. computation T

Article

Impact of Scaling Classic
Component on Performance of
Hybrid Multi-Backbone Quantum-—
Classic Neural Networks for
Medical Applications

Arsenii Khmelnytskyi, Yuri Gordienko and Sergii Stirenko

Special Issue
Artificial Intelligence Applications in Public Health: 2nd Edition

Edited by
Dr. Dmytro Chumachenko and Prof. Dr. Sergiy Yakovlev



https://www.mdpi.com/journal/computation
https://www.scopus.com/sourceid/21100857172
https://www.mdpi.com/journal/computation/stats
https://www.mdpi.com/journal/computation/special_issues/R6MG4DL569
https://www.mdpi.com
https://doi.org/10.3390/computation13120278

+/— ;
computation

Article

Impact of Scaling Classic Component on Performance of Hybrid
Multi-Backbone Quantum—-Classic Neural Networks for
Medical Applications

Arsenii Khmelnytskyi **, Yuri Gordienko

check for
updates
Academic Editors: Dmytro

Chumachenko and Sergiy Yakovlev

Received: 1 November 2025
Revised: 19 November 2025
Accepted: 22 November 2025
Published: 1 December 2025

Citation: Khmelnytskyi, A.;
Gordienko, Y.; Stirenko, S. Impact of
Scaling Classic Component on
Performance of Hybrid Multi-
Backbone Quantum—Classic Neural
Networks for Medical Applications.
Computation 2025, 13, 278.
https://doi.org/10.3390/
computation13120278

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

and Sergii Stirenko

Faculty of Informatics and Computer Science, National Technical University of Ukraine “Igor Sikorsky Kyiv
Polytechnic Institute”, 03056 Kyiv, Ukraine; gord@comsys.kpi.ua (Y.G.); stirenko@comsys.kpi.ua (S.S.)
* Correspondence: ars4899@gmail.com

Abstract

Purpose: While hybrid quantum-—classical neural networks (HNNSs) are a promising av-
enue for quantum advantage, the critical influence of the classical backbone architecture
on their performance remains poorly understood. This study investigates the role of
lightweight convolutional neural network architectures, focusing on LCNet, in determining
the stability, generalization, and effectiveness of hybrid models augmented with quantum
layers for medical applications. The objective is to clarify the architectural compatibility
between quantum and classical components and provide guidelines for backbone selection
in hybrid designs. Methods: We constructed HNNs by integrating a four-qubit quantum
circuit (with trainable rotations) into scaled versions of LCNet (050, 075, 100, 150, 200).
These models were rigorously evaluated on CIFAR-10 and MedMNIST using stratified
5-fold cross-validation, assessing accuracy, AUC, and robustness metrics. Performance
was assessed with accuracy, macro- and micro-averaged area under the ROC curve (AUC),
per-class accuracy, and out-of-fold (OoF) predictions to ensure unbiased generalization. In
addition, training dynamics, confusion matrices, and performance stability across folds
were analyzed to capture both predictive accuracy and robustness. Results: The experi-
ments revealed a strong dependence of hybrid network performance on both backbone
architecture and model scale. Across all tests, LCNet-based hybrids achieved the most
consistent benefits, particularly at compact and medium configurations. From LCNet050
to LCNet100, hybrid models maintained high macro-AUC values exceeding 0.95 and de-
livered higher mean accuracies with lower variance across folds, confirming enhanced
stability and generalization through quantum integration. On the DermaMNIST dataset,
these hybrids achieved accuracy gains of up to seven percentage points and improved
AUC by more than three points, demonstrating their robustness in imbalanced medical
settings. However, as backbone complexity increased (LCNet150 and LCNet200), the classi-
cal architectures regained superiority, indicating that the advantages of quantum layers
diminish with scale. The mostconsistent gains were observed at smaller and medium LCNet scales,
where hybridization improved accuracy and stability across folds. This divergence indicates
that hybrid networks do not necessarily follow the “bigger is better” paradigm of classical
deep learning. Per-class analysis further showed that hybrids improved recognition in
challenging categories, narrowing the gap between easy and difficult classes. Conclusions:
The study demonstrates that the performance and stability of hybrid quantum-—classical
neural networks are fundamentally determined by the characteristics of their classical
backbones. Across extensive experiments on CIFAR-10 and DermaMNIST, LCNet-based
hybrids consistently outperformed or matched their classical counterparts at smaller and
medium scales, achieving higher accuracy and AUC along with notably reduced variability
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across folds. These improvements highlight the role of quantum layers as implicit regu-
larizers that enhance learning stability and generalization—particularly in data-limited or
imbalanced medical settings. However, the observed benefits diminished with increasing
backbone complexity, as larger classical models regained superiority in both accuracy
and convergence reliability. This indicates that hybrid architectures do not follow the
conventional “larger-is-better” paradigm of classical deep learning. Overall, the results
establish that architectural compatibility and model scale are decisive factors for effec-
tive quantum-—classical integration. Lightweight backbones such as LCNet offer a robust
foundation for realizing the advantages of hybridization in practical, resource-constrained
medical applications, paving the way for future studies on scalable, hardware-efficient, and
clinically reliable hybrid neural networks.

