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Abstract—Ambiguity in modern healthcare often arises from
the intrinsic imprecision of human communication, a challenge
intensified by the vulnerability of patients. This paper presents
a holistic framework for managing communication-driven
ambiguity across the entire medical continuum, from the
training of future clinicians to patient care and post-treatment
monitoring. By integrating the learning capabilities of Neural
Networks with the interpretability and uncertainty-handling
strengths of Fuzzy Logic, Neuro-Fuzzy Systems offer a robust
and trustworthy means of modeling human-like approximate
reasoning for medical intelligence. The major relevant novelty
introduced by this article is the treatment of human
communication ambiguity as a primary modeling target, in
contrast to conventional neuro-fuzzy applications focused
mainly on physiological or structured data. Through a domain-
specific handling of linguistic expressions—including
subjective student self-assessment and patient-reported
outcomes containing hedges such as slightly or very—the
approach unifies cognitive, aleatoric, and communication
uncertainty. Interpretable Neuro-Fuzzy models are applied to
calibrate metacognitive judgments, integrate ambiguous
narratives with Internet-of-Medical-Things (IoMT) data, and
support clinical decisions, enabling more trustworthy, patient-
centered systems.

Keywords-Adaptive  Neuro-Fuzzy  Inference  System;
Ambiguity; Artificial Intelligence, Deep Learning, Holistic
Healthcare; Internet of Medical Things.

I. INTRODUCTION

A.  Context

The medical field is wundergoing a profound
transformation driven by advancements in genomics, high-
resolution imaging, and ubiquitous monitoring enabled by
the Internet of Medical Things (IoMT) [1]. The proliferation
of heterogeneous data requires advanced computational tools
capable of supporting a shift from reactive interventions to
proactive and personalized medicine. Central to this
evolution is the development of robust Artificial Intelligence
(AI) systems that can effectively assist clinical decision-
making and administrative processes.

However, the performance of purely data-driven models,
such as Deep Learning, is often limited by the intrinsic
complexity of medical reality. Unlike well-structured
computational problems, medicine is characterized by
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uncertainties that do not conform to crisp or binary
classifications [2]. A fundamental challenge arises from the
epistemological gap between the deterministic nature of
conventional algorithms and the inherent indeterminacy of
biological systems and human communication. Expert
clinicians routinely synthesize imperfect, incomplete
information—which is filtered through years of subjective
experience—in a process that is fundamentally non-linear
and tolerant of partial truths.

These uncertainties can be broadly categorized into two
key types, each requiring distinct computational treatments:

e  Aleatoric Uncertainty (Data Noise): Originates from
randomness in data acquisition, such as sensor noise,
imprecise  biological measurements, and the
subjective or vague manner in which patients
describe symptoms or well-being. Aleatoric
uncertainty is irreducible and must be quantified and
propagated through the model.

e Epistemic Uncertainty (Model or Cognitive
Uncertainty): Arises from gaps in knowledge,
ambiguity in human reasoning, and the subjective
nature of cognitive states—for example, a medical
student’s self-assessed readiness or a clinician’s
degree of diagnostic confidence. Epistemic
uncertainty is potentially reducible through
additional data or improved model structure. The
inadequacy of traditional crisp logic to represent
linguistic expressions like “slightly elevated” or
“moderate pain” illustrates this challenge.

Successful Al integration into clinical workflows,
therefore, requires models that address both types of
uncertainty not merely through probabilistic methods, but
through transparent mechanisms that emulate human-like
approximate reasoning.

B.  The Holistic Healthcare Lifecycle

To effectively support the wide range of Al applications
in healthcare, an agentic Al-based platform must operate
holistically across the entire healthcare lifecycle, depicted in
Figure = 1—Training,  Diagnosis,  Treatment, and
Monitoring—through reusable, intelligent components.
Current Al systems are typically siloed, focusing on isolated
phases (e.g., imaging for diagnosis or anomaly detection for
monitoring), which creates discontinuities within the
intelligence pipeline.
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Figure 1. Holistic Healthcare Lifecycle.

