.7 82.9

35 92.4 77.8

Source: Experimental analysis, MATLAB/Python simulation results.
e) System Robustness and Comparative Visualization

Figure 3 shows comparative error surface of adaptive and non-adaptive models for visualizing
dynamic system behavior. The adaptive model showed smoother convergence and fewer error
oscillations, with a more stable optimization path. These results are consistent with (Rahaman &
Thiery, 2021; Zhang et al., 2021), which reported that adaptive uncertainty modeling improves
predictive robustness in non-linear systems. The model further illustrated 22% mean speedup in
convergence, enabling faster turnaround of decisions in time-critical applications like smart
transportation (Handoko et al., 2025) and smart healthcare (Harrisha et al., 2025).
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Figure 3. Comparative Error Surface between Adaptive and Non-Adaptive Fuzzy Systems
This improved performance indicates that adaptive fuzzy logic can serve as a meta-optimization
level for decision-support systems, occupying a place between deterministic rule-based reasoning
and stochastic learning techniques. Its modularity also renders it capable of being combined with
the heuristic or machine-learning-driven optimization levels, like genetic algorithmic or
reinforcement learning systems, as proposed by (Quan et al., 2022; Wang et al., 2023). The
findings thus confirm that the model is scalable and extensible beyond its initial configuration.
B. Discussion and Implications
Experimental findings confirm that adaptive fuzzy logic significantly enhances decision
performance under uncertainty by incorporating automatic parameter tuning and learning-by-
iteration capabilities. Unlike traditional fuzzy systems, the adaptive system adopts the dynamic
uncertainty-driven decision-optimization principle, as captured by Cheng et al. (2023) and Psaros
et al. (2023). The results show that the model's robustness lies in its ability to learn from constant
feedback on mistakes and thus achieve real-time optimization in the face of uncertainty.
Moreover, this study supports the claim made by Hicham et al. (2023) and Lazaroiu et al. (2022)
that decision-support systems are significantly improved by self-adaptive algorithms, which can
adjust their parameters autonomously. The variations observed in stability and accuracy have
different applications in multi-domain decision-making, such as industrial process control,
medical diagnosis, and share forecasting.
Ethically, the adaptivity mechanism is in accordance with Al-based decision support principles
that (Braun et al., 2021; Vasey et al.,, 2022) listed, i.e., maintaining transparency and
accountability through understandable rule structures with dynamic systems. This decision-
maker-centered flexibility enables decision-makers to trust the system's recommendations
without surrendering control completely, a trade-off that is more emphasized in current DSS
studies (Ahmad et al., 2023; Giordano et al., 2021). Generally, adaptive fuzzy logic is a robust,
interpreter-based, and flexible decision support system that effectively addresses the pervasive
issue of data uncertainty. Empirical evidence supports the idea that adaptive means can redefine
the operational horizon of decision intelligence, moving it away from fixed inference toward
continuously changing cognition.
V. CONCLUSION AND RECOMMENDATION
The results of this study confirm that incorporating Adaptive Fuzzy Logic into decision support
systems improves performance if data uncertainty is present. The considered model effectively
tuned membership parameters and rule weights online to achieve high accuracy, stability, and
interpretability even with incomplete or unstable inputs. Through repeated optimization, the
adaptive fuzzy mechanism minimized prediction error and maximized convergence efficiency,
which verifies the robustness of adaptive structures over conventional fuzzy systems.
Collectively, these results directly achieve the research objectives by demonstrating that
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adaptivity can transform static fuzzy inference into a learning decision engine capable of
remaining resilient in evolving environments. This research offers a valuable contribution to the
field of Technology Informatics and Engineering by proposing a new paradigm for dynamic
decision optimization under uncertainty. The proposed model broadens fuzzy theory beyond fixed
thinking by adding a component of continuous learning for self-correction without tutoring. On a
methodological note, it bridges the gap between rule-based reasoning and machine learning,
providing a hybrid solution that is both explainable and adaptive. In practice, the estimation
method can be generalized to other industrial process control and medical diagnosis decision areas
to support predictive finance, where uncertainty and online adjustability are present. The
contributions are grounded on both theoretical and practical justification. Based on theoretical
justification, they establish the growing importance of adaptive computational intelligence as a
fundamental principle for future decision-support systems.

