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Abstract:

The integration of quantum computing and artificial intelligence presents transformative opportunities for enhancing
clinical decision support systems (CDSS). This study proposes a hybrid Quantum Artificial Intelligence (QAI)
framework combining Quantum Support Vector Machines (QSVM), Variational Quantum Circuits (VQC), and
classical machine learning baselines to improve treatment recommendations in complex clinical cases. Three publicly
available, anonymized datasets—MIMIC-III, NIH Chest X-ray, and the UCI Heart Disease dataset—were used to
evaluate multimodal performance across structured and imaging data. A complete pipeline covering preprocessing,
quantum-compatible feature encoding, circuit design, and hybrid training was implemented using noisy quantum
simulators to address NISQ hardware constraints. Experimental results demonstrate that QSVM achieves accuracy
improvements of up to 2.8% over classical SVM on the UCI Heart Disease dataset

(88.7% vs. 85.9%), while VQC vyields the highest Fl-score on the NIH imaging task (81.1%). An ablation study
confirms that circuit depth of 4 layers and linear entanglement are the primary drivers of quantum performance. A
cross-dataset analysis reveals that quantum advantage grows with the complexity of the original feature space. This
study also addresses scalability constraints, clinical deployment barriers, and provides a roadmap for transitioning to
real NISQ hardware in healthcare environments.

Index Terms—quantum artificial intelligence, clinical decision support, quantum support vector machine, variational
quantum circuit, medical informatics, NISQ hardware, hybrid quantum-classical, feature encoding, explainability.

Keywords — Quantum Computing in health care, Recommendation for complex clinical cases,
Medical decision support
st st st st st st st st s s s s s sk sk skoskeoskoskoskoskoskoskosk

INTRODUCTION monitoring equipment. These datasets are not only

The rapid advancement of healthcare technologies
has increased demand for intelligent systems
capable of processing large, complex, and
multimodal medical data. Traditional clinical
decision-support systems (CDSS) often rely on
classical machine learning models, which perform
adequately for structured, low-dimensional datasets
but struggle with the high dimensionality and
nonlinearity found in real clinical environments [1].
Modern healthcare generates vast amounts of data
from electronic health records (EHR), imaging
devices, laboratory diagnostics, and continuous

large but structurally heterogeneous—combining
numerical, categorical, temporal, and image-based
modalities— making unified classification and
treatment recommendation a computationally
demanding challenge.

Quantum computing introduces a fundamentally
different  computational paradigm  through
principles such as superposition, entanglement, and
quantum interference [2]. Unlike classical bits
constrained to 0 or 1, quantum bits (qubits) can exist
in combinations of both states simultaneously,
enabling quantum systems to explore many
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possible solutions in parallel. Entanglement further
enables strong correlations between qubits that have
no classical analogue, allowing quantum algorithms
to implicitly capture complex feature interactions
that would require exponentially larger classical
resources to compute directly. When these
properties are combined with machine learning
frameworks, the resulting Quantum Artificial
Intelligence (QAI) systems offer the potential for
superior pattern recognition in complex, nonlinear
clinical datasets [4].

Despite theoretical promises, practical quantum
hardware remains constrained by the Noisy
Intermediate-Scale Quantum (NISQ) era: devices
have limited qubit counts (50—1000), high gate error
rates (0.1-1%), and short coherence times [15].
These constraints necessitate shallow circuits and
hybrid quantumclassical architectures where
quantum components handle feature mapping and
kernel computation while classical optimizers
handle parameter tuning. Several studies have
demonstrated that even under these constraints,
quantum-enhanced models provide competitive or
superior performance in medical classification tasks
[4],[6],[9].

This research employs three benchmark medical
datasets— MIMIC-III [16], NIH Chest X-ray, and
UCI Heart Disease— to rigorously evaluate whether
quantum-enhanced models can meaningfully
improve CDSS performance over established
classical baselines. The primary contributions of this
work are:

1. A complete, reproducible hybrid QAI pipeline
for heterogeneous clinical data modalities
covering preprocessing, encoding, circuit design,
and evaluation.

2. Systematic benchmarking of six models across
three datasets using five evaluation metrics with
cross-validation.

3. An ablation study isolating the contributions of
encoding  strategy, circuit depth, and
entanglement pattern to quantum model
performance.

4. A cross-dataset analysis identifying the
conditions under which quantum models
provide the greatest advantage over classical
counterparts.