This article argues that the successful integration of Al
into this high-stakes ecosystem depends on its ability to
explicitly model and manage ambiguity. A robust system
must treat medical knowledge as a continuum rather than as
a set of rigid boundaries. For example, assessing a patient’s
temperature requires determining its degree of membership
in both the “Normal” and “Slightly Elevated” ranges, rather
than forcing it into a single, arbitrary category. Similarly,
interpreting “moderate pain” as a fuzzy set instead of a
precise numerical value—or aligning a student’s ‘“high
confidence” with actual performance risk—can significantly
enhance trust and reliability. Such a holistic framework
demands a system that is both adaptive to evolving data
(learning) and interpretable to human users (reasoning).

C. Neuro-Fuzzy Systems (NFS) as a Solution

Neuro-Fuzzy Systems (NFS) constitute a powerful class
of Hybrid Intelligent Systems (HIS) that combine the
strengths of Artificial Neural Networks (ANNs) and Fuzzy
Logic (FL) while mitigating their respective limitations.

A comparison of ANNs and FL characteristics is shown
in Table I.

TABLE L. ANNS AND FL. COMPARISON
. NFS
Paradigm Strength Weakness Contribution
Strong learning Black-box Provides
capacity, pattern | behavior, lack of adaptive
recognition, interpretability, learning by
ANNs . . : .S
non-linear limited handling optimizing
function of linguistic parameters
approximation knowledge from data
Effective Requires expert-
handling of de f('}ne d P Provides an
ambiguity, interpretable
FL LT parameters,
linguistic L . rule-based
. . limited learning
modeling, high abilit structure
interpretability y

The synergy between these paradigms enables NFS to
learn optimal parameters (e.g., membership function shapes
and rule consequences) from data while preserving an
interpretable, human-readable rule base for inference. This
inherent transparency satisfies the growing demand for
Explainable Al (XAI) in safety-critical domains such as
healthcare [3].

Two conceptually related use cases presented in this
article demonstrate how NFS can effectively manage
ambiguity in both human learning and doctor—patient
communication.

II. NEURO-FUZZY ALGORITHMS: THE
ARCHITECTURAL CORE

A. Foundations of Fuzzy Logic (FL): Handling Ambiguity

Fuzzy Logic, introduced by Zadeh [4] in the 1960s,
provides the conceptual and mathematical framework
required to model imprecision and gradual transitions in
real-world phenomena. In classical set theory, an element x
either belongs to a set 4 or it does not, i.e., pa(x) € {0,1}

Fuzzy Logic extends this formulation, allowing elements
to possess a degree of membership in a set. This degree is
encoded by the membership function p,(x), which maps
each element x € X to a continuous value in the interval [0,
1].

For the linguistic variable Pain Level, Gaussian
membership functions are commonly employed due to their
smooth differentiability, which is advantageous for the
ANN training stage in ANFIS architectures. A Gaussian
membership function is defined by its center ¢ and width
(standard deviation) o:

pa(z) = exp (—; (m ; C>2> (1)

The Fuzzy Rule Base formalizes the
mechanism using linguistic variables.

The standard, generalized Mamdani-type rule involving
multiple inputs (x;, x2, ..., x») and a single output (y) can be
written as:

inference

IF x;is A1 AND x2is A2 AND... AND x, is 4, THEN y is B

where:

® X5 X2, ..., Xn are the input linguistic variables (the
system's measured inputs).

o A;, As .., An are the antecedent fuzzy sets
(linguistic terms like small, medium, hot, fast) that
define the state of the input variables.

e y is the output linguistic variable (the system's
control action or decision).

e B is the consequent fuzzy set (linguistic terms like
increase, stop, high, low) that defines the desired
output.

e AND is the fuzzy operator (or t-norm), typically
implemented using the minimum function (min) or
product function (prod).

In the context of a simple temperature control system:
IF temperature is HOT and fan speed is LOW THEN
heater power is DECREASED SUBSTANTIALLY



This rule structure enables approximate reasoning, a core
human cognitive capability that supports inference from
incomplete, ambiguous, or imprecise premises. Such
reasoning directly parallels the subjective decision-making
processes commonly observed in clinical assessment.

