Yugoslav Journal of Operations Research
# (20##), Number #, #-#
DOI: https://doi.org/10.2298/YJOR240715012B

Research article

HEALTHCARE REVOLUTION: AI APPLICATIONS
TRANSFORMING FUZZY-BASED OPERATIONS
RESEARCH

Balakrishnan S*

Professor, Department of Computer Science and Engineering, Aarupadai Veedu Institute
of Technology (AVIT), Vinayaka Mission's Research Foundation (Deemed to be
University) Paiyanoor, Mahabalipuram, Tamil Nadu,
balkiparu@gmail.com, ORCID: 0000-0002-6145-7923

Sridhara Murthy BEJUGAMA

Assistant Professor, Department of Computer Science and Engineering, Kakatiya
Institute of Technology and Science, Warangal, Telangana,
bsm.cse@kitsw.ac.in, ORCID: 0009-0007-7981-6705

Suresh A

Associate Professor, School of Computer Science and Engineering,
Vellore Institute of Technology, Vellore, India,
a.suresh@vit.ac.in, ORCID: 0000-0003-2395-6884

Anbarasu D

Associate Professor, Department of Electronics and Communication Engineering, Jaya
Engineering College, Thiruninravur,Chennai, Tamil Nadu, India,
anbarasudhandapani@gmail.com, ORCID: 0000-0003-1735-0149

Dr Sudipta BANERJEE

Assistant Professor, Dept of Computer Science and Technology,
Symbiosis Institute of Technology, Pune Campus, Symbiosis International (Deemed
University) (SIU), Pune, India,
sudiptab.iitism@gmail.com, ORCID: 0000-0003-0150-6794

Dr. R. Senthamil SELVAN

Associate Professor, Department of Electronics and Communication Engineering,
Annamacharya Institute of Technology and Science, Tirupati, Andhra Pradesh,
selvasenthamil2614@gmail.com, ORCID: 0009-0008-6500-5255

*Corresponding author



2 S. Balakrishnan et al. / Al Transforming Fuzzy-Based Healthcare Operations

Received: July 2024 / Accepted: August 2026

Abstract: The fuzzy-based use of Artificial Intelligence (Al) in healthcare could change
operations research. There is a possibility that the development of Al will be the spark that
triggers this revolution. Artificial intelligence can handle healthcare data's ambiguities and
complexity, improving Decision-Making (DM), Resource Allocation (RA), and patient
outcomes. Fuzzy-based operations research with Al has many shortcomings, regardless of
its advantages. The challenges mentioned above include the inability to comprehend
clinical decisions, data privacy problems, healthcare data complexity, and the demand for
advanced processing abilities. The study suggested Hybrid Computational Automation
with Fuzzy Decision (HCA-FD) to resolve those challenges. The HCA-FD system's Fuzzy
Logic (FL) and Al can manage the most complicated DM processes. By employing
Machine Learning (ML) techniques and Fuzzy Interference System (FIS), the reliability
and accuracy of the healthcare revolution can be improved. Optimizing treatment plans,
managing healthcare facility resources, and predicting patient diagnosis can all be achieved
via applying HCA-FD. The HCA-FD suggested automated key procedures to enhance
efficiency, minimize human error, and improve healthcare services. The simulation
outcomes can reveal the efficiency of HCA-FD in various healthcare operations. It can
analyze unclear and complicated data and support the creation of reliable DM. As a result,
it enhances both the operational efficiency and patient care. The proposed method increases
the Decision-Making Accuracy ratio by 99.6%, Resource Utilization Efficiency ratio by
97.6%, Computational Efficiency ratio by 98.9%, Security ratio by 96.2%, and Predictive
Analytics Accuracy ratio by 95.4% compared to other existing methods.

Keywords: Healthcare, revolution, artificial intelligence (Al), transforming, fuzzy,
operations, research, hybrid, computational, automation, decision.
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1. INTRODUCTION

To maximize operational efficiency and make DM, conventional healthcare methods
depend on human expertise, manual data entry, and fundamental statistical tools [1]. This
was carried out to increase operating efficiency. Despite their importance, human
processing accuracy and speed delayed administrative procedures, treatment plans, and
diagnoses [2]. However, putting this aside, these strategies remained extremely important.
In healthcare operations research, deterministic and stochastic models optimized
scheduling, logistics, and resource allocation. However, the variability and ambiguity of
medical data have caused challenges [3]. Modelling uncertainty has been rendered possible
by fuzzy logic's ambiguity handling [4]. With partial membership in sets, this method could
model uncertainty [5]. It helped fuzzy logic portray the complexity of medical decision-
making. Fuzzy-based operations research was limited by computational resources and
methods [6]. These simple models failed to convey the complexity of healthcare
operations. This outcome happened to come about as a result of the development of the
models [7].

On the other hand, this represents opposition to artificial intelligence's revolutionary
influence, which has significantly brought about improvements in fuzzy-based operations
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research [8]. Deep learning and machine learning have improved the ability to examine
vast datasets, detect patterns, and make accurate predictions. Implementing Al has allowed
for a significant increase in this potential [9]. Al systems can handle high-dimensional,
non-linear medical data, improving diagnosis, therapy, and resource use. The ability to
optimize operations and staff scheduling, interpret medical images more accurately than
radiologists, and predict patient outcomes are all capabilities of intelligent systems [10].
Even though academic articles and medical records are examples of unstructured data,
natural language processing (NLP) can extract information pertinent to the situation [11].

Consequently, the efficiency of decision-making procedures, which has been gradually
improving, has been increased even further [12]. Since artificial intelligence can learn and
adapt to new data, medical procedures may become more effective over time [13]. This
flexible and dynamic approach effectively manages the unpredictability and complexity of
the healthcare sector. Al can offer more effective and accurate solutions in the healthcare
sector, as it can revolutionize Fuzzy-based operations [14]. Thus, this method will support
significant advancements towards the right way [15].

Before fuzzy-based operations research in healthcare is fully revolutionized, there are
still a lot of challenges that need to be solved in the Al field. Al needs access to a vast
amount of private healthcare data, and safety measures must be taken to ensure patient
privacy and data security.

Maintaining trustworthy Al models is crucial. Data biases can lead to inaccurate
forecasts and treatments. Healthcare workers may find Al systems incoherent and
untrustworthy due to their complexity. This is feasible. Artificial intelligence is fully
comprehended after a large financial investment and significant training. Al integration
into healthcare systems is another challenge.

The healthcare business is one of several attempts to solve research issues related to
Al-fuzzy-based operations. New encryption and data transfer protocols are being
developed to protect patients' medical records. Security and privacy of sensitive data are
important. More accurate and reliable artificial intelligence systems require a large and
representative dataset. Researchers are putting a lot of effort into developing strategies to
reduce the influence of biases. These strategies additionally involve bias detection and
model training fairness limitations. The implementation of XAl approaches is contributing
to an increase in the level of transparency that is present in artificial intelligence (AI)
systems. These methods will help healthcare practitioners improve Al decision-making.

Integration with current healthcare systems can be simplified using comparable
frameworks and standards. This paves the way for the seamless sharing of data and the
compatibility of workflows. Healthcare personnel must be trained to use Al tools, which
costs money. Regulatory organizations, healthcare providers, and Al developers are
developing a complete set of Al norms and standards for healthcare. Collaboration is
creating these standards and conventions. To ensure that artificial intelligence systems
continue to function effectively and acquire knowledge from new data, it is imperative that
researchers continuously test and monitor them. This is necessary to maintain system
efficacy. The healthcare industry may use artificial intelligence's innovative fuzzy-based
operations research to improve patient outcomes and operational efficiency. The novelty
of the proposed HCA-FD method enhances healthcare decision-making by combining
artificial intelligence and fuzzy logic. Fuzzy logic can transform qualitative evaluations
into quantitative models, which helps with medical data that is imprecise or ambiguous,
including patient symptoms, risk levels, and treatment results. This is enhanced by Al,
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especially machine learning, which can sift through vast amounts of data in search of trends
and patterns that fuzzy logic could detect. With this method, artificial intelligence
automates creating and improving membership functions and fuzzy rules using data-driven
insights, and the system can improve its real-time decision-making. Improved accuracy,
efficiency, and uncertainty management in patient care are ways this integration improves
healthcare operations.