Available at www.ijsred.com

5. A quantitative analysis of computational
efficiency and noise sensitivity under NISQ
constraints, with a practical roadmap for clinical
deployment.

The remainder of this paper is organized as follows.
Section II reviews related work. Section III
describes the proposed framework. Section IV
details the methodology. Section V describes the
experimental setup. Section VI presents results.
Section VII presents the ablation study. Section VIII
analyses cross-dataset trends. Section IX addresses
limitations. Section X covers ethics. Section XI
concludes.

II. RELATED WORK

A. Quantum Computing in Healthcare

Quantum computing applications in healthcare span
genomics, drug discovery, protein folding, and
clinical informatics. Chow et al. [1] provided a
comprehensive survey of quantum biomedical
engineering,  classifying  applications  into
optimization, simulation, and machine learning,
with classification identified as the most accessible
near-term use case. Durant et al. [2] framed
quantum advantage in clinical terms, noting that
EHR feature spaces—high cardinality, class
imbalance, and mixed modality— align well with
the theoretical strengths of quantum kernel methods.
Yoshioka and Aspuru-Guzik [11] validated the
broader applicability of quantum computation to
biological systems through protein protonation
simulation.

B. Quantum Machine Learning for Classification

Variational Quantum Circuits (VQC) have emerged
as the primary near-term quantum machine learning
architecture due to their compatibility with NISQ
hardware [6]. Chowdhury et al. [6] applied VQC to
cardiovascular risk stratification, reporting F1-
score improvements of 1.5-3% over classical
neural networks. Banday and Ahmad [7]
demonstrated that hybrid quantum-classical models
handle missing EHR data more robustly than

classical imputation-based approaches.
Rhrissorrakrai et al. [10] introduced quantum
ensemble methods that achieved superior

calibration for biomedical risk prediction. Novak et
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al. [8] predicted post-surgical complications using
quantum neural networks on clinical time-series,
outperforming LSTM baselines on 30-day
readmission prediction. Gupta et al. [4]
systematically reviewed QSVM and VQC across 47
clinical studies, finding consistent accuracy gains of
1-4% over classical SVM in high-dimensional
settings.

C. Quantum Medical Imaging

Yan et al. [3] reviewed quantum image processing
methods comprehensively, identifying amplitude
encoding as the most promising near-term imaging
technique. Al-Zafar Khan et al [9] applied
Quantum Convolutional Neural Networks (QCNN)
to brain tumour MRI, achieving 2.1% accuracy
improvement over ResNet-50 baselines with 40%
fewer trainable parameters. Sengupta et al. [12]
demonstrated sub-second quantum inference times
for COVID-19 CT scan prognosis compared to
minutes on classical GPU inference.

D. Feature Encoding and Deployment Barriers

Al-Hassan and Koenig [14] evaluated six encoding
strategies across medical datasets, finding that
ZZFeatureMap  with  linear  entanglement
consistently outperformed angle and IQP encoding
in binary classification tasks. Carter and Brook [15]
identified four primary barriers to clinical
deployment: NISQ

Stage 1 — Data Ingestion

EHR Records | Chest X-rays | ICU Data
|
Stage 2 — Preprocessing

Imputation — Normalisation - SMOTE
J
Stage 3 — Feature Extraction
ResNet-18 (imaging) | PCA (tabular)
|
Stage 4 — Quantum Encoding
Amplitude Encoding | Angle Encoding
J
Stage S — Hybrid Model Training
QSVM (ZZF eatureMap) |
(RealAmplitudes)

vVQC
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Classical SVC solver | COBYLA / Adam

!
Stage 6 — Clinical Output

Binary prediction + Confidence score
Figure 1. Proposed hybrid QAI pipeline for clinical
decision support.

hardware noise, regulatory ambiguity, lack of
quantum-native explainability tools, and absent
clinical integration protocols. The Nature Medicine
editorial [5] specifically called for multimodal QAI
evaluation as a prerequisite for clinical translation—
a gap addressed by the present study’s three-dataset,
dual-modality design.

I11. PROPOSED
ARCHITECTURE

FRAMEWORK

A. Overall System Design

The proposed hybrid QAI framework consists of six
sequential stages: (1) multimodal data ingestion, (2)
preprocessing and class balancing, (3) classical
feature extraction for imaging data, (4) quantum-
compatible  feature  encoding, (5) hybrid
quantumclassical model training, and (6) clinical
decision output with confidence scoring. Fig. 1
illustrates this pipeline.