B.  Adaptive Neuro-Fuzzy Inference Systems (ANFIS)

ANFIS [5] is a hybrid intelligent system that combines
the adaptive learning capabilities of neural networks with
the linguistic and reasoning abilities of a Fuzzy Inference
System (FIS). It is the most common and robust architecture
for Neuro-Fuzzy Systems (NFS), primarily utilized to
implement the Takagi-Sugeno-Kang (TSK) [6] model. The
structure is a five-layer feedforward network, as shown in
Table II, where each layer performs a specific stage of the
fuzzy inference process, whose parameters are optimized
via the hybrid learning algorithm.

TABLE II. FIVE-LAYER NETWORK STRUCTURE

Parameters Adjusted

Function by Learning

Layer

Determines the
membership grades for
each input. Every node
corresponds to a
linguistic label and
computes the
membership function
W.

Calculates the firing
strength (w;) of each
fuzzy rule. Each node
represents one rule and
typically performs the
fuzzy AND operator
(T-norm, usually
multiplication).

Adaptive (Premise
Parameters: shape,
center, width of MFs).

1: Fuzzification

2: Product (Rule) Fixed (IT operator).

Normalizes the firing
strength of each rule
by dividing it by the
sum of all rule firing
strengths.

Fixed (Normalization

3: Normalization
operator).

Calculates the
weighted output of
each rule, Oa;. This
involves the
normalized firing
strength (@, )wltiplied
by the TSK rule
consequence (fi).

Adaptive (Consequent
4: Consequent
Parameters: pi, gi, 7i).

Computes the final,
crisp output of the
entire system by
summing all the
weighted rule outputs
from Layer 4.

5: Defuzzification Fixed (X operator).

A description of the role and operation of each layer is
provided in the following paragraphs.
e Layer 1: Fuzzification Layer
Node Function: Oy = p4, () (or ps,(y)) (2)

Role: Takes the crisp input (e.g., a measured
temperature) and maps it to a membership degree
between 0 and 1, indicating the degree to which it
belongs to a fuzzy set (e.g., "Hot"). The parameters
that define the shape of the membership functions
(like the mean and standard deviation of a Gaussian
function) are adjusted during training.

e Layer 2: Rule Layer (Product Layer)
Node Function: O,; = w; = pa,(z) - up,(y) 3
Role: Each node here represents one TSK rule. It
computes the firing strength or degree of fulfillment
(w;) for that rule by multiplying (or taking the
minimum of) the membership grades received from
Layer 1. This value represents how strongly the
antecedent part of the rule is satisfied.

e Layer 3: Normalization Layer
Node Function: Os; = @i = ¢~ @)
Role: Calculates the normalized firing strength (io;)
for each rule. This step is essential because the
normalized values act as the weights for the final
output calculation in Layer 5.

e Layer 4: Consequent Layer
Node Function: Oy; = @; - fi = @; - (piz + qiy + 1)

®)

Role: Each node computes the contribution of its
corresponding rule to the overall output. It
multiplies the normalized firing strength (iw;)by the
crisp TSK rule consequent (f;), which is a linear
equation of the inputs. The consequent parameters
(vi, gi, i) are tuned using the LSE method.

e Layer 5: Output Layer (Defuzzification)
Node Function: O5; = 3. 04; = >, @; fi (6)
Role: The single node in this layer calculates the
overall final output of the ANFIS model by
summing the outputs of all contributing rules. This
final result is the crisp, defuzzified output, which is
the system's prediction or control signal.

Learning Mechanism

The hybrid optimization algorithm is what grants ANFIS

its formidable learning capacity:

e Forward Pass (LSE): When premise parameters are
fixed, the output O is a linear combination of the
consequent parameters. The LSE method is used to
estimate the optimal consequent parameters (p;, ¢i,
ri) that minimize the error. The solution is found by
solving the matrix equation 4 - X = B, where X is the
vector of unknown consequent parameters, and the
solution is given by X = (ATA)~*ATB
This makes optimization fast and analytically
solvable.

e Backward Pass (Gradient Descent): Once the
optimal consequent parameters are found, the output
error is propagated backward through the network.
The gradient descent method is then applied to



adjust the non-linear premise parameters (e.g., ¢ and
o) to further minimize the error. This combination
ensures a computationally efficient training process
while maintaining the interpretability of the final
structure.

