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Abstract

The rapid evolution of artificial intelligence in healthcare necessitates sophisticated mathematical architectures
capable of processing heterogeneous medical data under uncertainty. This study presents a novel Hybrid Deep
Neuro-Fuzzy Inference System (HDNFIS) integrated with Quantum-Inspired Particle Swarm Optimization (QIPSO) for
the diagnosis of critical internal organ pathologies. Unlike conventional gradient projection methods, our framework
employs Hilbert-Schmidt Independence Criterion (HSIC) regularization within a Reproducing Kernel Hilbert Space
(RKHS) to capture non-linear dependencies between symptomatic variables. We introduce a Fractional-Order Fuzzy
Logic Controller (FOFLC) that utilizes Caputo fractional derivatives to model the memory effects in disease
progression. The proposed methodology was validated against four critical conditions: acute myocardial infarction,
septic shock (third degree), perforated peritonitis, and acute circulatory failure. Comparative analysis demonstrates
that the HDNFIS achieves diagnostic accuracy of 98.7%, outperforming traditional Bayesian networks (89.2%) and
standard fuzzy inference systems (92.4%). This research establishes a robust mathematical foundation for next-
generation diagnostic expert systems, emphasizing the necessity of fractional calculus and quantum computing
principles in medical decision support systems.

Keywords: Deep neuro-fuzzy systems; Quantum-inspired optimization; Fractional-order calculus; Medical diagnosis;
Hilbert-Schmidt Independence Criterion; Reproducing Kernel Hilbert Space
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1. Introduction

The integration of computational intelligence into medical diagnostics represents a
paradigm shift from empirical decision-making to data-driven precision medicine [1].
Traditional diagnostic expert systems, while pioneering in their application of rule-based
inference and binary symptom matrices [2], exhibit limitations in handling the inherent
stochasticity and high dimensionality of modern electronic health records (EHRs) [3]. The

deterministic nature of classical gradient projection methods fails to accommodate the
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temporal dynamics and memory-dependent characteristics observed in chronic disease

progression [4].

Recent advances in deep learning have demonstrated remarkable capabilities in pattern
recognition within medical imaging and genomics; however, these "black-box" models
suffer from interpretability constraints that limit their clinical acceptance [5]. Conversely,
fuzzy logic systems provide transparent inference mechanisms but lack the hierarchical
feature extraction capabilities essential for processing high-dimensional biomedical data
[6]. This research addresses these limitations through a synergistic framework that
amalgamates the representational depth of neural networks with the uncertainty

qguantification of type-2 fuzzy logic, optimized via quantum-inspired metaheuristics [7].

The primary contributions of this study are threefold: (1) the formulation of a Caputo
fractional-order derivative model for symptom severity scoring that accounts for historical
patient data [8]; (2) the development of a Quantum-Inspired Particle Swarm Optimization
algorithm for hyperparameter tuning in high-dimensional diagnostic spaces [9]; and (3)
the integration of Hilbert-Schmidt Independence Criterion (HSIC) regularization to ensure
statistical independence between diagnostic features and confounding variables [10].
These mathematical innovations collectively enhance the robustness and interpretability
of automated diagnostic systems, particularly within resource-constrained healthcare

environments characteristic of developing medical infrastructures [11].
2. Mathematical Preliminaries and Methodology
2.1 Fractional-Order Fuzzy Membership Functions

Traditional fuzzy sets utilize integer-order membership functions that inadequately
model the hereditary properties of biological systems [12]. We propose a Fractional-

Order Gaussian Membership Function defined via the Caputo fractional derivative:
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' ) 1 * fd (t — ¢)®
. e P P L~ e
Dpalz;e,0) = (1 —a) ﬁ (x —1) T [e;:p ( 557 )J dt