The main contribution of the study

e Develop and deploy the Hybrid Computational Automation with Fuzzy Decision
(HCA-FD) technique to enhance decision-making accuracy in healthcare operations
research. This will be done by tackling healthcare data difficulties and ambiguities.

e HCA-FD can be used to improve resource allocation in healthcare organizations and
improve administration and distribution. Ensuring effective people, equipment, and
supplies will enhance healthcare delivery and patient outcomes.

e Employing advanced machine learning techniques and fuzzy inference systems in
HCA-FD to automate predictive analytics, improve treatment regimes and reduce
human error. Consequently, this will increase the system's operational efficiency.

Based on the findings from the literature review in Section II, the following
investigation is constructed. The healthcare industry is revolutionizing as artificial
intelligence applications transform fuzzy-based operations research. The topic of Hybrid

Computational Automation with Fuzzy Decision (HCA-FD) is investigated in depth in

Section III of the present work. Section IV presents the findings and the discussion, while

Section V has an overview and the concluded recommendations.

2. LITERATURE SURVEY

Implementing Al in the healthcare sector, sectors like clinical DM and Supply Chain
Management (SCM), has significantly progressed.

To analyze the factors that impact the Al application in healthcare SCM, a fuzzy Aczel—
Alsina—based DM model (FA-A-DMM) was suggested by Deveci, M. [16], especially a
focus on the Turkish healthcare sector. The intensity of the technology, the trialability of
the technology, and the support of the government are considered by the model as crucial
success factors. Then, Al adoption and applicability can be maximized by the above factors
and revealed in the outcomes.

Maleki Varnosfaderani suggested a comprehensive analysis of Al integration across
Healthcare Domains (AI-HD), S. et al. [17]. This study uses clinical DM, hospital
management, Medical Image Analysis (MIA), and patient monitoring as subjects. Case
studies investigate ethical and privacy problems and discuss methodology for evaluating
Al solutions, which are presented to promote the interdisciplinary discussion and ethical
application of Al

Within the context of operations research (DSS-OR), Gupta, S. et al. [18] study the
incorporation of artificial intelligence into decision support systems (DSSs). Intending to
investigate the influence that artificial intelligence has on decision-making, it categorizes
the existing research into theory-building and application-based techniques. Intending to
improve decision support in uncertain situations, the findings indicate gaps in prediction,
learning, and optimization. These findings also suggest future research options and
theoretical and managerial implications. The research by Sharma M. et al. [19] investigates
the use of hybrid computational intelligence (HCI) in the healthcare industry, particularly
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emphasizing decision-making, remote monitoring, logistics, and information systems. It
investigates how approaches such as neural networks, fuzzy logic, genetic algorithms, and
support vector machines interact with one another. As a result of using sophisticated
computational techniques, the outcomes include enhanced healthcare delivery, safety, and
efficiency. An exhaustive review of artificial intelligence-based modelling (AI-M) is
presented by Sarker, 1. H., et al., [20] which investigates the fundamentals and capabilities
of several types of Al, including analytical, functional, and visual Al. The study addresses
research issues and applications in healthcare, finance, and smart cities. The aim is to
inform academics, businesspeople, and decision-makers. Table 1 shows the summary of
the related works.

based Decision-

Table 1: Summary of related works
Author(s) Method Results Advantages Disadvantages
Identified crucial
success factors for
Fuzzy Aczel—Alsina— Al application in Maximizes Al Limited to the
healthcare SCM in adoption and Turkish healthcare

Sarker, I. H., et
al. [20]

review of Al-based

modelling (AI-M)

across healthcare,

finance, and smart
cities.

fundamentals and
capabilities of
different Al types,
research issues, and
applications.

academics and
decision-makers
on diverse Al
applications.

Deveci, M. [16] Making Model (FA- | . the T}xrklsh sector, apphc'ablhty sector} may not
including technology | through identified | generalize to other
A-DMM) netudng leeno ’
intensity, trialability, factors. regions.
and government
support.
Comprehensive Investigated ethical
analysis across and privacy issues; Addresses et}.ucal It may lack depth
. healthcare domains, discussed concerns; R X
Maleki . . . in specific
. focusing on clinical methodologies for promotes -
Varnosfaderani, . . . methodologies
DM, hospital evaluating Al comprehensive
S.etal. [17] . . . used for
management, MIA, | solutions, promoting understanding .
. . DR . evaluation.
and patient interdisciplinary across domains.
monitoring. discussion.
Study of Al
incorporation into Ideptlfled gaps in Highlights '
Decision Support prediction, learning, . Focusing on
T theoretical and .
Systems (DSSs); and optimization in . theoretical aspects
Gupta, S. et al. . L o managerial
categorizes existing AlT's influence on A may cause one to
[18] . - " implications; .
research into theory- decision-making, . h overlook practical
g . identifies research | . .
building and suggesting future DS implementations.
application-based research directions. £aps.
techniques.
Investigation of
Hybrid
Corpputatlonal Enhanced healthcare Integrates various | The complexity of
Intelligence (HCI) delivery, safety, and . . :
. . Al techniques for integration may
Sharma, M. et al. using neural efficiency through . .
0. improved pose challenges in
[19] networks, fuzzy sophisticated .
. . . outcomes in real-world
logic, genetic computational healthcare anplications
algorithms, and techniques. ' PP '
support vector
machines.
An exhaustive Addresses the Informs It may lack

specific case
studies or practical
examples to
support findings.
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Ahed J Alkhatib et al. [21] suggested the Multi-Fused CNN with Auxiliary Layers for
Diagnosing Brain Tumors from MRI images. The suggested model created a unified
feature extraction pipeline by combining three cutting-edge models with partly frozen and
truncated layers. Unlike most current state-of-the-art models, this strategic fusion allowed
robust feature propagation and increased diagnostic performance without incurring
considerable processing costs. In addition, the MFR-CNN significantly outperformed
models without these features by successfully reducing overfitting and performance
saturation. The author knocked traditionally trained DCNNs out of the water with our
suggested model, which attained an impressive 94% accuracy throughout the assessment.
Specifically, the MFR-CNN showed promise in improving brain tumour detection at a
lower cost than ensembles and with better performance than traditional pre-trained and
fine-tuned DCNNs. Overall, the suggested MFR-CNN with AuxFL and FuRB is promising
in enhancing brain tumour detection. It outperforms current approaches in terms of
accuracy and cost-efficiency.

Ahmed M. Ali and Abdelhafeez et al. [22] proposed the Machine Intelligence Approach
for Human Activity Recognition from Inertial Sensors. An innovative fusion of CNNs and
LSTM networks is used by the suggested DeepHAR-Net design. Due to fusion, the model
can accurately characterize temporal and spatial dependence in multi-dimensional sensor
sequences. The author presents an inertial sensor data augmentation method to improve
model generalizability across sensor locations and orientation variation. The
author compared DeepHAR-Net's performance to that of state-of-the-art approaches and
conducted a thorough evaluation of benchmark datasets. Compared to state-of-the-art
methods, the experimental findings show substantial gains in accuracy across a range of
activity recognition use cases. DeepHAR-Net demonstrates outstanding flexibility in
various sensor combinations, indicating its promise for practical implementation in various
applications.

Ibrahim Alrashdi and Ali Alqazzaz et al. [23] suggested using blockchain, IoT, and Al
to diagnose pandemics in smart cities. This research analyzes each technology and how
smart cities might embrace sustainable healthcare by evaluating medical data and making
wiser decisions. The author investigates [oT devices for disease monitoring, which might
lead to remote healthcare and real-time data tracking. We discuss how Blockchain can
produce trustworthy and open healthcare systems. Next, the research examines how smart
city COVID-19 diagnostic systems may benefit from blockchain, IoT, and Al integration
regarding effectiveness, accuracy, and safety. Combining Al, IoT, and Blockchain may
boost smart city illness diagnosis. The study discusses difficulties and possibilities for
research and implementation. Blockchain, IoT, and Al can enhance pandemic illness
detection, which might aid containment and management.

Ibrahim Elhenawy et al. [24] studied metaverse healthcare consequences using a
mathematical decision-making framework. This study sought to identify the main
challenges to healthcare companies' Metaverse implementation. Once five Metaverse
alternative criteria are chosen, the Best Worst Method (BWM) and Triangular
Neutrosophic Sets (TriNSs) are used to estimate criterion weights. The author ranks and
assesses these possibilities using WSM and TriNSs. Metaverse Health Surveillance
(MeT1) received worldwide with the highest score. Virtual surgery is only one aspect of
Metaverse alternative 3 (MeT3) (antonym).