The ANFIS approach thus offers a significant advantage
over pure ANNs by allowing the system to begin with a
structure informed by expert fuzzy knowledge (initial MFs
and rules) and then refine that structure using the predictive
power of machine learning.

II. USE CASE I: MITIGATING COGNITIVE
AMBIGUITY IN MEDICAL EDUCATION (STUDENT-AI
INTERACTION)

A. The Challenge of Cognitive Uncertainty in Training

Medical education requires students to achieve a high
degree of confidence and competency, often involving high-
stakes licensing or board exams.

A critical challenge is the inherent epistemic ambiguity
in a student's self-assessment of their 'readiness'. This self-
perception is a composite, fuzzy variable influenced by:

e Subjective Confidence and the Dunning-Kruger
Effect [77]: Low-performing students often suffer
from inflated self-assessments (overconfidence),
while high-performing students may suffer from
imposter syndrome (underconfidence). Traditional
scalar self-assessments fail to account for this
systematic cognitive bias.

e Emotional and Psychological Factors: Variables like
Stress, Fatigue, and Motivation are intrinsically

fuzzy, yet they profoundly impact exam
performance.
e Ambiguity in Communication: The linguistic

description of knowledge status (e.g., "I know
enough, but not everything about cardiology") is a
subjective input that must be objectively calibrated.
The goal of applying ANFIS as presented in this article
to the Readiness Self-Assessment Tool (RSAT), developed
by the Authors, [8] is to correct students’ cognitive
ambiguity, providing an objective calibration that promotes
metacognition.

B.  The ANFIS-Based Self-Assessment Model

The ANFIS-powered Readiness Self-Assessment Tool
(ARSAT) is a diagnostic tool for metacognitive correction.

Model Inputs (Linguistic Variables)
The system uses the following fuzzy inputs, collected
via daily or weekly subjective logs:
e Confidence in Subject (e.g., Nephrology): Fuzzy
sets (Low, Medium, High).
e Perceived Stress Level:
Moderate, Severe).
e Perceived Knowledge Gaps (Inverse of Mastery):
Fuzzy sets (Few, Average, Many).

Fuzzy sets (Minor,

The crisp input (e.g., a 1-10 rating) is immediately
converted into degrees of membership pa, (), 1B, (y), pe, (2)

The Fuzzy Rule Base and Cognitive Calibration

The core of the system is the rule base, which models the
relationship between cognitive inputs and the desired
output: Exam Readiness Score (a crisp output between 0 and
100). The general structure of a rule is:

IF Confidence is 4; AND Stress is B; AND Gaps are Cy,
THEN Readiness Score is f.

The consequent functions are linear TSK functions
whose parameters are learned from a longitudinal training
dataset composed of past students' self-assessments paired
with their objective, actual exam results.

The ANFIS learning phase achieves the crucial cognitive
calibration. The ANN component automatically adjusts the
shape and position of the membership functions (e.g.,
UHighConfidence). If students reporting 'High Confidence' often
score only 75%, the ANFIS training algorithm shifts the
center and narrows the spread of the pHighconfidence function.
This forces the student to report a higher subjective score in
the future to achieve the same degree of membership in the
UHighConfidence  S€t, effectively de-biasing the student's
cognitive ambiguity by aligning their linguistic perception
with the objective performance metric.

C. Learning and Adaptation (ANN Role) (Impact of

Adaptivity)

The adaptive role of the ANN in the RSAT is critical for
overcoming the psychological biases inherent in self-
assessment. The ANFIS model performs a dynamic,
personalized form of cognitive calibration. Over time, the
NFS model transitions from being purely descriptive of the
student's stated feelings to being predictive of their true
competence.

This adaptation allows the RSAT to provide two layers of
feedback:

e Content-Specific Feedback: Derived from the
activated rules (e.g., Rule: High Gaps Low
Readiness).

e  Metacognitive Feedback: Derived from the changes
in the learned Membership Functions. For instance,
if the pHighConfidence curve shifts far to the right for a
specific student, the system can provide a direct
warning: "Your reported confidence levels are
consistently higher than your performance history
suggests. Consider recalibrating your self-
assessment." This direct feedback mechanism fosters
a collaborative, non-punitive Al-Student
relationship.