Keywords: neural network; image classification; quantum transformation; data augmentation;
multi-backbone architecture; LCNet; CIFAR; DermaMNIST; hybrid neural network

1. Introduction

In recent years, deep learning has become the foundation of modern artificial intelli-
gence (Al), achieving high performance across vision, language, and multimodal tasks [1].
Yet, the growing demand for computational power has highlighted the limitations of classi-
cal architectures, both in scalability and efficiency. At the same time, the rapid development
of quantum computing [2] has opened the possibility of combining classical and quantum
paradigms to build hybrid models that may overcome some of these limitations. Quantum
machine learning (QML) integrates quantum computing with traditional machine learning.
Unlike classical computation, which operates on bits, quantum systems exploit superposi-
tion and entanglement, enabling richer representational capacity. A particularly promising
direction is the design of hybrid quantum-—classical neural networks [3], where parameter-
ized quantum circuits (PQCs) are embedded into deep learning architectures as additional
layers. Such models aim to combine the expressive power of quantum circuits with the
maturity of classical optimization frameworks. Convolutional neural networks (CNNs) are
natural candidates for hybridization, as they already excel in learning hierarchical visual
features. However, CNN backbones differ greatly in structure and complexity. Efficient
models such as MobileNet and LCNet, originally designed for constrained devices, appear
especially suitable for integration with quantum layers, as their lightweight design aligns
with the current limitations of quantum simulators and hardware. This study systematically
investigates which classical CNN backbones are better suited for hybrid quantum-—classical
networks. We focus on two families—MobileNetV3 and LCNet—embedding Ry-based
quantum circuits as hidden layers and evaluating them on both a general-purpose dataset
(CIFAR-10) and a medical imaging dataset (DermaMNIST). By including DermaMNIST,
which contains dermatological images for multi-class classification, we assess not only
the theoretical potential of hybrid architectures but also their applicability to sensitive,
real-world domains such as computer-aided medical diagnosis.

2. Literature Review and Problem Statement

Quantum machine learning (QML) has rapidly evolved as a field that integrates the
representational power of quantum computation with the methodological framework of
classical machine learning [4-6]. Unlike conventional computation based on binary logic,
quantum computation [7,8] operates on qubits capable of existing in superposition and
entanglement, thereby enabling richer data transformations and more expressive repre-
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sentational capacity. This paradigm has motivated the development of hybrid quantum-
classical architectures [9-12] that combine parameterized quantum circuits (PQCs) [13]
with traditional neural network layers. Within the current technological constraints of
noisy intermediate-scale quantum (NISQ) devices, PQCs—most commonly composed of
rotation gates such as RY—serve as the core mechanism for embedding quantum layers
into differentiable models.

Existing research on hybrid architectures dem onstrates both potential and incon-
sistency [11,14,15]. On one hand, several studies report that the inclusion of quantum
layers can enhance performance on small-scale benchmarks such as MNIST or CIFAR-
10, occasionally outperforming shallow classical networks and improving generalization.
On the other hand, other works have found negligible or unstable benefits, with hybrid
models failing to converge or providing marginal gains compared to classical baselines.
These divergent outcomes underscore a fundamental gap in current understanding: the
performance of hybrid networks appears to depend not only on the design of the quantum
layer itself but also on its integration with specific classical backbones and the scale of the
underlying architecture.