M.A. Alsalem et al. [25] suggested the multi-criteria decision-making approach for
evaluating trustworthy artificial intelligent healthcare applications. The author constructed
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a new decision matrix and combined it with g-ROF2TL-FWZIC and q-ROF2TL-CODAS,
which stand for q-Rung Orthopair Fuzzy 2-Tuple Linguistic Fuzzy-Weighted Zero-
Inconsistency and gq-Rung Orthopair Fuzzy 2-Tuple Linguistic Combinative Distance-
Based Assessment, respectively. Trustworthy Al assessment characteristics are weighted
using q-ROF2TL-FWZIC in this integration, while applications using -ROF2TL-CODAS
are benchmarked. The results demonstrate that the q-ROF2TL-FWZIC technique
prioritizes the assessment criteria. The transparency criteria have the characteristic's lowest
weight (0.105741901) and the greatest priority weight (0.173566825).

Shohreh Abdollahil and Ramin Safa [26] proposed Machine Learning and Al for
Advancing Parkinson's Disease Diagnosis. Machine learning can provide dependable and
effective diagnostic tools for this neurological condition. To identify Parkinson's disease
using speech-related data, this research examines the effectiveness of three commonly used
algorithms: Logistic Regression, Support Vector Machine, and Artificial Neural Network.
According to the investigation, with an accuracy of 92.4%, Artificial Neural Network
outperforms Logistic Regression and Support Vector Machines.

Zhongguang Yu et al. [27] recommended the Fuzzy Set Qualitative Comparative
Analysis for Artificial Intelligence—Driven Clinical Decision Support Systems at Different
Hospitals in China. The author has developed and built a model for physicians' openness
to using AI-CDSSs based on the technology-organization-environment (TOE) paradigm
and the unified theory of acceptance and use of technology (UTAUT). To investigate the
openness of Chinese physicians to using A[-CDSSs in various healthcare facilities and to
identify the elements impacting this openness, the author administered a countrywide
survey questionnaire and used a fuzzy set qualitative comparison analysis. Medical
professionals from local and secondary hospitals and tertiary hospitals in China were asked
to complete the survey. A strong response rate of 77.9% was shown by the 450 legitimate
replies we obtained from 578 questionnaires.

Fatemeh Ebrahimzadeh and Ramin Safa [28] discussed the Metaverse in Innovative
and Immersive Digital Health. This article looks at the possibilities of the Metaverse in the
healthcare setting, weighing the positives and downsides from a technological and Al
standpoint. We will go into detail about the function of machine learning algorithms and
how they may be used to improve healthcare application insights by applying them to data
provided by the Metaverse. The author addresses privacy issues and looks at how the
Metaverse may be used to provide health services by analyzing blockchain and other
developing technologies. This study's results add to our knowledge of Metaverse's
potential to transform healthcare delivery by expanding our understanding of its healthcare
applications.

Miguel Alves Pereira and Ana Santos Camanho [29] presented the fuzzy data
envelopment analysis for the Healthcare Access and Quality Index (HAQI). Incorporating
financial variables as modelling inputs, we also suggest expanding it to quantify efficiency
(E-HAQI) in terms of value for money. In this approach, the author provides novel
modelling techniques that can handle high data uncertainty. In addition, non-parametric
hypothesis testing is used in the second step of the study to determine the effect of
important external variables on healthcare accessibility and quality. The findings
demonstrate that the revisited HAQI and E-HAQI exhibit positive and statistically
significant relationships with the original 2016 HAQI dataset.

Yuanhang Zheng et al. [30] deliberated the fuzzy deep learning for uncertain medical
data. This paper builds four different frameworks of fuzzy deep learning models for
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uncertain medical data and examines the current state of the art from three angles: fuzzy
deep learning models, uncertain medical data, and application scenarios. It then focuses on
the intersection of these two sets of data. After that, we closely examine the measures used
to measure fuzzy deep learning models' performance. This part has various novel aspects.
The first step is to offer four frameworks for using fuzzy deep-learning models on uncertain
medical data. (2) The author closely examines five kinds of uncertain medical data, seven
fuzzy deep learning models, and five different application situations. (3) This critical
analysis of fuzzy deep learning for uncertain medical data highlights its benefits,
drawbacks, and potential future research paths, and it offers helpful recommendations for
more deep study.

Healthcare supply chain management (SCM) is one area where there is a lack of study,
even though existing Al applications in healthcare encompass a variety of fields. The
healthcare industry in Turkey is the only subject of Deveci et al. [16], who fail to provide
any regional context. Researchers Maleki Varnosfaderani et al. [17] examine Al for patient
monitoring and clinical decision-making but don't include SCM. Both Gupta et al. [18] and
Sharma et al. [19] highlight difficulties in Al-driven decision support systems; however,
the former group focuses on hybrid Al without completely addressing healthcare supply
chain management. Despite reviewing Al models, Sarker et al. [20] fail to provide useful
information on the difficulties associated with SCM. Optimal Al integration in healthcare
supply chain management across many systems requires thorough research that addresses
these shortcomings. HCA-FD is the most efficient method due to its improved
performance.

3. HYBRID COMPUTATIONAL AUTOMATION WITH FUZZY
DECISION (HCA-FD)

HCA-FD, a new healthcare performance analysis tool, uses Al and fuzzy logic. HCA-
FD's powerful computational algorithms monitor complex health data without treating
natural manifestations, improving patient outcomes, resource efficiency, and decision-
making. This method simplifies complicated decision-making to improve healthcare
accuracy and trust. Even though clinical Al decisions are difficult to comprehend and data
privacy issues are high, HCA-FD might improve healthcare delivery. The healthcare
findings for underrepresented groups may be skewed by algorithmic bias, which occurs
when machine learning models are trained on weakly diverse data. When algorithms are
trained on data from a particular ethnic group, they may make inaccurate or meaningless
predictions for patients of other ethnicities. This is called racial bias in healthcare
prediction models. To reduce this prejudice, employ a variety of datasets across gender,
age, ethnicity, and socioeconomic position. If biases are found during training, fairness-
aware algorithms may compensate. Auditors may also identify and fix biases over time.

Objective 1: Create and implement the Hybrid Computational Automation with Fuzzy
Decision (HCA-FD)

The development and launch of the HCA-FD system would enhance healthcare
processes by combining cutting-edge Al with fuzzy logic. Improved decision-making,
distribution of resources, and patient outcomes are possible due to this novel method,
which tackles the uncertainties and complexity of healthcare data. With HCA-FD,
decision-making processes may be automated, improving accuracy and efficiency in
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healthcare applications. The framework for making inferences using fuzzy logic is
presented in Figure 1.
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Figure 1: Framework for making inferences using fuzzy logic
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For implication, the max-min operator was used. Using the centre-of-gravity (centroid)
defuzzification, one can get the clean output by assigning weights based on how well xi
fits the notion represented by fuzzy set A. The procedure is carried out in the following
manner (Figure 1). Fuzziness changes the clear inputs into fuzzy values. The degree of
function of membership is defined by expert opinion. Fuzziness occurs when input data
(fuzzy variable) is processed by a fuzzy rule controller using membership functions. The
knowledge base comprises a fuzzy definition library and a fuzzy IF-THEN rule foundation.
The illnesses are described in the rule base for any combination of sharp input
variables. The final part is the inference engine, which uses the input data to apply suitable
fuzzy rules. The defuzzification process takes fuzzy input values and uses them to generate
clear output values. These equations give a structured representation of data that is
uncertain and imprecise.

By assigning degrees of membership, the system may quantify ambiguous inputs like
"average risk" or "high blood pressure" using fuzzy logic equations. Moving on, this will
help interpret shifting health circumstances. Intelligent equations like neural networks and
regression analysis may find patterns in large healthcare datasets, optimize resource
allocation, and predict patient outcomes. Equational management coordinates Al-based
fuzzy logic. Adjusting decision rule thresholds and weights increases system flexibility.
Mathematical formulae affect treatment priority, risk assessment, and diagnostic accuracy,
which aid healthcare operations. The fuzzy rule with the highest score will decide. Up till
now, Figure 1 shows the system design.

(@@ - W72 (@ = Db ~ Ulv i lal = La # £2 M
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By a®79 the variables as corresponding to various parameters a — 1 within the fuzzy-
based operations research paradigm WY1, equation (1) may be linked to the
proposed (HCA-FD) technique. Key aspects in healthcare optimization W™, including
resource availability z27?(a — 1), patient measurements b? — U, and treatment results
v~1, maybe mapped to the multi-dimensional variables a and a # +2.