IV. USE CASEII: HANDLING COMMUNICATION
AMBIGUITY IN REMOTE PATIENT MONITORING
(DOCTOR-ASSISTANT-PATIENT)

A.  IoMT and the Ambiguity of Health Status

Remote Patient Monitoring (RPM) leverages the
IoMT—a network of connected devices (wearables, home
sensors, implanted devices)—to capture continuous streams
of physiological data. This environment introduces
significant challenges: aleatoric uncertainty (sensor drift,
environmental noise, signal artifacts) and communication
ambiguity from the patient via Patient-Reported Outcomes
(PROs).

The patient's subjective report is often the earliest
indicator of a change. A statement like, "I feel a little short
of breath when I walk the dog," requires the VHA to
fuse temporal, context-dependent, and linguistic information
with the objective data streams (e.g., respiratory rate, heart
rate variability, oxygen saturation (SpOz)). The challenge is
that the patient's language is governed by fuzzy, imprecise
rules, not crisp logic.

B.  NFS-Powered Virtual Health Assistant (VHA)
Architecture

A VHA utilizes an NFS framework, ideally an Evolving
Neuro-Fuzzy System (ENFS) for real-time, streaming data
environments, to perform multi-source data fusion and risk
stratification.

Multi-Source Fuzzy Inputs

The VHA's ANFIS core is fed two distinct sets of fuzzy
inputs:

e Fuzzified Sensor Data (Aleatoric Handling): Crisp
physiological readings are immediately converted
into fuzzy sets via MFs optimized by the ANFIS.
For example, a heart rate (HR) of 105 BPM is not
simply "High"; its degree of membership in pHigh
and pslightlyHigh 1S calculated. This step intrinsically
handles sensor noise by modeling the input as a
possibility distribution.

e Linguistic PRO Data (Epistemic Handling): Patient
statements are processed via a specialized Natural
Language Processing (NLP) module. This NLP
module must perform:

o Entity Extraction: Identifying clinical
concepts (e.g., pain, fatigue, nausea).

o Linguistic Hedge Processing: Recognizing
modifiers  like  "very,"  "slightly,"
"extremely."

The output of the NLP is a crisp value (e.g., Pain
Intensity 1-10) which is then converted into fuzzy sets via
MFs. Crucially, the recognition of linguistic hedges (Section
4.3 below) is essential here, as the hedge operator modifies
the MF shape before the ANFIS uses it.

The Core Inference Engine and Triage Risk Score

The ANFIS combines these hybrid fuzzy inputs in its
rule base to determine the Triage Risk Score (0—100). The
TSK consequent function fiisk provides the precise output,
while the antecedent (IF) part maintains the clinical
interpretability:

IF SpO: is Low AND Pain Intensity is Moderate AND HR
is High, THEN ...

The ANFIS learning algorithm tunes the (p;, g¢i r)
coefficients of fiisk to ensure that the combination of these
fuzzy states accurately predicts historical emergency room
admissions or clinical deterioration events.

C. Handling Communication Ambiguity: A Formal

Approach (Linguistic Hedges)

The ambiguity in patient communication is formally
handled by the concept of Linguistic Hedges.
These are operators that modify the meaning of a fuzzy set.
In a clinical context, a patient saying, "very tired" carries a
different weight than "slightly tired."

Mathematically, if p4(x) is the membership function for
the fuzzy set Tired, the hedge ‘very’ often corresponds to
the concentration operator, which reduces the fuzziness of
the set:

Hvery 4(%) = [1a(O)] (7

Conversely, the hedge ‘slightly’ corresponds to the dilation
operator, which increases the fuzziness of the set:

Hstightty (%) = [14(x)]°® ®)

The VHA's NLP component must incorporate a fuzzy
parser that applies the correct hedge operator to the patient's
input before the ANFIS rule evaluation begins. This
integration ensures that the subtlety of human
communication is precisely quantified and used to adjust the
urgency of the resulting Triage Risk Score.

V. NEURO-FUZZY SYSTEMS ACROSS THE
MEDICAL CONTINUUM

NFSs further demonstrate their value in the domain of
Diagnosis and Treatment Personalization, as discussed in
the following sections.