In the classical domain, convolutional neural networks (CNNs) have long been the
dominant paradigm for image recognition [16,17], yet CNN families differ substantially in
structure, depth, and computational efficiency. High-capacity networks such as ResNet or
DenseNet [18,19] achieve strong predictive accuracy but require extensive computational
resources, which complicates their adaptation to hybrid frameworks under NISQ [20]
limitations. In contrast, lightweight CNNs, including MobileNet and LCNet, offer compact-
ness, efficiency, and modularity—characteristics that align naturally with the constraints of
near-term quantum hardware. Their reduced parameter count and streamlined architecture
make them ideal candidates for systematic hybridization and comparative analysis.

Beyond general-purpose image classification, QML has shown growing relevance
in the medical imaging domain, where robustness and interpretability are of particular
importance. Recent studies suggest that hybrid models may enhance diagnostic classifi-
cation by exploiting quantum-induced stochasticity and representational diversity [21].
However, most existing works remain at the proof-of-concept stage, typically limited to
small datasets and isolated architectures. Only a few studies examine how different CNN
backbones interact with quantum layers or how hybrid performance scales with model
complexity. Moreover, prior research rarely addresses key evaluation aspects such as
per-class discrimination, cross-validation stability, or out-of-fold generalization—factors
that are critical for assessing the reliability and clinical applicability of hybrid models.

The current state of the literature therefore reveals a clear gap: there is no comprehen-
sive, systematic analysis of how lightweight CNN backbones behave when partially re-
placed by quantum layers across varying architectural scales and data domains. While early
studies have shown promising results on simple datasets, it remains uncertain whether
such improvements extend to more complex and imbalanced datasets, particularly in
medical contexts such as dermatological image classification.

The present research aims to address this gap by conducting a structured and com-
parative evaluation of hybrid quantum-—classical LCNet architectures size against their
classical counterparts. The analysis is performed on two datasets of contrasting nature:
CIFAR-10, a balanced and widely used benchmark for general-purpose image recognition,
and DermaMNIST, a medical dataset characterized by class imbalance and diagnostic
heterogeneity. By embedding RY-based parameterized quantum circuits into LCNet back-
bones of varying scales, the study systematically investigates how quantum layers affect
accuracy, loss, and the area under the ROC curve (AUC), while also examining per-class
behavior, cross-validation consistency, and out-of-fold generalization.
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The overarching objective of this research is to determine under what conditions
quantum integration contributes to measurable improvements in performance and stability.
More specifically, it seeks to identify the architectural scales and data domains in which
hybridization yields tangible benefits, and to evaluate whether the observed advantages on
general-purpose datasets translate to the more demanding and clinically relevant domain
of medical imaging. Through this analysis, the study aims to provide a rigorous foundation
for understanding the role of quantum layers in enhancing lightweight neural networks
and to clarify the practical value of hybrid models in real-world applications.

Previous work comparing MobileNetV3 and LCNet [22,23] in hybrid quantum—classical
models has indicated that LCNet backbones integrate more smoothly with quantum layers,
while MobileNetV3 exhibits scale-dependent instability. Yet, these studies were limited in
scope and provide no systematic analysis across backbone sizes or datasets, leaving the
architectural determinants of successful hybridization largely unexplored.

3. The Aim and Objectives of the Study

The aim of this study is to investigate the suitability of lightweight convolutional
neural network backbones for hybrid quantum-—classical architectures, with a focus on
LCNet. While parameterized Ry-based quantum layers have demonstrated promise, little
is known about how their integration interacts with different classical designs and whether
such benefits extend beyond generic benchmarks. To address this, we embed quantum
layers into multiple scales of LCNet and evaluate both classical and hybrid variants on
two datasets: CIFAR-10, representing a standard benchmark in computer vision, and
DermaMNIST, a medical dataset of dermatological images. By combining these evaluations,
the study seeks to provide a systematic comparison of hybrid and classical networks using
accuracy, validation loss, area under the ROC curve (AUC), and per-class analysis, while
also assessing stability through cross-validation and out-of-fold predictions. In doing so,
we aim to identify not only the conditions under which hybrid models outperform classical
baselines, but also whether performance improvements observed on CIFAR-10 can be
generalized to medical imaging tasks where diagnostic reliability is of critical importance.

4. Methodology

To evaluate the influence of backbone architecture on the performance of hybrid
quantum-—classical neural networks (HNNs), we developed multiple model configurations
combining parameterized quantum circuits with lightweight convolutional neural net-
works. The models differ in their classical backbones, drawn from the LCNet (050, 075, 100,
150, 200) families, enabling a systematic comparison across architectures and scales. This
section outlines the evaluation metrics, dataset, quantum layer design, integration strategy,
backbone architectures, and the experimental workflow adopted in the study.