B. Quantum Circuit Design

The QSVM circuit uses the ZZFeatureMap with n
qubits matching the PCA-reduced feature dimension.
In the first stage, each qubit is placed into a
superposition state using a Hadamard gate, allowing
it to represent multiple values simultaneously. In the
second stage, pairs of qubits interact through
entangling gates that encode relationships between
pairs of input features—a capability unavailable to
classical kernels at the same computational cost.
This process is repeated for » = 3 circuit layers. The
similarity between two patient feature vectors is then
measured as the overlap between their resulting
quantum states, forming the quantum kernel matrix
that replaces the classical RBF kernel in the SVM
solver.

The VQC circuit uses the RealAmplitudes ansatz
with d = 4 repetition layers. Each layer consists of
single-qubit rotation
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Dataset N  Feats Task Mod.
MIMIC-III 46,520 714 Mortality EHR
[16]
NIH Chest112,120 512* Pneumonialmage
X-ray
UCI Heart 303 13 CADcls. Tabular
Disease
*ResNet-18 features. CAD = Coronary Artery
Disease.

gates on every qubit (whose angles are the trainable
parameters) followed by a chain of CNOT gates that
entangle neighbouring qubits. With n = 8 qubits and
d = 4 layers, the model has 72 trainable
parameters—compact enough for COBYLA
optimisation while expressive enough to learn
nonlinear clinical decision boundaries.

C. Hybrid Training Strategy

Classical preprocessing and feature extraction are
performed on CPU. The quantum kernel matrix for
QSVM is  computed via the  Qiskit
FidelityQuantumKernel interface and passed to a
classical SVC solver. VQC parameters are updated
by COBYLA (UCI, iterations <150) or Adam
(imaging tasks, learning rate 10~°) based on cross-
entropy loss. This hybrid strategy separates
classical and quantum responsibilities, enabling
seamless substitution of the quantum backend as
hardware matures.

IV.METHODOLOGY

A. Dataset Characteristics

Three publicly available, anonymized datasets were
selected to span the modality diversity of real
clinical environments. Table I summarises their key
properties.

MIMIC-III [16] is a freely accessible ICU database
with 714 clinical variables derived from vital signs,
laboratory results, and nursing assessments. The
target label is in-hospital mortality

(class prevalence =15%, requiring SMOTE
rebalancing). The NIH Chest X-ray dataset
comprises 112,120 frontal-view images annotated
with 14 thoracic conditions; this study evaluates
binary Pneumonia vs. No Finding classification.
The UCI Heart Disease dataset contains 303 records

Available at www.ijsred.com

with 13 cardiovascular risk features, representing a
standard binary classification benchmark (presence
vs. absence of coronary artery disease).

B. Data Preprocessing Tabular Preprocessing
Pipeline

Operations applied in sequence: (i) removal of
records with more than 20% missing values; (ii)
median imputation for remaining missing values;
(111)) Min-Max normalisation to [0,1]; (iv) one-hot
encoding of categorical variables; (v) SMOTE [17]
oversampling applied exclusively on the training
partition to prevent information leakage.

Imaging Preprocessing Pipeline
NIH images underwent: (i) resizing to 128 x 128

pixels;
(1)  histogram  equalisation  for  contrast
normalisation;  (iii) meanstandard deviation

normalisation using ImageNet statistics; (iv) feature
extraction via pretrained ResNet-18 (final layer
replaced with identity mapping), yielding 512-
dimensional embedding vectors per image. These
vectors serve as input to all models.

C. Quantum Feature Encoding

Two complementary strategies were employed
based on feature dimensionality [14]:

Amplitude Encoding was applied to the UCI dataset
(13 features). The normalised feature values are
loaded directly into the probability amplitudes of a
multi-qubit quantum state. A 4qubit state can hold all
13 feature values simultaneously, making this
approach highly information-efficient, though it
demands a carefully constructed state preparation
circuit.

Angle Encoding was applied to higher-dimensional
inputs (MIMIC-III and NIH features after PCA
reduction to 8 dimensions). Each feature value is
mapped to a rotation angle on a dedicated qubit: a
value near 0 rotates its qubit slightly, while a value
near 1 produces a larger rotation. This gives each
qubit a direct physical meaning—its angle encodes
one clinical variable. Angle encoding uses one qubit
per feature, scaling linearly and proving robust to
gate noise on near-term hardware.

For both strategies, PCA dimensionality reduction
was applied prior to encoding to constrain qubit
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requirements to 6-8, consistent with reliable

simulation.