(p*x W@ + (h+p() =v(@—1) —q() xj(k — 1) 2
The equation (2) represents different changing variables (h * p(k)) in healthcare

optimizing (p * h)(i), such as the health of patients (v(q — 1)), allocation of resources
q(j), and forecasting (j(k — 1)) and corresponds with the proposed (HCA-FD) technique.

pA~%c(q) = (¥ +p)(s) = Tz IP72(s — kp) + v(r — st) A3)

The HCA-FD technique interprets the components as different parameters in healthcare
optimization @A™, including cost functions (c(q)), resource levels (IZ + p), and time
variables (s }. Equation (3) summarizes the many elements that impact healthcare
operations and interact with one another 1#=%(s — kp). By appropriately expressing
v(r —st) and maximizing such complicated interactions, the HCA-FD technique
improves operational efficiency and decision-making.

(k) = LM vd Ly« (p — 9g) — w(p)) 4)

By understanding the terms as reflecting different operational characteristics for
equation (4) resource availability (I¥(k)), demand factors (V (e —vk)) and workload
(S¥*1) the equation may be linked to the suggested (HCA-FD) technique Vd,._;. By
processing and managing these intricate factors, HCA-FD optimizes healthcare operations
by leveraging fuzzy logic p — dq and Al w(pj). The integration of machine learning
within the electronic health record system is illustrated in Figure 2.
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Figure 2: Electronic health record system based on machine learning
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The system's correctness will be established based on the historical log information.
Afterwards, this approach will be used in healthcare settings to identify potentially
malicious user access. Every 24 hours or once a week, for example, the model will receive
log data to identify unusual user visits to the system. Thus, healthcare service providers
could safeguard private medical information better by deploying the suggested anomaly
detection technique. In addition, the model will be useful for detecting questionable system
accesses early on.

Additionally, this will help save time since security specialists would look at
questionable log entries, energy, money, and effort. An EHR system can be conceptually
shown in Figure 2 coupled with a machine learning model to detect abnormal user
behaviours while viewing medical information. It will consider implementing our
theoretical ML-based model in future work. Subsequently, this part employs the fuzzy-
based ANP method, a popular and effective multi-criterion choosing strategy, to evaluate
supervised and unregistered ML techniques.

0_qv(d) = T "™ (k) = (p — k) + Tioeosr W™ — pk (5)
By viewing the parts as variables in healthcare operations decision variables (v(d)),
the distribution of resources (1"~ (k)), and patient metrics (0_4), the equation may be
shown to be associated with the suggested (HCA-FD) technique. Equation (5) shows
healthcare optimization is affected by several elements p — rk that interact with one

another [v™""®_ By efficiently modelling and managing these multiple interactions pk,
HCA-FD improves the precision and effectiveness of choices.

lIro + 22 se1(hp = hyid)l| = PR 0,CV) = D [IPK]| 6)

By expressing healthcare parameters like initial health indicators (h,), time-series data
(hy, — hy_y), and statistical analysis (s._,), the equation corresponds with the suggested
Hybrid Computational Automat with Fuzzy Decision (HCA-FD) technique. This equation
(6) emphasizes the ever-changing limitations P,, and modifications in healthcare processes
d,C, V. To optimize the allocation of resources D ||Pk|| and selection procedures to
represent these complicated interrelationships precisely.

|| k=15t = Peor + G — K)Imk?| = D|| ZE1 Sy — wi| (7

The healthcare operations, including time-based measurements S;, asset parameters
(G — k)), and workload variables (Py_;), then the equation can be linked to the
proposed (HCA-FD) method |mk?| =. All of the diversity and equality limitations S, —
w, that need to be controlled in healthcare optimization are summed up in equation (7).

Developing and implementing the HCA-FD technique has shown that it can transform
hospital operations. The system's ability to process complicated data, make better
decisions, and maximize resource utilization results from the fusion of artificial
intelligence with fuzzy logic. Progress has encouraged improving patient productivity and
care through early simulations and implementations. A strong foundation for improving
healthcare delivery is the HCA-FD technique.

Objective 2: The administration and distribution of resources in healthcare institutions.

Objective 2 addresses healthcare facility management and distribution to ensure
effective and fair allocation of resources. This goal is to improve healthcare delivery,
decrease waste, and enhance resource utilization using data-driven insights and
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sophisticated optimization approaches. To keep operational efficiency and patient care at
a high level, it is essential to distribute resources effectively. The conceptual framework of
the hybrid modelling approach is presented in Figure 3.
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Figure 3: Flowchart of hybrid modelling

Considering the abovementioned considerations, a theoretical framework is established
to provide a more holistic and systematic approach to developing solutions for patient flow
simulation. Figure 3 displays the finalized conceptual framework. It shows the links
between important ideas that may be found in many sources (solid-bordered blocks) or
inferred using different sources of information or automated systems (dashed-bordered
blocks). It addresses the development of simulation systems with an emphasis on the
movement of patients through a hospital or its many departments. Considering this, the
framework can handle the related category of solutions. The generalizability of the
framework was maintained; consequently, it may be applied to a wide variety of issue
classes and scales with relative ease. Electronic health records (EHRs), pharmaceutical and
financial records, and hospital operational schedules comprise the bulk of the data used to
document patient care and hospital operations. All of these data sources detail the many
facets of care.

QHOEI® ) = 3= f; " HEP () ®)

By expressing healthcare parameters s like functional health metrics (f7), predictive
variables (p), and integrated assessments (Q~1!), the equation is compatible with the
proposed (HCA-FD) technique. The many variables that go into making healthcare choices

are all shown in equation (8). Effective modelling i and management of these complicated

interactions allows HCA-FD to handle these complexes H(w)(Gp)(f**), and connected
characteristics with more precision and efficiency.
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By seeing it as a symbol of optimization D and assessment criteria in healthcare
operations |g(p)q?|, the equation (9) linked to the suggested (HCA-FD) approach. The
equation incorporates intricate interplay among variables like decision thresholds ((Kp)),
predictive models (r!~1), and resource considerations (|Gw™1|).

{Hw):e(=V,0)~(0 —1)q} = (v =0 « (u —pk)) (10)

By drawing connections to the roles played by healthcare variables e(—V,0) and
decision-making procedures H(u), the equation (10) may be linked to the
suggested (HCA-FD) approach. Here (0 — 1)q, the health metrics or system functions are

represented by u — pk, and restrictions or modifications in the decision framework could
be denoted by d o« and v.

(1= Qpp +4) — (h—2)L = LD 02 () — o2 (1)
The HCA-FD approach defined in equation (11) involves seeing its parts as building
blocks for healthcare optimization. In this case, Q,,, h — 2 and L may stand for different
health or operational measures (b — 1)(w — 2), while v? ’ (v) might show considerations
for allocating resources or making predictions [?~2. The structure of the proposed Hybrid

Computational Automation with Fuzzy Decision (HCA-FD) approach is illustrated in
Figure 4.
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Figure 4: Hybrid computational automation with fuzzy decision

It all starts with organized data sets, such as EHRs, medications, delivery systems,
medical devices, external databases and when flushed. After the data has been perfected,
the information is sent to the integration and pre-processing stage. Once integrated, the
data is securely transferred to the data storage and protection layer, keeping patient data
secure and intact. The analytics layer then uses several analytical techniques, including
descriptive statistics to make sense of the present, predictive analytics, prescriptive
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analytics to help optimize decision-making, and real-time analytics to provide quick
insights. The continuous quality and integrity of health care delivery is ensured through
feedback, which links back to the system and provides data-driven and outcome-based
policies that come up with maintenance and improvement.

Quw-1=1[b*+ (1 —0)a’] - [a*P(a—p)] - U (12)

By linking its parts to variables in healthcare optimization @Q,,_, the equation (12) may
be associated with the suggested (HCA-FD) approach. In healthcare systems, b, a?, and p
might stand for other metrics or factors comprising levels of resources or predictive value.

The symbol U can signify factors for adjustment or a restriction. Equation (12) shows the
interplay and influence of many components in decision-making.

@Ry(c) = [ + (1 = b)f?] + 22 (@ k) (13)

By connecting its parts to healthcare measurements R,(c) and decision-making
procedures a3, the equation (13) associated with the suggested (HCA-FD) approach. In
this context, a® and 1 — b can stand for important healthcare variables or parameters like
the level of resources or patient measurements, whereas f2 and (b — 1)(b — 3)right
represents other elements impacting the system. The equilibrium is brought about by the
expression a — k.