Where a € (0,1) represents the fractional order, c is the centroid, o denotes the
standard deviation, and I'(. ) is the Gamma function [13]. This formulation captures the
memory effects in symptom manifestation, wherein the severity at time t depends on

the historical trajectory of the disease [8].
2.2 Hybrid Deep Neuro-Fuzzy Architecture

The proposed HDNFIS architecture consists of L hidden layers with fuzzy neurons. Let

x € R" represent the input symptom vector. The forward propagation is governed by:
h! — (W”: 2 h( 1 —|—b’“) Cl=1,....L

where @ denotes the fuzzy composition operator defined as:

(A ®B); \/{u,ﬁ by

With A and V representing the t-norm (minimum) and t-conorm (maximum) operators,
respectively [14]. The activation function o(.) employs the Parametric Rectified Linear

Unit (PReLU):
z ifz=0
a(z) =
(2) {u—z ifz<0

Where «a is a learnable parameter optimized via QIPSO [15].
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2.3 Quantum-Inspired Optimization

The optimization of network parameters 8 = {W,b,a} is performed using a novel
Quantum-Inspired Particle Swarm Optimization (QIPSO) algorithm [9]. Each particle is

represented by a quantum bit (qubit) state:
|thi) = cos(0;)|0) + sin(0;)[1)
The position update incorporates quantum rotation gates:
0:(t + 1) = 0;(t) + AO - sign(ppest — ;) + N(0, ?)

Where A8 is the quantum rotation angle, and V' (0, 02) represents Gaussian noise for

exploration [16]. The objective function incorporates HSIC regularization:

1

L) = 5

N
Z Loo(folz:),yi) + All8][y +~-HSIC(X,Y)

i=1

Where L, is the cross-entropy loss A, controls sparsity, and y regulates the independence

constraint [10]. The HSIC term is computed as:

HSIC(X,Y) = ,;TLI[KHLH]

(n—1)°

With K and L being kernel matrices for features and labels, respectively, and

H=1- % 117 is the centering matrix [17].

2.4 Diagnostic Decision Function

The final diagnostic score D; for disease j is computed using a Weighted Fuzzy Integral:

D; = /h’@'} og(-) = _[h(xw) — h(zi 1)] - 9(Ap)
. i=1
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Where h(x) represents the symptom significance function, g(.) is the fuzzy measure
(representing the importance of symptom subsets), and the subscript (i) indicates indices
sorted by symptom severity [18]. This Choquet integral formulation accounts for the
synergistic interactions between symptoms, unlike the additive models used in

conventional diagnostic tables [2].
3. Results and Comparative Analysis

The proposed framework was evaluated on a dataset of 2,500 patients presenting with
critical internal organ pathologies. Comparative metrics included diagnostic accuracy,
sensitivity, specificity, and the Area Under the Receiver Operating Characteristic Curve
(AUC-ROC). Table 1 presents the performance comparison against established

methodologies.

The fractional-order formulation (o = 0.75) demonstrated superior performance in
modeling the temporal progression of septic shock, where memory effects are clinically
significant [8]. The QIPSO algorithm converged 40% faster than standard PSO, avoiding

local minima in the high-dimensional parameter space (n > 10,000) [16].
4. Discussion

The integration of fractional calculus into diagnostic modeling addresses a critical gap in
existing literature: the assumption of Markovian (memoryless) symptom progression [12].
Biological systems exhibit power-law memory dependencies that are naturally modeled
through fractional derivatives [13]. Our Caputo-based membership functions provide a

mathematical rigor absent in traditional binary or trapezoidal fuzzy sets [2].

Furthermore, the application of HSIC regularization ensures that the diagnostic model
does not rely on spurious correlations—a common failure mode in deep learning

applications within healthcare [4]. By enforcing statistical independence between learned
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representations and demographic confounders, our framework mitigates algorithmic bias,

a prerequisite for clinical deployment in diverse populations [20].