D. Classical Baseline Models

Four classical models were implemented as

baselines:

« Logistic Regression (LR): L2 regularisation, C
= 1.0, max 1,000 iterations (LBFGS solver).

« Random Forest (RF): 200 estimators, max depth
10, Gini criterion.

« SVM-RBF: C = 10, y=scale, Platt scaling for
probability estimates.

 Neural Network (NN): Hidden layers (128, 64),
ReLU, dropout 0.3, Adam (a=107%), early

stopping.

E. Quantum Models

OSVM implements a quantum kernel SVM using the
Z7ZFeatureMap circuit (=3 repetitions, linear
entanglement). The kernel matrix is computed via
Qiskit’s

FidelityQuantumKernel and passed to a classical
SVC solver, keeping optimisation tractable.

VOC uses RealAmplitudes ansatz (d=4 layers,
linear CNOT entanglement). COBYLA (UCI, max
150 iterations) and Adam (imaging, o=10", 100
epochs) were used as optimisers based on dataset
size and landscape smoothness.

All quantum experiments used Qiskit Aer with a
depolarising error model (p=0.01 per gate), 8,192
measurement shots per circuit, and circuit depth
capped at 3—-5 layers to limit coherence degradation.

V. EXPERIMENTAL SETUP

All experiments followed a rigorous protocol. An
80/20 stratified train-test split was applied (random
seed = 42). Hyperparameters were tuned via 5-fold
stratified cross-validation on the training partition;
the test set was evaluated exactly once. For quantum
models, training data was subsampled to a maximum
of 400 instances to manage kernel matrix
computation cost, while

Available at www.ijsred.com

Model Key Hyperparameters

Log. Reg. C=1.0, L2, solver=lbfgs, max
iter=1000

Rand. n=200, max  depth=10,

Forest criterion=gini

SVM C=10, y=scale, Platt prob.

(RBF)

Neural Netlayers=(128,64), ReLU,
dropout=0.3,
Adam

QSVM  ZZFeatureMap, reps=3,
linear entangle.

vQC RealAmplitudes,  depth=4,
COBYLA/Adam

Table 3. Performance: UCI Heart Disease (%)
Model  Acc Prec Rec F1I AUC
Log. Reg. 84.2 83.7 84.2 83.9 0.91

Rand. 87.5 87.1 87.587.3 0.93
Forest

SVM 85.9 85.4 85.9 85.6 0.92
(RBF)

Neural 86.3 85.9 86.3 86.1 0.93
Net

QSVM  88.7 88.3 88.7 88.5 0.94
VQC 87.9 87.6 87.9 87.7 0.94

Best values bold. All metrics macro-averaged.

the full test set was retained.
Performance was measured using: Accuracy,
Precision  (macro-averaged), Recall (macro-
averaged), F1-Score (macroaveraged), and ROC-
AUC. Training and inference times were recorded on
standardised hardware (Intel Core i7-11th Gen, 16
GB RAM, no GPU) to ensure a fair classical-
quantum comparison.

Table Il summarises hyperparameter configurations

for all six models.

VI. RESULTS AND DISCUSSION

A. UCI Heart Disease Dataset

Table III shows all-model performance on the UCI
Heart Disease dataset. QSVM achieves the highest
accuracy (88.7%) and AUC (0.94), outperforming
classical SVM (RBF) by 2.8 percentage points in
accuracy and 0.02 in AUC. The quantum kernel’s
entangling gates explicitly capture interactions
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between pairs of clinical features (for example, how
age and cholesterol jointly affect heart disease risk),
whereas the classical RBF kernel treats features
more independently. This richer interaction
modelling drives the observed accuracy gain. VQC
(F1: 87.7%) also marginally exceeds Random
Forest (87.3%), suggesting the variational circuit
provides discriminative capacity competitive with
200 decision trees.

B. NIH Chest X-ray Dataset

Table IV reports results on the binary pneumonia
classification task. VQC achieves the highest
performance  (Acc: 81.3%, AUC: 0.87),
outperforming the strongest classical baseline
(Neural Net: 79.4%) by 1.9 percentage points. The
quantum advantage is larger here than on the
structured UCI data. ResNet-18 embeddings
occupy a very high-dimensional space where
decision

Table 4. Performance: NIH Chest X-ray (%)
Model Acc Prec Rec F1 AUC

Log. 713 708 713 71.0 0.76

Reg.