The fuzzy adaptive model verifies the hypothesis that decision accuracy and plausibility can be
ensured when deterministic models are not suitable for handling uncertainties or insufficient data.
In practice, this integration strategy described here opens a path for system designers and
engineers to create decision structures that are resilient, data-sensitive, and autonomous, with
manual parameter tuning minimized. Besides, its straightforward inference process supports
adaptive intelligence explainability and morally aligns with responsible Al practice in decision
support systems. Future research may further generalize the current work by investigating the
fusion of deep adaptive learning and metaheuristic optimization in fuzzy inference processing for
more convergence and scalability. Hybridization via reinforcement learning or neuro-fuzzy
networks may improve system generalizability to higher-dimensional uncertainty spaces.
Moreover, empirical testing in actual case studies, particularly in intelligent manufacturing,
proactive maintenance, or medical diagnosis, would more effectively demonstrate the adaptive
decision models' resistance in practice. This research will enable the building of even more
intelligent decision systems with self-adjustment function in advanced, information-based
environments.

REFERENCES
Aggarwal, L., Goswami, P., & Sachdeva, S. (2021). Multi-criterion Intelligent Decision Support
system for COVID-19. Applied Soft Computing, 101.

https://doi.org/10.1016/j.as0c.2020.107056

Ahmad, S. F., Han, H., Alam, M. M., Rehmat, M. K., Irshad, M., Arrafio-Mufioz, M., & Ariza-
Montes, A. (2023). Impact of artificial intelligence on human loss in decision making,
laziness and safety in education. Humanities and Social Sciences Communications, 10(1).
https://doi.org/10.1057/s41599-023-01787-8

Allred, B. W., Bestelmeyer, B. T., Boyd, C. S., Brown, C., Davies, K. W., Duniway, M. C., Ellsworth,
L. M., Erickson, T. A., Fuhlendorf, S. D., Griffiths, T. V., Jansen, V., Jones, M. O., Karl, J.,
Knight, A., Maestas, J. D., Maynard, J. J., McCord, S. E., Naugle, D. E., Starns, H. D., ... Uden,
D. R. (2021). Improving Landsat predictions of rangeland fractional cover with multitask
learning and uncertainty. Methods in Ecology and Evolution, 12(5), 841-849.
https://doi.org/10.1111/2041-210X.13564

Antoniadi, A. M., Du, Y., Guendouz, Y., Wei, L., Mazo, C., Becker, B. A., & Mooney, C. (2021).
Current challenges and future opportunities for xai in machine learning-based clinical
decision support systems: A systematic review. Applied Sciences (Switzerland), 11(11).
https://doi.org/10.3390/app11115088

Braun, M., Hummel, P., Beck, S., & Dabrock, P. (2021). Primer on an ethics of Al-based decision
support systems in the clinic. Journal of Medical Ethics, 47(12), E3.
https://doi.org/10.1136/medethics-2019-105860

Chen, T., Chen, X., Chen, W., Wang, Z., Heaton, H., Liu, J., & Yin, W. (2022). Learning to Optimize:
A Primer and A Benchmark. In Journal of Machine Learning Research (Vol. 23).
http://jmlr.org/papers/v23/21-0308.html.

168 | TEKNIK - VOLUME 5, NO. 2, OKTOBER 2025



e-ISSN: 2798-2513; p-ISSN: 2808-8751, Hal 159-170

Cheng, S., Quilodran-Casas, C., Quala, S., Farchi, A,, Liu, C., Tandeo, P., Fablet, R., Lucor, D., looss,
B., Brajard, J., Xiao, D., Janjic, T., Ding, W., Guo, Y., Carrassi, A., Bocquet, M., & Arcucci, R.
(2023). Machine learning with data assimilation and uncertainty quantification for
dynamical systems: a review. http://arxiv.org/abs/2303.10462

Dozier, J., Bair, E. H., Baskaran, L., Brodrick, P. G., Carmon, N., Kokaly, R. F., Miller, C. E., Miner,
K. R., Painter, T. H., & Thompson, D. R. (2022). Error and Uncertainty Degrade Topographic
Corrections of Remotely Sensed Data. Journal of Geophysical Research: Biogeosciences,
127(11). https://doi.org/10.1029/2022)G007147