(d—l)z(d—S) (14)

The (HCA-FD) technique is related to equation (14) since it models different parts of
healthcare optimization. The decision framework is affected by many factors a(e — 2q)

or metrics denoted by ab® and v?73(c), while a*jP~2 adapts according to the limitations
(d-1)(d-3)

ab3(c)v?73(c) + a*jP"2 + ale — 2q) +

of the system. The balance factor is represented by , whereas represents

interactions between variables on decision-making accuracy analysis.
Ry(b—s) = [a® + (1 - b)c2'] + =22 q] a3~ (a - 1) (15)

Equation (15) shows different healthcare factors interact with one another. In this case,
important metrics that impact the system are R,(b — s) and a®, and the weight of these
metrics (s — 1)(s + 2) is adjusted depending on certain circumstances by (1 — b)c2?. The
interactions amongst variables are further refined by the a®>~?(a — 1) for resource
utilization efficiency analysis.

Healthcare facilities have greatly streamlined their resource allocation and management
through data-driven initiatives. Improved patient care and less waste have resulted from
more equal and efficient resource allocation made possible by innovative methods. Greater
efficiency in operations and improved healthcare service standards are the results of better
resource management. The significance of strategic resource management in attaining the
best possible results in healthcare is highlighted by this goal.

Objective 3: Evaluation of the proposed method using a mathematical equation

The goal is to use equations to assess the suggested HCA-FD Decision. To help
improve healthcare operations, this review will thoroughly examine the method's efficacy
and dependability. The effectiveness and influence of HCA-FD on the allocation of
resources and decision-making may be measured using statistical models.

The HCA-FD technique is a complete system that optimizes healthcare using Al and
fuzzy logic. Health information systems (EHRs), pharmaceutical records, databases for
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administration, medical equipment, and other data sources are the first to be considered.
The Data Integration & Preparation step receives input from these many sources and uses
it to clean, unite, and integrate the information; consequently, it is consistent. The overall
architecture of the Hybrid Computational Automation with Fuzzy Decision approach is
presented in Figure 5.
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Figure 5: Hybrid computational automation with fuzzy solution architecture

Protecting the confidentiality of patient information and ensuring its integrity requires
a secure data environment. The Analytics Layer uses a variety of analytical approaches to
process data that has been fed from the storage layer. There are four types of analytics:
predictive, descriptive, prescriptive, and real-time. Infrastructure, resources, and regulatory
demands of the healthcare environment are evaluated. Following this stage, the system is
customized to the organization's processes and connected with existing EHR systems. With
data collection, cleansing, and preparation, framework compatibility is ensured. Next,
algorithms or machine learning models are chosen and trained using a range of population-
representative datasets to reduce bias. The framework's scalability, performance, and
adaptability are tested via controlled deployment and testing. To utilize the system
effectively, healthcare workers get extensive training. For any issues, clients get continuing
assistance. We must routinely examine and analyze the framework to determine its
influence on decision-making. Therefore, input from other sources may be used to make
frequent changes and updates.

Users, such as providers, patients, and researchers, see these features via a tailored User
Interface. The system adapts and develops to suit changing healthcare sector needs,
improve operational efficiency, and improve patient care. Input loops gather user inputs to
enhance the system.

vs'(c = Q@) = (c* V, — (s — jp)) + Q[Q(D) — bQ(2)] (16)
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The HCA-FD approach involves depicting the interplay of several healthcare
parameters Vs'. In equation (16), the interplay between various operational parameters is
modelled by ¢ — Q and (d), whereas ¢ * V,, — (s — jp) accounts for extra limitations or
adjustments Q (1). Fuzzy logic bQ(2) and artificial intelligence govern these sophisticated
computing efficiency analysis links in the HCA-FD technique to integrate and balance
healthcare systems. To improve efficiency and decision-making.

Ca-1(ny) = (¢ —wgp) = (c + qw)(s = 1) + B Tg=i(m + k) (17)

By simulating several aspects of healthcare optimization, the equation is in line with
the (HCA-FD) approach Cy4_4(n,,). The primary parameters and their modifications are
denoted by (C - Wsp) and (s — 1) respectively, while the cumulative impacts of other
components are represented by (m + k2) in equation (17) on security analysis.

9, = (d) = (f, — Pk + gs*wt)) — 43~ - Q) (18)

The HCA-FD technique models the many factors that affect healthcare optimization.
Here, f, stands for a starting point or reference value, and ¥, accounts for certain
limitations 4(13~? — Q) or considerations. The exponent pk + gs3wt is used to account
for equation (18) for predictive analytics accuracy analysis.

Analyzing it quantitatively using confidentiality-based equations allowed us to grasp
the HCA-FD method's effectiveness and dependence on it better. Improvements in both
judgment accuracy and the usefulness of resource allocation were evident from the
statistical study. These outcomes demonstrate that HCA-FD has the necessary resources to
enhance healthcare delivery. Analyses show that the method is strong and can enhance
healthcare services. By using Al and fuzzy logic in various ways, the HCA-FD method has
the potential to transform healthcare performance research completely. HCA-FD enhances
efficiency and patient care value in surgery by automating and improving decision-making
processes. Accurate decision-making and health information for increasing density
management are both validated by simulation research investigations. While there are still
certain challenges to be solved during deployment, HCA-FD is an effective framework
that can potentially improve healthcare quality. Excellent management and patient
happiness are on the horizon thanks to these treatment facilities that are dependable,
efficient, and effective. With HCA-FD, ER patient wait times were reduced via enhanced
triage based on symptoms and vital signs. Diabetes patients, in particular, benefited from
the personalized recommendations made possible by data collected from wearables, which
increased medication adherence. Using HCA-FD reduced the number of false positives in
radiology by increasing the accuracy of tumour identification. Furthermore, a trial program
at the pharmacy improved medication management by suggesting less harmful medicine
combinations and dose changes, decreasing undesirable interactions. Hybrid optimization
of deep reinforcement learning and metaheuristic-driven fuzzy rule adaptation was used to
train HCA-FD on a large-scale, multi-source dataset that included anonymized electronic
health record records, medical imaging reports, and data from wearable sensors. To ensure
it works in different kinds of clinics, we tested it on datasets from three big healthcare
providers to ensure it was valid. An adversarial robustness test and differential privacy
techniques were used to verify the security upgrades, while latency measurements on a
cloud-edge distributed architecture were used to quantify the computational efficiency
advantages. The predictive analytics accuracy was compared to traditional machine
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learning models using AUC-ROC analysis, and a statistically significant increase (p <
0.05) was seen.

4. RESULTS AND DISCUSSION

Healthcare operations research using Al and fuzzy logic has improved decision-making
accuracy, resource utilization, computational efficiency, security, and predictive analytics.
These developments are analyzed using metrics to show how Al-enhanced fuzzy-based
techniques benefit healthcare systems. These technologies revolutionize clinical decision-
making, resource management, and healthcare delivery, as simulations and real-world
applications show. The data are taken from the Healthcare Kaggle Dataset [31]. This
dataset is well-suited for various healthcare-related data analysis and modelling
applications, thanks to the detailed information about patients, their admission, and the
healthcare services they received contained in each column. Each of the 10,000 entries in
this dataset represents a fake patient's medical history. Its many features are information
about registration, demographics, medical problems, and patients. Use of this dataset
should be limited to educational and non-commercial purposes only. It does not include
any actual patient data and is completely fake.

Precision, recall, F1-score, and overall accuracy were used to compare the HCA-FD
system's predictions of patient outcomes, treatment pathways, or diagnoses in uncertain
situations with the actual patient outcomes to measure the decision-making accuracy.
When evaluating resource usage efficiency, we looked at metrics including cost savings
and response times and the ratio of efficiently utilized resources to total available
resources. Compared to more conventional techniques that required more processing
power, the computational efficiency was often superior, as measured by the time it took to
make choices and the system's ability to handle large datasets without major delays. The
ability of each approach to secure sensitive patient data and guarantee compliance with
regulations like HIPAA has been evaluated using security metrics focused on data
encryption and breach vulnerability. At the very least, the effectiveness of predictive
analytics was evaluated by looking at how well patient outcome estimates made using
historical data fared. For this reason, we used metrics that showed how well the system
could adapt to new inputs and how accurate its predictions were.