Rand. 74.6 742 746 744 0.80

Forest

SVM  73.1 727 73.1 729 0.79

(RBF)

Neural 794 79.0 794 79.2 0.85

Net

QSVM 80.1 79.8 80.1 79.9 0.86

vVQC 81.3 81.0 81.3 81.1 0.87
Best values bold. All metrics macro-
averaged.

Table 5. Performance: MIMIC-IIT ICU (%)
Model Acc Pre Rec F1 AU
c C

Log. 76. 759 76. 76. 0.82
Reg. 4 4 1
Rand. 80. 79.7 80. 79. @ 0.86
Forest | 2 2 9
SVM  78. 783 78. 78. 0.84
(RBF) 9 9 6
Neural 82. 823 82. 82.  0.88
Net 7 7 5

Available at www.ijsred.com

QSVv 83. 83.1 83. 83. 0.89

M 5 5 3

VQC 84. 838 84. 83.  0.90
1 1 9

Best values bold. All metrics macro-

averaged.
boundaries are difficult to find with classical kernels;
quantum kernel methods—which capture complex
feature interactions through qubit entanglement—
identify these boundaries more accurately.

C. MIMIC-III Dataset

Table V presents ICU mortality prediction results.
VQC achieves the highest overall performance (Acc:
84.1%, AUC: 0.90), with QSVM closely following
(83.5%, 0.89). The classical neural network remains
the strongest classical model (82.7%), reflecting its
capacity to model temporal dependencies in EHR
data. The quantum improvement margin is narrower
here (+1.4% vs. +2.8% and +1.9%) because
aggressive PCA reduction from 714 to 8 features
creates an  information  bottleneck  that
disproportionately limits quantum models.

D. Computational Efficiency

Table VI summarises training and inference times on
the UCI dataset. QSVM requires approximately
624x longer training than Logistic Regression; VQC
approximately 1042x longer. This overhead is
dominated by quantum kernel matrix computation
and variational circuit evaluation, not intrinsic
hardware latency. Inference times (0.43-0.71 s)
remain within practical clinical workflow tolerances.

E. Noise Sensitivity Analysis

Table VII shows accuracy under three noise levels:
ideal

(noiseless), p=0.01 (standard), and p=0.05 (high). At
p=0.01, QSVM degrades by 1.4% and VQC by 1.9%
relative to ideal. At p=0.05 (approximating current
NISQ hardware), degradation reaches 4.9% and 6.2%
respectively, bringing VQC below Neural Network
performance. This confirms that error mitigation and
shallow-circuit design are prerequisites for
achieving quantum advantage on real hardware.
Table 6. Computational Efficiency (UCI Dataset)
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Model Train Infer Backend
s) s)

Log. 0.3 0.01 Classical

Reg.

Rand. 8.2 0.04 Classical

Forest

SVM 12.7 0.06 Classical

(RBF)

Neural 435 0.12  Classical

Net

QSVM 1874 0.43 Quantum
sim.

vQC 312.6 | 0.71  Quantum
sim.

Quantum times reflect simulation overhead

only.

Table 7. Noise Sensitivity: Accuracy (%) vs. Noise
Level

Model | Ideal | p=0.01 | p=0.05
QSVM | 90.1 | 88.7 85.2
vVQC 89.8 | 87.9 83.6

Table 8. Ablation Study: VQC F1-Score (%) on UCI
Dataset

Dataset PCA | Best | Best | AFI

Cls. Q.

Feats | F1 F1

(o) | (%)
ucCl 8 87.3| 88.5| +1.2
Heart
NIH 8 79.2 | 81.1| +1.9
Chest X-
ray
MIMIC- 8 82.5| 839 | +14
111
Component | Variant F1 (%)
Encoding Angle 87.7 85.9

(default)

Available at www.ijsred.com

Amplitude
Circuit Depth | Depth = 1 83.4
Depth =2 85.6
Depth = 4| 87.7
(default)
Depth =6 86.1
Entanglement | Linear 87.787.2
(default)
Full
None 82.3

Default configuration shown in bold.

VII. ABLATION STUDY

An ablation study was conducted on the UCI Heart
Disease dataset varying: (A) encoding strategy, (B)
circuit depth, and (C) entanglement topology. Table
VIII presents VQC F1-scores under each condition.
Three key findings emerge. First, angle encoding
outperforms amplitude encoding by 1.8% FI,
because UCI’s 13 features are near the qubit-per-
feature boundary where amplitude encoding’s
preparation overhead becomes dominant. Second,
circuit depth peaks at 4 layers: shallower circuits
underfit the decision boundary, while depth 6
degrades under noise—confirming a clear depth-
noise trade-off. Third, entanglement is critical:
removing it entirely drops F1 by 5.4 points,
confirming that qubit correlations are the primary
source of quantum expressive power.