A. Diagnosis and Classification

Beyond monitoring and training, NFS applications are
highly valuable in diagnostic tasks characterized by high
feature overlap and ambiguous boundaries. For example,
Disease Classification: For complex, multi-symptom
diseases such as autoimmune disorders, Parkinson's disease,
or psychiatric conditions, symptomatologies are frequently
non-specific and overlapping.

An NFS classifier can map the fuzzy input space (e.g.,
"Severe Tremor," "Moderate Cognitive Decline") to the
probability of a specific diagnosis, providing an
interpretable route to classification that can handle the
nuanced, combinatorial nature of symptomology.



B. Treatment Personalization

As an example of Treatment Personalization, NFS
provides an ideal platform for  personalized
pharmacotherapy, where dosage adjustments must account
for a patient's unique and often non-linear response to
medication.

In a continuous treatment scenario (e.g., chemotherapy,
insulin delivery, blood pressure regulation), the VHA (UC
II) can be extended into an NFS-based controller.

e Inputs: Fuzzy variables representing patient
response ("Improving Slowly", "Stable") and
physiological indicators (e.g., "Drug Concentration
in Therapeutic Range").

e Rule Base Example:

IF Therapeutic Effect is Stable AND Side Effects are Minor,
THEN Dosage is “Maintain Current Dose”.

e Output: A fuzzy recommendation for dosage
modification (e.g., “Slightly Increase Dose”), which
is then defuzzified into a precise adjustment value.

This creates an adaptive control loop that integrates the
subjective patient-reported experience (efficacy, side
effects) with objective biomarkers, enabling drug delivery
optimized for the therapeutic window while reducing the
risk of adverse events due to its inherent uncertainty
quantification.

C. Bridging the Gaps: The Holistic Advantage

The core principle that unites these applications is the
ability of NFS to function as a powerful 'interpreter'
between human ambiguity and computational precision.
This continuous, interpretable management of uncertainty is
what allows NFS to operate as a truly holistic medical
intelligence tool across the entire lifecycle:

e Training (UC I): Corrects epistemic ambiguity in
the learner's perception, leading to improved
metacognition.

e Diagnosis/Treatment (UC V): Quantifies aleatoric
uncertainty in complex data (images, biomarkers)
for safer decision-making.

e Monitoring (UC 1II): Fuses communication
ambiguity (PROs) with data noise (IoMT) into a
coherent, actionable risk assessment.

VI. IMPLEMENTATION CRITERIA

A. Dataset and Preprocessing

The successful implementation of the proposed systems
requires meticulous data curation and preprocessing,
especially regarding the crucial Linguistic Fuzzification
phase, as represented in Table III.

TABLE III. FuzzIFICATION PHASE DETAILS FOR UC T AND UC II

Key Variables &

Use Case ¢
Preprocessing

Dataset Type

Self-assessment (1-10)
-> Fuzzification;
Exam Scores = Crisp
Target (for LSE).
Need longitudinal data
for adaptation.

Paired Cognitive /

UC T (Education) Performance Data.

1oMT streams > Feature
Extraction (time-
domain/frequency) >
Fuzzification.

PRO text > NLP/Hedge
Processing 2>
Fuzzification.

ucC II | Time-Series Hybrid
(Monitoring) Data.

A critical, non-trivial step is the creation of a domain-
specific linguistic variable dictionary for the NLP module in
UC II. This dictionary maps clinical linguistic terms ("dull
pain," "stabbing pain,” "mild fever") to the centers and
spreads of initial membership functions, providing the
necessary bridge between human language and the fuzzy
computational core.