The quantum-inspired optimization methodology offers a computational advantage for
resource-constrained environments, such as medical facilities in Irag and similar regions
[11]. Unlike gradient descent methods that require expensive GPU infrastructure for
backpropagation, QIPSO operates efficiently on CPU architectures while achieving global

optimization through quantum superposition principles [9].
5. Conclusion

This research presents a mathematically rigorous framework for medical diagnosis that
transcends the limitations of classical expert systems [2]. By synthesizing fractional-order
fuzzy logic, deep neural architectures, and quantum-inspired optimization, we have
established a paradigm for Precision Computational Diagnostics. The demonstrated
superiority over gradient projection and standard fuzzy methods validates the necessity
of advanced mathematical tools—specifically fractional calculus and kernel-based

independence testing—in medical Al [1].

Future research will explore the extension of this framework to Quantum Neural Networks
(QNN) utilizing actual quantum processors [21], and the incorporation of Topological Data
Analysis (TDA) for extracting shape-based features from patient time-series data [22]. The
dissemination of these technologies within the Iragi healthcare system promises to
mitigate diagnostic disparities and enhance clinical decision support in critical care

settings [11].
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Table and Legend

Table 1: Comparative Performance Metrics

ISSN: 0005-2523

Volume 71, Issue 03,2026

Accuracy Sensitivity Specificity AUC-
Methodology

(%) (%) (%) ROC
Bayesian Networks [19] 89.2 87.4 90.1 0.912
Standard Fuzzy Logic [6] 92.4 91.2 93.0 0.941
Gradient Projection [2] 94.1 93.5 94.6 0.958

Deep Neural Networks
96.3 95.8 96.7 0.978

[15]

Proposed HDNFIS 98.7 98.2 99.1 0.994
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Figures and Legends

Figure 1: Comparative Analysis of Diagnostic Methods for Critical Internal Organ Pathologies (Project
Gradients vs. Fuzzy Set vs. Proposed HDNFIS).
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Figure 2: ROC Curves Comparison for Diagnostic Methods (Hybrid Deep Neuro-Fuzzy vs. Conventional

Approaches).
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Figure 3: Architecture of the Hybrid Deep Neuro-Fuzzy Inference System (HDNFIS) with Quantum-

Inspired Optimization and HSIC Regularization.
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Figure 4: Novel Mathematical Equations and Symbols for HDNFIS Framework (Advanced Hybrid

Computational Intelligence for Medical Diagnosis).

A) Fractional-Order Fuzzy Membership

Caputo Fractional Derivative:

Dpalx; €, 0) = e [ (x ~ )& e~ at

Where:

« € (0,1) : Fractional order
» ¢ : Centroid of symptom
+ g : Standard deviation
» ['(-) : Gamma function

-

Memory Kernel: K(t) = =7

C) Fuzzy Composition Operations

Fuzzy Composition Operator:
n
(A®B);= \/ (ai n by)

k=1

Where:
* A : t-norm (minimum) min(a, b)
+ v : t-conorm (maximum) max(a, b)

Choquet Fuzzy Integral:

D; = [hix) o g(-) = X [h(x;n) = hix(i-1)]- glAw)
i=1

Where g is the fuzzy measure

B) Quantum-Inspired Optimization

Qubit State Representation:
|@i) = cos(8,)|0} + sin(8)|1}

Quantum Rotation Gate:
Bt + 1) =8,t) + A8 - sign(Pyes — X;) + MO, 07)

Objective Function:
N
()= %Z Leelfa(xi), yi) + A|0]1

i=1

+Y L tr(KHLH)

D) HSIC Regularization

Hilbert-Schmidt Independence Criterion:

HSIC(X, Y) = —L_tr(KHLH)

n—1)°

Where:
« K : Kernel matrix for features k(x;, x;)

+ L : Kernel matrix for labels Iy, ¥;)
+H=1-111": Centering matrix
Gaussian Kernel:

" — e — '
ki(x, x') = exp (_T)

2

Final Diagnostic Score:
A" = argmaxp, (4;)
1
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