4.1. Evaluation Metrics

The assessment of hybrid and classical models relied on several complementary
measures to capture different aspects of performance. The primary metrics were validation
accuracy and validation area under the receiver operating characteristic curve (AUC),
computed using both macro- and micro-averaging to account for class balance and overall
discrimination power. Validation loss was tracked to assess learning stability and potential
overfitting. In addition, per-class accuracy was computed to identify whether certain
categories benefited more strongly from quantum layers. For classical models, we also
considered backbone complexity, expressed in terms of parameter count and computational
cost. For quantum components, execution time was not included since all experiments
were performed on simulated hardware; instead, we recorded the number of quantum
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circuit evaluations required for training and inference. Together, these metrics provide a
comprehensive view of both predictive accuracy and model efficiency. The same evaluation
protocol was consistently applied to both CIFAR-10 and DermaMNIST to enable direct
comparison of results across generic and medical imaging domains.

4.2. Quantum Circuits

All hybrid models employed a four-qubit parameterized quantum circuit based on
Ry rotations. Each qubit was initialized with a Hadamard gate to establish superposition,
followed by a trainable Ry gate that introduced one parameter per qubit [24]. Measurement
was performed in the computational basis, and the expectation values of each qubit formed
a four-dimensional vector passed to the classical network. This design was motivated by
prior studies indicating that Ry-based circuits achieve a good balance between expressive-
ness and training stability in hybrid architectures. The dimensionality of the circuit was
deliberately chosen to match the embeddings produced by the classical backbones, allow-
ing for seamless integration without architectural mismatches. Importantly, inputs to the
circuit were normalized and 7-scaled to ensure compatibility with the rotation parameters
of the quantum gates.

4.3. Datasets

The CIFAR-10 dataset (Figure 1) served as the benchmark for evaluating the hybrid
architectures in a general-purpose vision task [25]. It contains 60,000 color images of size
32 x 32 pixels, evenly distributed across ten object classes: airplane, automobile, bird, cat,
deer, dog, frog, horse, ship, and truck. Of these, 50,000 images were used for training and
10,000 for testing. During cross-validation, a portion of the training data was reserved
for validation to monitor learning progress and prevent overfitting. All images were
normalized per channel to zero mean and unit variance, ensuring consistent scaling across
models. Standard data augmentation techniques—random horizontal flipping and random
cropping—were applied to increase robustness and improve generalization. The choice
of CIFAR-10 was motivated by its balanced class distribution, moderate complexity, and
widespread use in both classical and hybrid quantum-—classical learning research, which
allows for fair comparison with previous studies.

The DermaMNIST dataset (Figure 2), derived from the MedMNIST collection, was
included to assess the applicability of hybrid architectures in the medical imaging do-
main [23]. It consists of 10,015 dermatoscopic images categorized into seven diagnostic
classes representing various benign and malignant skin conditions. Each image was re-
sized to 28 x 28 pixels and normalized to unit variance, with stratified sampling applied
to preserve class proportions across folds. Unlike CIFAR-10, DermaMNIST is inherently
imbalanced, with significant disparities in class frequency that mirror real-world diagnostic
challenges in dermatology. This imbalance makes metrics such as the area under the ROC
curve (AUC) particularly important for a reliable evaluation of model performance across
classes. In this study, DermaMNIST provides a meaningful testbed for exploring how
quantum-enhanced hybrid models handle complex, data-limited, and clinically relevant
tasks. Its inclusion not only broadens the scope of evaluation beyond standard benchmarks
but also emphasizes the potential of quantum-—classical hybridization to improve diag-
nostic reliability, stability, and efficiency in medical contexts where even small gains in
classification accuracy can have high clinical value.



Computation 2025, 13,278 6 of 20

dog automobile horse

airplane

airplane frog

.-I;,

automobll e

Figure 1. Examples of images from the CIFAR-10 dataset used to train and evaluate models.