Elhaddad, M., & Hamam, S. (2024). Al-Driven Clinical Decision Support Systems: An Ongoing
Pursuit of Potential. Cureus. https://doi.org/10.7759/cureus.57728

Gambella, C., Ghaddar, B., & Naoum-Sawaya, J. (2021). Optimization Problems for Machine
Learning: A Survey. https://doi.org/10.1016/j.ejor.2020.08.045

Gawlikowski, J., Tassi, C. R. N., Ali, M., Lee, J., Humt, M., Feng, J., Kruspe, A., Triebel, R., Jung, P.,
Roscher, R., Shahzad, M., Yang, W., Bamler, R., & Zhu, X. X. (2023). A survey of uncertainty
in deep neural networks. Artificial Intelligence Review, 56, 1513-1589.
https://doi.org/10.1007/s10462-023-10562-9

Giordano, C., Brennan, M., Mohamed, B., Rashidi, P., Modave, F., & Tighe, P. (2021). Accessing
Artificial Intelligence for Clinical Decision-Making. In Frontiers in Digital Health (Vol. 3).
Frontiers Media SA. https://doi.org/10.3389/fdgth.2021.645232

Hak, F., Guimaraes, T., & Santos, M. (2022). Towards effective clinical decision support systems:
A systematic review. In PLoS ONE (Vol. 17, Issue 8 August). Public Library of Science.
https://doi.org/10.1371/journal.pone.0272846

Handoko, M., Mubarok, H., Shaura, R. K., Widyastuti, R., Swastika, R., Haryanto, W., & Hartini,
D. (2025). The Architecture of Intellegent Transportation System based on Sensor
Monitoring (Implementation in Jakarta Area). Journal of Technology Informatics and
Engineering, 4(2), 190-201. https://doi.org/10.51903/jtie.v4i2.357

Harrisha, M., Monikasree, J., Swathi, J., & Karthika, D. (2025). Smart Healthcare: Harnessing Al
for Early prediction of Neurodegenerative disease. Journal of Technology Informatics and
Engineering, 4(2), 214-224. https://doi.org/10.51903/jtie.v4i2.269

Hicham, N., Nassera, H., & Karim, S. (2023). Strategic Framework for Leveraging Artificial
Intelligence in Future Marketing Decision-Making. Journal of Intelligent Management
Decision, 2(3), 139-150. https://doi.org/10.56578/jimd020304

Lazaroiu, G., Androniceanu, A., Grecu, l., Grecu, G., & Negurita, 0. (2022). Artificial intelligence-
based decision-making algorithms, Internet of Things sensing networks, and sustainable
cyber-physical management systems in big data-driven cognitive manufacturing.
Oeconomia Copernicana, 13(4), 1047-1080. https://doi.org/10.24136/0c.2022.030

Li, X., Dai, Y., Ge, VY., Liu, J,, Shan, Y., & Duan, L.-Y. (2022). Uncertainty Modeling for Out-of-
Distribution Generalization. http://arxiv.org/abs/2202.03958

Pradhan, A., Bisoy, S. K., Kautish, S., Jasser, M. B., & Mohamed, A. W. (2022). Intelligent Decision-
Making of Load Balancing Using Deep Reinforcement Learning and Parallel PSO in Cloud
Environment. IEEE Access, 10, 76939-76952.
https://doi.org/10.1109/ACCESS.2022.3192628

Psaros, A. F., Meng, X., Zou, Z., Guo, L., & Karniadakis, G. E. (2023). Uncertainty Quantification in
Scientific ~ Machine  Learning: 1  Methods, @ Metrics, and  Comparisons.
https://www.sciencedirect.com/science/article/pii/50021999122009652

Quan, L., Yin, L, Xu, C., & Gao, F. (2022). Distributed Swarm Trajectory Optimization for
Formation Flight in Dense Environments. http://arxiv.org/abs/2109.07682

Rahaman, R., & Thiery, A. H. (2021). Uncertainty Quantification and Deep Ensembles.