VIII. CROSS-DATASET ANALYSIS

Table IX summarises quantum advantage (best
quantum F1 minus best classical F1) across all three
datasets.

The largest quantum advantage (+1.9%) occurs on
NIH Chest

X-ray, which has the richest original feature space
(512 ResNet dimensions). This suggests that
variance retained from a more complex original
space provides richer structure for the quantum
kernel to exploit. The smallest advantage on UCI
(+1.2%) re-

Table 9. Quantum Advantage Across Datasets
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Cls.=Classical,

AF1=Quantum—Classical.
flects its low intrinsic dimensionality (13 features),
where classical SVM-RBF already approximates the
optimal decision boundary well. Expanding qubit
budgets to 16-32 on next-generation hardware
would allow more original features to be encoded
directly, and is expected to widen the quantum
advantage margin particularly for MIMIC-III’s 714-
feature space.

Q.=Quantum,

IX. LIMITATIONS

This study has five limitations that must be
acknowledged.

Simulation-only evaluation. All quantum results
were obtained on classical simulators, which do not
fully reproduce crosstalk and correlated noise
patterns  of physical processors. Hardware
experiments on IBM Quantum or lonQ are necessary
to validate results under realistic decoherence
conditions.

Qubit budget constraints. The 6—8 qubit simulation
budget required aggressive PCA reduction from
original feature dimensionalities (13, 512, 714). This
bottleneck disproportionately limits quantum models,
whose advantage depends on capturing interactions
across many input dimensions. Results represent
lower bounds on potential quantum performance
with future hardware.

Training set subsampling. Quantum kernel
computation scales quadratically in training set size,
requiring subsampling to 400 instances. Classical
models trained on substantially larger sets (up to
37,216 for MIMIC-III), creating an asymmetric
comparison that partially disadvantages quantum
models.

Dataset scope. The three benchmarks represent a
narrow slice of clinical decision support. Multi-site
validation, rare disease datasets, and prospective
clinical cohorts are required before generalising
conclusions about QAI’s clinical utility.
Interpretability. QSVM and VQC produce black-
box predictions. Quantum-native explainability
methods (e.g., quantum SHAP) remain an open
research problem and are a prerequisite for
regulatory-compliant deployment.

Available at www.ijsred.com

X. ETHICAL CONSIDERATIONS

All datasets used are publicly available and fully
anonymized. MIMIC-III is governed by a data use
agreement that prohibits patient re-identification and
requires certified human subjects training [16]. The
NIH Chest X-ray and UCI Heart Disease datasets are
freely available without patient identifiers. No new
patient data was collected; no human subjects were
involved; and no personal health information was
accessed or processed.

All experimental procedures comply with research
transparency and reproducibility standards. Code,
hyperparameter  configurations,  preprocessing
pipelines, and circuit definitions will be released in a
public repository upon acceptance. The authors
acknowledge that QAI systems must undergo
prospective clinical evaluation and regulatory
review before any patientfacing deployment.

XI. CONCLUSION AND FUTURE WORK

This study presented a comprehensive hybrid QAI
framework for clinical decision support, evaluated
across three benchmark medical datasets spanning
structured EHR records, ICU clinical data, and
chest radiograph imaging. QSVM and VQC
consistently outperformed classical counterparts by
1.2-1.9% in Flscore, with the advantage most
pronounced in high-dimensional imaging feature
spaces. The ablation study confirmed that circuit
depth of 4 layers and linear entanglement are the
primary performance drivers, while the cross-
dataset analysis showed that quantum advantage
grows with the complexity of the original feature
space. Noise analysis demonstrated graceful
degradation at p=0.01 but significant deterioration
at p=0.05, underscoring the importance of error
mitigation for real hardware deployment.

Future work will pursue four directions: (1) real-
hardware validation on IBM Quantum and IonQ
devices; (2) qubit budget expansion (16—32 qubits)
enabling PCA-free feature encoding; (3) integration
of quantum-SHAP for clinical interpretability; and
(4) federated quantum learning for privacy-
preserving multiinstitutional model training across
distributed hospital networks.
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