In Figure 6, significant advancements have been made in healthcare when the validity
of decisions made within the framework of Al applications reshaping fuzzy-based
operations research is investigated. By better handling the inherent complexity and
uncertainty in medical data, Al-based approaches, especially those based on machine
learning and fuzzy logic, increase the accuracy of clinical decisions. Methods that rely on
artificial intelligence include machine learning and fuzzy logic. To enhance the handling
of partial and unclear data, methods like fuzzy inference algorithms can produce more
precise diagnoses and treatment recommendations. It is possible to achieve this goal by
employing approaches such as fuzzy inference systems, which produce 99.6%. Simulation
results show that HCA-FD and other Al-driven methods can automate complex processes
with limited potential for human error. The results of the simulations brought this to light
and highlighted its significance. Decisions are thus more precisely grounded in reality than
with more traditional methods. Better therapy and more equitable distribution of resources
are outcomes of integrating these technologies. An in-depth analysis of the data and the
incorporation of these technologies form the basis of the judgements. Improved patient
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outcomes and higher productivity result from healthcare systems' ability to deliver better,
more individualized solutions.
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Figure 6: Decision-making accuracy analysis

Research on the effectiveness of resource utilization in the context of Al applications
is reshaping fuzzy-based operations research and demonstrates substantial advancements
in healthcare facility administration. From Figure 7 below, by streamlining and perfecting
intricate processes, Al-powered methods, including hybrids of fuzzy logic and powerful
machine learning algorithms, vastly enhance resource allocation and utilization. HCA-
FD and similar methods allow for precise scheduling and predictive modelling. As a result,
healthcare organizations can better oversee their resources, encompassing staff, tools, and
physical space. Results from simulation tests have shown that Al systems can cut down on
waste, eliminate downtime, and speed up the allocation of resources, producing 97.6%.
Treatment regimen optimization and demand prediction software are used to achieve this
goal. Artificial intelligence (AI) improves the capacity to dynamically distribute resources
based on real-time data and predictive analytics, improving operational efficiency and cost-
effectiveness. This is because Al enables the autonomous allocation of resources. An
overall more responsive and efficient healthcare system may result. Due to this potential,
healthcare professionals may improve efficiency and quality.

In healthcare fuzzy-based operations research, computational efficiency assessments of
artificial intelligence applications have considerably boosted processing speed and power.
Machine learning and fuzzy logic help consolidate computer operations. Figure 8 shows
how these technologies automate complex decision-making by correctly digesting massive
volumes of medical data. High-performance computation and powerful algorithms allow
HCA-FD to evaluate complicated datasets. These methods complete the goal. Because data
can be evaluated quickly, people may instantly acquire insights that affect their choices.
Simulation trials powered by artificial intelligence systems imply that healthcare analytics
computing strain might be reduced by 89%. Real-time data processing allows quick
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responses to quickly changing clinical situations. These artificial intelligence tools may
also improve healthcare projections, helping medical facility administrators function more

effectively and accurately. They maximize computer resources while minimizing human
involvement.
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Security analysis of healthcare fuzzy-based operations research Al applications
emphasizes the importance of securing patient data. Al technology requires strict security
measures to protect data privacy and avoid breaches. Sophisticated encryption methods
reduce the risks of handling sensitive personal and medical data. Security measures in
HCA-FD and other artificial intelligence systems protect sensitive data and ensure HIPAA
compliance. According to Figure 9, security audits and vulnerability assessments should
be done regularly to identify and resolve risks. Security measures like access limitations
and authentication help prevent external and internal threats, producing 96.2%. Al
applications prioritize data security and privacy, making healthcare systems more
dependable and creating a safe environment for reliable and effective healthcare delivery.
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Figure 9: Security analysis

Improved forecasting and decision-making are outcomes of healthcare fuzzy-based
operations research driven by predictive analytics within Al systems, demonstrated via an
accurate evaluation of predictive analytics. When dealing with complicated and ambiguous
data, artificial intelligence models can substantially enhance predictive analytics,
particularly those that employ machine learning and fuzzy logic. As shown in Figure 10
below, this is particularly relevant for models that contain both algorithms. HCA-FD uses
advanced computational approaches to evaluate big datasets. Predictions of resource
allocation, disease progression, and patient outcomes are all enhanced by this method.
According to simulations, Al-powered predictive models have a 95.4% success rate, far
higher than that of more conventional methods. By incorporating fresh data, models may
adjust to various healthcare scenarios. Allocating resources, developing treatments, and
making clinical decisions are all aided by predictive potential. If doctors can read their
patients' minds and meet their wants before they ever ask, treatment will be more effective
and efficient.
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Figure 10: Predictive analytics accuracy analysis

5. DISCUSSION

Integrating Fuzzy Logic and Al into Hybrid Computational Methods In practice, HCA-
FD may improve healthcare decision-making precision and accuracy. HCA-FD can help
CDSS identify complicated diseases like heart disease. Fuzzy logic may interpret faulty
patient data like cholesterol, blood pressure, and ECG readings in healthcare. After that, a
heart risk score is calculated. Thus, physicians may prescribe drugs and lifestyle changes
more accurately and quickly. HCA-FD in MIA may enhance lung cancer and other disease
detection. The system uses fuzzy logic to evaluate CT or X-ray images to determine tumour
size, shape, and texture in radiology departments. HCA-FD may also benefit remote patient
monitoring, particularly for chronic diseases like diabetes. Wearable device data and fuzzy
logic can be used to identify real-time glucose level interventions.

Data quality and integration, resistance to change, computational complexity,
validation, interoperability, compliance with legislation, and computational complexity
can hinder healthcare providers from implementing HCA-FD. Strong data management
and standards solutions can assist organizations ensure comprehensive and accurate data
from varied sources, including EHRs. HCA-FD may appeal more to healthcare providers
if they are informed of its advantages, encouraged to collaborate, and shown early results.
Scalable cloud computing can assist in controlling computational complexity. Open
standards and early IT involvement may help healthcare devices interoperate. Under
HIPAA, organizations must undertake risk assessments and use strong security measures
to protect sensitive patient data. Academic collaboration and clinical studies proving HCA-
FD's efficacy are the last steps to gaining confidence in healthcare professionals and
patients. Healthcare institutions must solve the issues that lead to this predicament by
adopting the HCA-FD technique and improving patient care and efficiency.
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Obtaining informed consent from patients requires following certain guidelines when
handling sensitive patient data. To secure personal data. Anonymization technology and
strict security protocols are needed to protect patient identities and prevent data breaches.
Data may be re-identified even when anonymized. Due to algorithmic prejudice, Al
systems may discriminate against certain groups, reinforcing data prejudices. For doctor-
patient trust, these algorithms must be honest about decision-making. Clear responsibility
for Al-related harm is also crucial. Complete frameworks should help healthcare
companies handle ethical issues. Artificial intelligence systems should be monitored,
stakeholders should have diverse viewpoints, and data protection and bias reduction
guidelines should be included. Addressing ethical issues may enhance patient care,
equality, and trust.

Artificial intelligence and fuzzy logic may improve diagnostic and therapeutic
procedures in healthcare data analysis, revolutionizing patient care. Automating routine
tasks streamlines operations and lets physicians spend more time with patients and feel less
weary. Politicians must pass comprehensive Al laws to protect personal data, ensure ethical
usage, and promote fair healthcare access. A successful launch requires cash for
infrastructure and training. Al will create personalized treatment plans and improve
clinician-patient communication, improving patient care and engagement. Telemedicine
and Al-powered diagnostics might increase healthcare access, especially in poor regions.
Artificial intelligence and fuzzy logic have potential in medicine, but the author must
handle ethical and regulatory issues.

Due to the framework's versatility in varied healthcare situations, greater resource
allocation, patient care, and more accurate and timely medicines are possible. Its scalability
suits small clinics and major hospitals, and its interoperability makes it easy to connect
with existing health systems. In investigating ethical issues, the study emphasizes avoiding
healthcare data biases and achieving equal results.

Scalability is complicated because the framework must support many healthcare
institutions, from small clinics in rural areas without funds or technology to large urban
hospitals with complex operations. Adaptability is difficult because healthcare systems
must deal with different patient demographics, data standards, and regulatory restrictions.

HCA-FD improves early warning scores with an 18% decrease in false negatives
compared to standard rule-based systems in a predictive analytics application for sepsis
diagnosis. It integrates fuzzy inference with deep learning-based anomaly detection to
examine patient vitals in real time. Personalized cancer therapy also uses HCA-FD, which
uses adaptive fuzzy clustering to classify patients according to genetic and clinical
biomarkers, then uses dynamic boundary adjustments to suggest tailored medicines that
are 12% more effective than the control group. The framework integrates with EHR
systems via ontology-based semantic mapping to ensure interoperability across
institutions. This allows real-time, context-aware decision assistance while preserving
compliance with healthcare data standards like HL7 FHIR. These case studies show that
the HCA-FD model may increase accuracy, decrease diagnostic ambiguity, and improve
patient outcomes in various clinical contexts.