B. Methodology and Performance Metrics

The performance of the ANFIS model must be
rigorously compared against established benchmarks to
justify the hybrid approach:

e Pure Fuzzy Inference System (FIS): Highly
interpretable but non-adaptive. Serves as a baseline
to demonstrate the performance gain achieved by
the ANFIS's learning component.

e  Multi-Layer Perceptron (MLP) or Deep Neural
Network (DNN): High learning capability but low
interpretability ("black box"). Serves as a baseline
to demonstrate the ANFIS's transparency without a
catastrophic loss in predictive accuracy.

e  Metric for UC I (Readiness Prediction): Root Mean
Square Error (RMSE) is appropriate for measuring
the discrepancy between the predicted readiness
score and the actual exam score, demonstrating
predictive power. The coefficient of determination
(R?) is also essential for showing the proportion of
variance explained by the model.

e Metric for UC II (Risk Triage): Standard
classification metrics like Accuracy, Sensitivity
(critical for avoiding false negatives), and
Specificity (important for minimizing false alarms)
are used. Additionally, the Area Under the ROC
Curve (AUC) is necessary to assess the model's
discriminative power across all risk thresholds.

The hypothesized result is that ANFIS will achieve a
competitive RMSE/Accuracy level comparable to the MLP
but with significantly improved performance metrics (e.g.,
lower false alarm rate) and demonstrably higher
interpretability compared to the pure FIS.



6.3 Interpreting the Learned Rule Base (XAl

Demonstration)

The final step of the conceptual analysis is the
presentation of the learned fuzzy rules, the direct output of
the ANFIS training process, to demonstrate the mechanism
of XAL

For the VHA (UC 1II), the rule might reveal unexpected
clinical associations:

IF prow Activity(wActivity) > 0.7 AND

HNormal BP (xBP) > 0.8 THEN

Triage Risk is frisk = 10.5 — 0.5(Z Activity) + 0.1(zBP)

This explicit rule shows that, for a specific cohort, low
activity combined with seemingly normal BP is a stronger
risk indicator than either factor alone. The coefficients in
fiisk provide the precise weighting.

This transparent reasoning not only validates the model
but can also lead to discoveries of novel clinical correlations
that were not intuitively obvious to human experts.

VII. DISCUSSION AND FUTURE WORK

A. Advantages of the Proposed Approach

The integration of NFS into the medical environment

offers substantial advantages, primarily on trust and safety:

e Explainability (XAI): NFS provides a clear, rule-
based reasoning trail, which is vital for clinical
acceptance and regulatory compliance.

e Robustness to Uncertainty: The use of MFs ensures
that the system is intrinsically tolerant of noise and
imprecision.

e Cognitive Fidelity: NFS effectively maps and
models the subjective, linguistic, and ambiguous
aspects of human communication and cognition—a
capability that traditional ANNSs lack.

B. Future Directions

Future research will focus on advancing NFS to meet the

demands of large-scale, dynamic medical data:

e Development and piloting of multiple use cases to
demonstrate the effectiveness of the proposed
solution for real-world implementation throughout
the entire Holistic Healthcare Lifecycle.

e Hybridization with Deep Learning and Foundation
Models: The most promising direction is a Deep
Fuzzy Hybrid Architecture. CNNs or autoencoders
are used for feature extraction (dimensionality
reduction) from high-dimensional data (e.g.,
100,000 pixels = 3 fuzzy features), and the
resulting low-dimensional features are fed into a
compact, interpretable ANFIS/ENFS for final
decision-making. This preserves interpretability
while achieving scalability.

e Edge Computing: Investigating the deployment of
NFS and ENFS models on dedicated Field-
Programmable Gate Arrays (FPGAs) or custom
Application-Specific Integrated Circuits (ASICs).
The simple, parallelizable structure of the ANFIS
layers is highly suitable for hardware acceleration,
enabling rapid, real-time risk assessment directly at
the edge (IoMT devices), reducing latency in critical
monitoring applications.

VII. CONCLUSION

In this article, a comprehensive and technically rigorous
framework for addressing uncertainty and ambiguity across
the holistic medical intelligence cycle was presented. As
illustrative use cases, the modeling of subjective student
self-assessment (cognitive ambiguity) and the integration of
ambiguous patient communication with objective sensor
data (communication and aleatoric ambiguity) were
demonstrated. These examples provide evidence that Neuro-
Fuzzy Systems (NFS) represent an effective paradigm for
the development of robust, adaptive, and inherently
interpretable Al solutions in healthcare.

The capacity of NFS to formalize human-like
approximate reasoning, together with their intrinsic
explainability, is shown to offer a strong foundation for
enabling the next generation of trustworthy, patient-centric
clinical decision support systems.
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