Label: 5 Label: 2 Label: 5
Label: 4 Label: 5 Label: 5
Label: 5 Label: 4 Label: 2

Figure 2. Examples of dermatoscopic images from the DermaMNIST dataset used to assess model
performance on imbalanced medical data.
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4.4. Quantum Layer

The integration of the quantum layer into classical backbones followed a consistent
and modular pipeline. The classical network produced a four-dimensional embedding that
matched the number of qubits in the quantum circuit, ensuring dimensional compatibility
and eliminating the need for additional encoding or compression schemes. Before being
passed to the circuit, the embedding was normalized and scaled by 7, as the Ry gates
interpret input values as rotation angles within the range [— 7, 7|. After quantum evolution,
the circuit generated four expectation values, which were concatenated into a feature vector.
This vector was then processed by a fully connected layer projecting to ten class logits,
followed by a softmax activation to obtain class probabilities. This consistent design
ensured that the differences between classical and hybrid variants could be attributed
solely to the presence of the quantum layer, rather than architectural mismatches.

In addition to this architectural integration, the quantum layer incorporated quantum
data transformations that simulate the behavior of quanvolutional filters [26]. The underly-
ing idea was that the randomness and noise introduced by quantum operations could serve
as a non-classical data augmentation technique, enriching the model’s representational
diversity. This approach is particularly relevant for near-term noisy intermediate-scale
quantum (NISQ) devices, where limited qubit counts and decoherence can be exploited
constructively rather than treated as limitations. In this study, we employed combinations
of Y-axis and X-axis qubit rotation gates, implemented in the Pennylane framework. Each
input feature was multiplied by 7t and used as a rotation angle for the corresponding qubit,
effectively embedding the normalized data into the quantum state space. The Ry and Rx
gates performed rotations of single qubits around the Y and X axes of the Bloch sphere,
respectively, creating transformations that are both nonlinear and inherently stochastic.

Specifically, Y-axis quanvolutional transformations with stride 1 were applied to
generate multi-channel quantum-transformed representations for both CIFAR-10 and
DermaMNIST. The RY (6) operation, defined as

)> : 0

rotates each qubit around the Y-axis of the Bloch sphere by angle 8, enabling the encoding

~— NI

RY(0) = <

COS(%) — sin(
sin(§)  cos(§

of pixel intensities into quantum states. For every group of pixels, independent quantum
circuits were executed to produce quantum-transformed feature maps that enrich the
classical embedding with additional representational capacity (Figure 3).

In all experiments, these circuits were evaluated in a simulated environment rather
than on physical quantum hardware, so the reported effects should be interpreted as
arising from quantum-inspired transformations implemented by Pennylane simulation
software. The resulting quantum-enhanced features were then integrated back into the
hybrid architecture, allowing the network to leverage both classical spatial hierarchies and
non-classical transformations derived from quantum operations. This hybrid integration
strategy—combining learned embeddings with stochastic quantum rotations—enables the
architecture to capture a broader range of correlations within the data while maintaining
efficient compatibility with existing deep learning frameworks and remaining, in principle,
extendable to future NISQ quantum processors.
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Figure 3. Examples of Y-axis quanvolutional transformations implemented with Pennylane for
4-qubit circuits applied to 4-pixel patches.

4.5. Classical Backbone

The choice of backbone architecture is a central focus of this study. We selected two
families of lightweight convolutional neural networks: LCNet [27]. Both are designed for
efficiency and are widely used in mobile and resource-constrained environments, making
them natural candidates for quantum integration. LCNet represents a more recent archi-
tecture optimized for compactness. It employs linear convolutions, lightweight channel
interactions, and efficient bottleneck structures. LCNet is explicitly designed to reduce
redundancy while maintaining feature expressivity. Importantly, its simpler and more
structured design makes it especially attractive for integration with quantum layers, as it
minimizes the risk of parameter explosion or incompatibility with small quantum circuits.
For both backbones, the last classical layer before the quantum circuit was implemented
with a tanh activation to constrain outputs to (-1, 1), ensuring they aligned with the ex-
pected ranges of quantum gates. This detail was critical, as unconstrained values could
destabilize quantum training. In LCNet intermediate layers employed ReLU activations
(Figure 4). The classification stage, shared across all models, consisted of a fully connected
layer projecting quantum outputs into 10 logits, followed by softmax. By comparing multi-
ple scales of LCNet, we aimed to isolate how backbone complexity, parameter count, and
architectural design influence the success of hybrid quantum integration.
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input_1 input: | [(None, 32, 32, 3)]

InputLayer | output: | [(None, 32, 32, 3)]

!

LCNet050_1_0 | input: | (None, 32, 32, 3)

Functional output: (None, 10)
average input: | (None, 10)
Average | output: [ (None, 10)

(b)

Figure 4. Comparison of the classical LCNet-based CNN with only original image channels (a) and

the hybrid neural network with additional quanvolutional channels (b).