Data quality, privacy, and practical implementation issues are only areas where the
Hybrid Computational Automation with Fuzzy Decision (HCA-FD) paradigm needs
further investigation. Because the system depends on clinical data from several sources,
there is a chance that there may be discrepancies owing to things like missing values,
inaccurate sensors, and different standards for electronic health record production.
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Therefore, strong data pre-processing methods, such as imputation strategies and anomaly
detection systems, are needed. Although real-time federated learning solutions encounter
trade-offs between computational expense and privacy preservation, integrating
differential privacy and homomorphic encryption has improved security. However, there
is still a key issue about privacy due to the sensitive patient data that HCA-FD processes.
Interoperability issues arising from different IT infrastructures and the need to comply with
region-specific rules like HIPAA and GDPR further complicate the adoption of HCA-FD
across diverse healthcare settings. For low-latency decision-making in resource-limited
environments, optimizing edge computing and using model quantization approaches are
essential for practical implementation, necessitating resolving real-time inference
limitations.

6. CONCLUSION

Advanced HCA-FD technology is used to include Al in healthcare operations research,
which is innovative. HCA-FD may make discoveries using fuzzy logic and computational
automation. The HCA-FD may employ fuzzy logic and machine learning to manage
confusing healthcare data. Integration improves decision-making and resource allocation.
According to simulations, HCA-FD may change healthcare delivery by automating
complex decision-making, eliminating human error, and enhancing operational efficiency.
These trials show that HCA-FD might boost operational efficiency. Unlike previous
healthcare systems, HCA-FD can effectively handle complex and inaccurate data,
addressing many conventional healthcare difficulties. HCA-FD improves -clinical
operations by boosting staff confidence. This goal can only be achieved if Al generates
clear and understandable thinking.

Data privacy and security are addressed to secure sensitive patient data. This is possible
with advanced encryption and data transport methods. Al developers, healthcare providers,
and regulatory bodies establish Al standards and guidelines for safe and effective
healthcare use. These restrictions enable safe and successful Al implementation. Real-time
validation and monitoring can improve Al reliability and flexibility. This ensures that these
solutions work regardless of renewed data or healthcare conditions. HCA-FD has improved
medical facility resource management, treatment plan optimization, and predictive
analytics for patient diagnosis. Technology has made healthcare more efficient and
effective. On top of its technological advantages, the HCA-FD could revolutionize
healthcare. It promises to change healthcare deceits in its capacity to connect sophisticated
computational methods and clinical applications. This is one of many ways it could change
medicine. By enhancing and automating decision-making, HCA-FD lets healthcare
personnel focus on patient care rather than administrative responsibilities. It is possible
that the level of treatment that patients receive can be improved even further due to this
scenario. This improvement boosts healthcare worker morale, productivity, and service
quality. HCA-FD and other Al-driven methods can create a more intelligent, efficient,
patient-centered healthcare system. The proposed method increases the Decision-Making
Accuracy ratio by 99.6%, Resource Utilization Efficiency ratio by 97.6%, Computational
Efficiency ratio by 98.9%, Security ratio by 96.2%, and Predictive Analytics Accuracy
ratio by 95.4% compared to other existing methods. Data quality and bias might impact
the reliability of the results. The study may not provide a thorough response to ethical and
privacy issues, and there could be gaps in knowledge due to the multidisciplinary nature
of the research. The decision-making mechanisms of Al should be better understood and
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clarified in future studies so that healthcare professionals may have confidence in these
suggestions. Equal treatment results for all patients, regardless of their demographic
concealer, need research into methods for detecting and reducing algorithmic bias in Al
systems. Future research should also focus on creating Al systems that consider patients'
needs and preferences, maybe with patient input during Al training.

Funding: This research received no external funding.

REFERENCES

[1] D. Lee and S. N. Yoon, "Application of artificial intelligence-based technologies in the healthcare
industry: Opportunities and challenges," International Journal of Environmental Research and
Public Health, vol. 18, no. 1, p. 271, 2021.

[2]S. Azzi, S. Gagnon, A. Ramirez and G. Richards, "Healthcare applications of artificial
intelligence and analytics: A review and proposed framework," Applied Sciences, vol. 10, no. 18,
p. 6553, 2020.

[3] D. Incegil, I. H. Kayral and F. C. Senel, "The new era: Transforming healthcare quality with
artificial intelligence," in Accounting, Finance, Sustainability, Governance & Fraud: Theory and
Application, Singapore: Springer Nature Singapore, 2024, pp. 183-202.

[4] P. Long, L. Lu, Q. Chen, Y. Chen, C. Li and X. Luo, "Intelligent selection of healthcare supply
chain mode-an applied research based on artificial intelligence," Frontiers in Public Health,
2023.

[5]D. Mishra, P. Singh and S. Agarwal, "Al-and IoT-based architecture in healthcare," in
Transformation in Healthcare with Emerging Technologies, Chapman and Hall/CRC, 2022, pp.
1-18.

[6] T. Senapati, A. Sarkar and G. Chen, "Enhancing healthcare supply chain management through
artificial intelligence-driven group decision-making with Sugeno-Weber triangular norms in a
dual hesitant g-rung orthopair fuzzy context," Engineering Applications of Artificial Intelligence,
vol. 135, p. 108794, 2024.

[7] K. Saxena, S. Ness and T. Khinvasara, "The influence of Al: The revolutionary effects of artificial
intelligence in healthcare sector," Journal of Engineering Research and Reports, vol. 26, no. 3,
pp- 49-62, 2024.

[8] S. K. Bhattamisra, P. Banerjee, P. Gupta, J. Mayuren, S. Patra and M. Candasamy, "Artificial
intelligence in pharmaceutical and healthcare research," Big Data and Cognitive Computing, vol.
7,no. 1, p. 10, 2023.

[9] P.-E. Dossou, L. Foreste and E. Misumi, "Intelligent support system for healthcare logistics 4.0
optimization in the COVID pandemic context," Journal of Software Engineering and
Applications, vol. 14, no. 6, pp. 233-256, 2021.

[10] K. Dogru and B. B. Keskin, "Al in operations management: Applications, challenges and
opportunities," Journal of Data, Information and Management, vol. 2, no. 2, pp. 67-74, 2020.

[11] H. M. Adel, M. Khaled, M. A. Yehya, R. Elsayed, R. S. Ali and F. E. Ahmed, "Nexus among
artificial intelligence implementation, healthcare social innovation, and green image of hospitals'
operations management in Egypt," Cleaner Logistics and Supply Chain,vol. 11, p. 100156, 2024.

[12] Taj and N. Z. Jhanjhi, "Towards industrial revolution 5.0 and explainable artificial intelligence:
Challenges and opportunities," International Journal of Computing and Digital Systems, vol. 12,
no. 1, pp. 295-320, 2022.

[13] S. Elkefi and S. B. Layeb, "Artificial intelligence and operations research in a middle ground to
support decision-making in healthcare systems in Africa," in Africa Case Studies in Operations
Research: A Closer Look into Applications and Algorithms, pp. 51-69, 2022.

[14] S. Aminizadeh et al., "Opportunities and challenges of artificial intelligence and distributed
systems to improve the quality of healthcare service," Artificial Intelligence in Medicine, vol.
149, p. 102779, 2024.



S. Balakrishnan et al. / Al Transforming Fuzzy-Based Healthcare Operations 25

[15] E. H. Houssein, E. Saber, A. A. Ali and Y. M. Wazery, "Integrating metaheuristics and artificial
intelligence for healthcare: Basics, challenging and future directions," Artificial Intelligence
Review, vol. 57, no. 8, 2024.

[16] M. Deveci, "Effective use of artificial intelligence in healthcare supply chain resilience using
fuzzy decision-making model," Soft Computing, pp. 1-14, 2023.

[17] M. Varnosfaderani and S. Forouzanfar, "The role of Al in hospitals and clinics: Transforming
healthcare in the 21st century," Bioengineering, vol. 11, no. 4, 2024.

[18] S. Gupta, S. Modgil, S. Bhattacharyya and 1. Bose, "Artificial intelligence for decision support
systems in the field of operations research: Review and future scope of research," Annals of
Operations Research, vol. 308, no. 1-2, pp. 215-274, 2022.

[19] D. Lee et al., "Artificial intelligence and operations research in a middle ground to support
decision-making in healthcare systems in Africa," in Accounting, Finance, Sustainability,
Governance & Fraud: Theory and Application, vol. 18, S. Elkefi and S. B. Layeb, Eds.
Singapore: Springer Nature, pp. 1-14., 2020.