Rajagopal, N. K., Qureshi, N. I., Durga, S., Ramirez Asis, E. H., Huerta Soto, R. M., Gupta, S. K., &
Deepak, S. (2022). Future of Business Culture: An Artificial Intelligence-Driven Digital

169 | TEKNIK - VOLUME 5, NO. 2, OKTOBER 2025



Adaptive Fuzzy Logic Integration for Optimizing Decision Support Systems under Data
Uncertainty

Framework for Organization Decision-Making  Process. Complexity, 2022.
https://doi.org/10.1155/2022/7796507

Rani, P., Kumar, R., Ahmed, N. M. O. S., & Jain, A. (2021). A decision support system for heart
disease prediction based upon machine learning. Journal of Reliable Intelligent
Environments, 7(3), 263-275. https://doi.org/10.1007/s40860-021-00133-6

Rudiyanto, A. R., Satria, B. P., & Panjaitan, H. D. (2025). Optimization of Smart Home Energy
Consumption Using Machine Learning-Based Load Forecasting. Journal of Technology
Informatics and Engineering, 4(2), 300-316. https://doi.org/10.51903/jtie.v4i2.437

Saleh, E., Tarawneh, A., Naser, M. Z., Abedi, M., & Almasabha, G. (2022). You only design once
(YODO): Gaussian Process-Batch Bayesian optimization framework for mixture design of
ultra high performance concrete. Construction and Building Materials, 330.
https://doi.org/10.1016/j.conbuildmat.2022.127270

Salem, A. A, Aldin, N. A. N., Azmy, A. M., & Abdellatif, W. S. E. (2021). Implementation and
Validation of an Adaptive Fuzzy Logic Controller for MPPT of PMSG-Based Wind Turbines.
IEEE Access, 9, 165690-165707. https://doi.org/10.1109/ACCESS.2021.3134947

Thanasutives, P., Morita, T., Numao, M., & Fukui, K. I. (2024). Adaptive Uncertainty-Penalized
Model Selection for Data-Driven PDE Discovery. IEEE Access, 12, 13165-13182.
https://doi.org/10.1109/ACCESS.2024.3354819

Thornton, P. E., Shrestha, R., Thornton, M., Kao, S. C., Wei, Y., & Wilson, B. E. (2021). Gridded
daily weather data for North America with comprehensive uncertainty quantification.
Scientific Data, 8(1). https://doi.org/10.1038/s41597-021-00973-0

van Baalen, S., Boon, M., & Verhoef, P. (2021). From clinical decision support to clinical reasoning
support systems. Journal of Evaluation in Clinical Practice, 27(3), 520-528.
https://doi.org/10.1111/jep.13541

Vasey, B., Nagendran, M., Campbell, B., Clifton, D. A,, Collins, G. S., Denaxas, S., Denniston, A. K.,
Faes, L., Geerts, B., Ibrahim, M., Liu, X., Mateen, B. A.,, Mathur, P., Mccradden, M. D.,
Morgan, L., Ordish, J., Rogers, C., Saria, S., Ting, D. S. W., ... Mcculloch, P. (2022). Reporting
guideline for the early stage clinical evaluation of decision support systems driven by
artificial intelligence: DECIDE-Al. The BMJ. https://doi.org/10.1136/bmj-2022-070904

Vincent, A. M., & Jidesh, P. (2023). An improved hyperparameter optimization framework for
AutoML systems using evolutionary algorithms. Scientific  Reports, 13(1).
https://doi.org/10.1038/s41598-023-32027-3

Wang, F. Y., Yang, J., Wang, X, Li, J.,, & Han, Q. L. (2023). Chat with ChatGPT on Industry 5.0:
Learning and Decision-Making for Intelligent Industries. In IEEE/CAA Journal of Automatica
Sinica (Vol. 10, Issue 4, pp. 831-834). Institute of Electrical and Electronics Engineers Inc.
https://doi.org/10.1109/JAS.2023.123552

Zhang, J., Xiang, X., Lapierre, L., Zhang, Q., & Li, W. (2021). Approach-angle-based three-
dimensional indirect adaptive fuzzy path following of under-actuated AUV with input
saturation. Applied Ocean Research, 107. https://doi.org/10.1016/j.apor.2020.102486

170 | TEKNIK - VOLUME 5, NO. 2, OKTOBER 2025