4.6. Workflow

The rigorous workflow was implemented to ensure fair and robust comparison be-
tween classical and hybrid models. Training and validation were conducted using stratified
5-fold cross-validation (CV). After five folds, OoF predictions were aggregated and used to
compute final performance metrics, including overall accuracy, macro- and micro-averaged
AUC, and per-class accuracy. Confusion matrices were also constructed to assess class-
specific performance. This workflow was applied consistently to both CIFAR-10 and
DermaMNIST, ensuring methodological comparability between experiments on general-
purpose and medical datasets. This strategy provided several advantages. First, it mitigated
overfitting by ensuring that evaluation was always performed on unseen data. Second,
stratification preserved class balance across folds, which is essential for multiclass tasks
such as CIFAR-10. Third, it enabled aggregation of predictions across all folds into a com-
plete set of out-of-fold (OoF) predictions, which served as the basis for computing unbiased
performance metrics. During training, models were optimized using stochastic gradient
descent with appropriate learning rate scheduling. At the end of each epoch, validation
accuracy, AUC, and loss were recorded. After five folds, OoF predictions were aggregated
and used to compute final performance metrics, including overall accuracy, macro- and
micro-averaged AUC, and per-class accuracy. Confusion matrices were also constructed to
assess class-specific performance. To ensure reproducibility, the following configuration
was applied consistently across all folds. The experiments used quantum-augmented
inputs consisting of the original RGB channels and four additional quantum-generated
channels (QC5 configuration, 3 + 4 = 5 total channels). Each experiment was trained
using 6-fold cross-validation, with a batch size of 64, and optimized using the Adam
optimizer with a learning rate of 1073, Training was conducted for 10 epochs without
early stopping or other adaptive termination criteria. All random seeds were fixed to 42
for NumPy 2.0.2, TensorFlow 2.15.1, and Python 3.10 to ensure deterministic behavior.
The implementation used TensorFlow in a single-replica Kaggle environment without
TPU acceleration. Due to the preprocessing overhead introduced by the generation of
quantum-enhanced channels, a direct wall-clock time comparison with purely classical
baselines was not performed. This preprocessing step introduces additional latency that
is independent of model optimization, and thus not representative of training efficiency
differences between classical and hybrid architectures.

This workflow (Figure 5) ensured that all results reported in the study were derived
from strictly unseen data and were free from information leakage or overly optimistic
validation scores. Moreover, it allowed us to quantify model stability across folds by
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computing standard deviations of the metrics. In practice, this provided deeper insight
into the robustness of hybrid models compared to their classical counterparts.

A=dE  Eed
mn‘h %4 Datasets ‘j ‘ .
SHE. "B
PET BEE

GIRAR:10 l DermaMNIST

Classical Quanvolutional
preprocessing: . preprocessing:
narmalization, Preprocess".lg per-pixel RY rotation,

augmentation “n scaling”

Classical LCNet LCNet Hybrid LCNet + PQC

Versions

LCNetD50 LCNet075 LCNet100 LCNet150 LCNet200

|

Evaluation

Evaluation metrics: Accuracy, AUC (macro/micro), 5-fold CV, OoF, per-
class analysis

Figure 5. Overview of the training and evaluation workflow with stratified K-fold cross-validation,
out-of-fold (OoF) predictions, and metric computation for classical and hybrid LCNet models.

5. Results

The experiments were designed to assess how the choice of classical backbone influ-
ences the performance of hybrid quantum-—classical neural networks (HNNs). We report
results for two datasets: CIFAR-10, representing a standard vision benchmark, and Der-
maMNIST, representing a medical imaging dataset with imbalanced diagnostic classes. All
results are averaged across stratified 5-fold cross-validation, and both mean accuracy and
standard deviation are presented to capture stability across folds.

5.1. CIFAR-10 Results

To evaluate the effect of hybridization on general-purpose image classification, we
compared hybrid LCNet backbones with their classical counterparts on the CIFAR-10
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dataset. Results were obtained using stratified 5-fold cross-validation, and both mean
values and standard deviations are reported. Out-of-fold (OoF) predictions were aggregated
to ensure unbiased estimates.