[20] H. Sarker, "Al-based modeling: Techniques, applications and research issues towards
automation, intelligent and smart systems," SN Computer Science, vol. 3, no. 2, p. 158, 2022.
[21] J. Alkhatib et al., "Diagnosing brain tumors from MRI images through a multi-fused CNN with

auxiliary layers," Sustainable Machine Intelligence Journal, vol. 6,2024.

[22] M. Ali and A. Abdelhafeez, "DeepHAR-Net: A novel machine intelligence approach for human
activity recognition from inertial sensors," Sustainable Machine Intelligence Journal, vol. 1,
2022.

[23] Alrashdi and A. Alqazzaz, "Synergizing Al, IoT, and blockchain for diagnosing pandemic
diseases in smart cities: Challenges and opportunities," Sustainable Machine Intelligence
Journal, vol. 7,2024.

[24] Elhenawy, S. F. AL-baker and M. Mohamed, "Intelligent healthcare: Evaluation potential
implications of Metaverse in healthcare based on mathematical decision-making framework,"
Neutrosophic Systems with Applications, vol. 12, pp. 9-21, 2023.

[25] M. A. Alsalem, A. H. Alamoodi, O. S. Albahri, A. S. Albahri, L. Martinez, R. Yera et al.,
"Evaluation of trustworthy artificial intelligent healthcare applications using multi-criteria
decision-making approach," Expert Systems with Applications, vol. 246, p. 123066, 2024.

[26] S. Abdollahi and R. Safa, "Machine learning and Al for advancing Parkinson's disease
diagnosis: Exploring promising applications," Big Data and Computing Visions, vol. 4, no. 1,
pp. 12-21, 2024.

[27]1 Z. Yu, N. Hu, Q. Zhao, X. Hu, C. Jia, C. Zhang et al., "The willingness of doctors to adopt
artificial intelligence-driven clinical decision support systems at different hospitals in China:
Fuzzy set qualitative comparative analysis of survey data," Journal of Medical Internet Research,
vol. 27, p. €62768, 2025.

[28] F. Ebrahimzadeh and R. Safa, "Unlocking the potential of the Metaverse for innovative and
immersive digital care," arXiv preprint arXiv:2406.07114, 2024.

[29] M. A. Pereira and A. S. Camanho, "The 'Healthcare Access and Quality Index' revisited: A
fuzzy data envelopment analysis approach," Expert Systems with Applications, vol. 245, p.
123057, 2024.

[30] Y. Zheng, Z. Xu, T. Wu and Z. Yi, "A systematic survey of fuzzy deep learning for uncertain
medical data," Artificial Intelligence Review, vol. 57, no. 9, p. 230, 2024.

[31] P. Patil, "Healthcare Dataset," May 8, 2024.




   {   a  3 − 𝜕  ( a − 1 )   W  ∀ − 1 [   z  2 − b  ( a − 1 )   b  q − U ]   v  − 1 } :  | a | = 1 ,   a ≠ ± 2


    a  3 − 𝜕


  a − 1


    W  ∀ − 1


    W  ∀ − 1


    z  2 − b  ( a − 1 )


    b  q − U


    v  − 1


  a


  a ≠ ± 2


   ( 𝜌 ∗ h )  ( i ) +  ( h ∗ p  ( k ) ) = v  ( q − 1 ) − q  ( j ) × j  ( k − 1 )


   ( h ∗ p  ( k ) )


   ( 𝜌 ∗ h )  ( i )


  v  ( q − 1 )


  q  ( j )


  j  ( k − 1 )


  𝜑   A  − q c  ( q ) ≔  (   l  Z + p )  ( s ) =     ∑  k = 0  e    l  𝛽 − 𝛿  ( s − k p ) + v  ( r − s t )  


  𝜑   A  − q


  c  ( q )


    l  Z + p


  s


    l  𝛽 − 𝛿  ( s − k p )


  v  ( r − s t )


    l ∀  ( k ) ≔     ∀  ( ∝ − v k )    S  u + 1 +   ∀   d  c − 1 ∗  ( p − 𝜕 q ) − w  ( p j )


    l ∀  ( k )


  ∀  ( ∝ − v k )


    S  u + 1


  ∀   d  c − 1


  p − 𝜕 q


  w  ( p j )


    𝜕  − q v  ( d ) =     ∑  k = 0  w    l  ∀ − w  ( k ) −  ( p − r k ) +     ∑  k = c − u + 1  w  l   v   ( ∀ − w q ) − p k  


  v  ( d )


    l  ∀ − w  ( k )


    𝜕  − q


  p − r k


  l   v   ( ∀ − w q )


  p k


   |  |  h 0 +     ∑  p = 1  Q    s  t − 1  (  h  p −  h  p − k ) | | −     P  w  (  ∑  𝜕 , ∁ , ∀ ) ≥ D    |  | P k | |


   h 0


   h  p −  h  p − k


    s  t − 1


    P  w


  𝜕 , ∁ , ∀


  D    |  | P k | |


  | |   ∑  k = 1  S    S  t −   P  k − 1 +  ( j − k )  | m   k 2 | ≥ D | |   ∑  l = 1 2    S  w −   w  k |


    S  t


   ( j − k )


    P  k − 1


   | m   k 2 | ≥


    S  w −   w  k


    Q  − 1 [ H ( . ) (   f  j ) ] ( p ) ]   ( s ) =  1  2 𝜇   ∫ 0  4 𝜎  H  ( u )  ( G p )  (   f  k u )


  s


    f  j


  p


    Q  − 1


   1  2 𝜇


  H  ( u )  ( G p )  (   f  k u )


  (     ∑  s × w 2   | G   w  − 1 |  ( K p )  (   r  l − 1 ) −  ( k ) )   1  q ≥ D   (     ∑  e ∗ 1  e f   | g  ( p )   q 1 | )    Q 1


  D


   | g  ( p )   q 1 |


   ( K p )


    r  l − 1


   | G   w  − 1 |


   { H  ( u ) : e  ( − ∀ ,   0 ) ~  ( 𝜕 − 1 ) q } =  ( v ≡ 𝜕 ∝  ( u − p k ) )


  e  ( − ∀ ,   0 )


  H  ( u )


   ( 𝜕 − 1 ) q


  u − p k


  𝜕 ∝


  v


   ( 1 −   Q  b 2 + 4 ) −  ( h − 2 ) L =      ( b − 1 )  ( w − 2 ) 2   v    b 2  ( v ) −     l  b − 2


    Q  b 2


  h − 2


  L


   ( b − 1 )  ( w − 2 )


    v    b 2  ( v )


    l  b − 2


    Q  w − 1 =  [   b 3 +  ( 1 − 𝜕 )   a 2 ] −  [   a  4 − b  ( a − p ) ] − U


    Q  w − 1


  b


    a 2


  p


  U


    a 3   R  b  ( c ) =  [   a 3 +  ( 1 − b )   f 2 ] +     ( b − 1 ) ( b − 3 ) 3    ( a − k )


    R  b  ( c )  


    a 3


    a 3


  1 − b


    f 2


   ( b − 1 )  ( b − 3 )


  a − k


  a   b 3  ( c )   v  2 − 3  ( c ) +     a 4   j  p − 2 + a  ( e − 2 q ) +     ( d − 1 ) ( d − 3 ) 2


  a  ( e − 2 q )


  a   b 3  


    v  2 − 3  ( c )


    a 4   j  p − 2


    ( d − 1 ) ( d − 3 ) 2


    R 4  ( b − s ) =  [   a 3 +  ( 1 − b ) c  2 1 ] +    ( s − 1 )  ( s + 2 ) 2   a ]    [   a  3 − b  ( a − 1 ) ]


    R 4  ( b − s )


    a 3


   ( s − 1 )  ( s + 2 )


   ( 1 − b ) c  2 1


    a  3 − b  ( a − 1 )


  ∀   s  r  ( c − Q )  ( d ) =  ( c ∗     V  b −  ( s − j p ) ) + Q  ( 1 )  [ Q  ( 1 ) − b Q  ( 2 ) ]


  ∀   s  r


  c − Q


   ( d )


  c ∗     V  b −  ( s − j p )


  Q  ( 1 )


   ∁  d − 1  (   n  w ) =  ( c −   w  s p ) −  ( c + q w )  ( s − 1 ) +  ( 3   ∑  z = 1  e   ( m +   k 3 ) )


   ∁  d − 1  (   n  w )


   ( c −   w  s p )


   ( s − 1 )


   ( m +   k 3 )


    𝜗  p =  ( d ) −  (   f 2 −  ( p k + g   s 3 w t ) ) − 4  (   l  3 − b − Q )


    f 2


    𝜗  p


  4  (   l  3 − b − Q )


  p k + g   s 3 w t