The accuracy results in Figure 6 show that hybrid models consistently outperformed
their classical counterparts on smaller and mid-sized backbones. For LCNet050 and LC-
Net075, the hybrid variants achieved higher mean accuracy while also displaying consider-
ably lower variance across folds. The effect was most pronounced for LCNet075, where
hybridization yielded an improvement of about one percentage point in mean accuracy
and reduced variability by almost a factor of three, underscoring the stabilizing influence
of the quantum layer at this scale. In contrast, for LCNet100 the trend reversed, with the
classical model slightly surpassing the hybrid both in accuracy and in stability, suggesting
that the relative benefit of quantum integration decreases as the backbone capacity grows.

CIFAR-10

0.8200
0.8000

I
0.7800 il

0.7600 I {

0.7400

0.7200 I I ety 0.7915
07000 07592 7490

0.6800 0.7178  0.7103
0.6600

0.6400
LCNet050 LCNet075 LCNet100

Hybrid m Classic

Figure 6. Mean out-of-fold accuracy on CIFAR-10 for classical and hybrid LCNet backbones at
different scales.

Across all three backbone sizes, the classical networks maintained a small but con-
sistent advantage in both macro- and micro-AUC means which we can see in Table 1.
Nevertheless, the hybrid variant of LCNet075 displayed markedly lower variance in micro-
AUC, with a standard deviation of 0.0017 compared to 0.0060 for the classical model,
indicating more consistent performance across folds even when mean values were nearly
identical. This outcome points to a potential regularizing role of the quantum layer, which
appears to stabilize learning dynamics most effectively at intermediate model scales. The
comparison of hybrid and classical LCNet architectures on CIFAR-10 revealed several
noteworthy patterns. In terms of accuracy, the hybrid networks demonstrated clear advan-
tages for smaller and mid-sized backbones. LCNet050 and LCNet075 both achieved higher
mean accuracy than their classical counterparts, with improvements of approximately
0.7 and 1.0 percentage points, respectively. These gains were accompanied by a noticeable
reduction in variance across folds, indicating that the quantum-enhanced models produced
more stable outcomes during cross-validation. At the larger scale, however, this trend did
not persist. The classical LCNet100 achieved superior accuracy, outperforming the hybrid
model by nearly one percentage point and exhibiting slightly greater stability, suggesting
that the benefits of quantum integration diminish as the backbone size increases (Figure 7).
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CIFAR-10 AUC OoF

0.98
0.9755
0.975 0.9728
0.9696

0.97 0.9682
0.965 0.9631

0.96 0.9585
0055 .

0.95

LCNet050 LCNet075 LCNet100

m Hybrid_AUC_macro_OoF m Classic_AUC_macro_Oof

Figure 7. Macro-averaged out-of-fold AUC on CIFAR-10 for classical and hybrid LCNet backbones at
different scales.

Table 1. Macro- and micro-averaged AUC on the CIFAR-10 dataset for classical and hybrid LCNet
backbones. The A columns show differences between hybrid and classical variants.

AUC AUC AUC AUC
Backbone Variant Macro Macro Micro Micro
Mean Std Mean Std

LCNet050 Hybrid 0.9531 0.0255 0.9576 0.0027  —0.0047 —0.0048
LCNet050 Classic 0.9578 0.0231 0.9624 0.0030 - -
LCNet075 Hybrid 0.9634 0.0207 0.9680 0.0017  —0.0005 —0.0005
LCNet075 Classic 0.9639 0.0199 0.9685 0.0060 - -
LCNet100 Hybrid 0.9681 0.0172 0.9723 0.0015 —0.0058 —0.0059
LCNet100 Classic 0.9739 0.0145 0.9782 0.0010 - -

Note: Bold values indicate the best performance within each row.

AAUC AAUC
Macro Micro

When considering the area under the ROC curve, classical models maintained a modest
but consistent advantage across all backbone sizes. Both macro- and micro-AUC means
were slightly higher for classical networks, with differences generally below 0.6 percentage
points. Despite this, the hybrid models—particularly LCNet075—displayed lower variance
in micro-AUC, highlighting improved reliability across folds even when mean performance
remained similar. This suggests that the main contribution of hybridization lies not in
elevating AUC scores beyond classical baselines but in reducing variability in model
behavior. Taken together, these findings indicate that hybrid LCNet architectures provide
measurable benefits in terms of stability and robustness at smaller to intermediate capacities,
where the regularization effect of the quantum layer appears most effective. At larger scales,
however, the representational capacity of classical models becomes dominant, leading
to higher accuracy and AUC. Thus, while hybrids do not consistently surpass classical
networks in raw performance on CIFAR-10, they offer distinct advantages in stabilizing
learning dynamics and ensuring more reliable outcomes, especially when model size
is constrained.
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5.2. DermaMNIST Results

The accuracy results on DermaMNIST (Figure 8) reveal a strong advantage of hy-
brid models at smaller backbone sizes. LCNet050 achieved an average accuracy of 0.6125
compared to only 0.5457 for the classical variant, while LCNet075 reached 0.6377 versus
0.5720 for its counterpart. These differences, amounting to gains of approximately six to
seven percentage points, were also accompanied by slightly lower variance, suggesting
that hybridization not only improved predictive performance but also produced more
reliable fold-to-fold outcomes. For LCNet100, the hybrid model continued to outperform
the classical version, reaching 0.6121 against 0.5764, although the variance remained rel-
atively high in both cases. By contrast, larger backbones shifted the balance in favor of
classical architectures. LCNet150 and LCNet200 achieved higher accuracies in their classical
configurations, with margins of nearly three and six percentage points, respectively. These
results indicate that the benefits of quantum integration are most pronounced in smaller
and medium backbones, whereas classical networks retain an advantage once the capacity
of the model becomes sufficiently large.

DermaMNIST
0.7
0.6 I
. ] I 1
05
0.4
03 0.5457 0572 05764 05879 qe
02
01
0
LCNet050 LCNet075 LCNet100 LCNet150 LCNet200

m Hybrid Classic

Figure 8. Mean out-of-fold accuracy on DermaMNIST for classical and hybrid LCNet backbones at
different scales.

The AUC results in Table 2 provide additional insight into the effect of hybridization
on DermaMNIST. For the smaller backbones, the hybrid models consistently outperformed
the classical ones across both macro- and micro-AUC. LCNet050 improved macro-AUC
from 0.8310 to 0.8647 and micro-AUC from 0.8919 to 0.9080, while also slightly reducing
fold-to-fold variance (Figure 9). LCNet075 demonstrated a similar trend, with macro-AUC
increasing from 0.8391 to 0.8778 and micro-AUC from 0.9028 to 0.9207. In both cases,
the hybrid variants provided more robust discrimination between diagnostic categories,
with improvements ranging from 1.5 to almost 4 percentage points. LCNet100 continued
this pattern with a more modest advantage, gaining roughly two percentage points in
macro-AUC and less than one point in micro-AUC. However, the benefit diminished for
larger models. LCNet150 and LCNet200 performed better in their classical versions, which
achieved higher macro- and micro-AUC values and displayed lower variance. These
results suggest that hybrid architectures improve discrimination at small to medium scales,
particularly in handling imbalanced medical classes, but lose this advantage as the backbone
grows more complex.
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Table 2. Macro- and micro-averaged AUC on the DermaMNIST dataset for classical and hybrid
LCNet backbones. The A columns show differences between hybrid and classical variants.

AUC AUC AUC AUC
Backbone Variant Macro Macro Micro Micro
Mean Std Mean Std

LCNet050 Hybrid 0.8647 0.0468 0.9080 0.0048 +0.0337  +0.0161
LCNet050 Classic 0.8310 0.0558 0.8919 0.0090 - -
LCNet075 Hybrid 0.8778 0.0465 0.9207 0.0050 +0.0387  +0.0179
LCNet075 Classic 0.8391 0.0467 0.9028 0.0072 - -
LCNet100 Hybrid 0.8664 0.0476 0.9169 0.0077 +0.0230  +0.0065
LCNet100 Classic 0.8434 0.0533 0.9104 0.0043 - -
LCNet150 Hybrid 0.8293 0.0452 0.8765 0.0114  —0.0069 —0.0409
LCNet150 Classic 0.8362 0.0662 0.9174 0.0040 - -
LCNet200 Hybrid 0.8394 0.0536 0.8768 0.0116  —0.0241 —0.0413
LCNet200 Classic 0.8635 0.0478 0.9181 0.0068 - -

Note: Bold values indicate the best performance within each row.
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Figure 9. Macro-averaged out-of-fold AUC on DermaMNIST for classical and hybrid LCNet back-
bones at different scales.

Taken together, the DermaMNIST experiments show that hybrid LCNet models are
highly effective at compact and intermediate scales, where they substantially improve both
accuracy and AUC while reducing variability in several cases. At larger scales, however,
the advantage shifts back toward classical networks, which deliver higher predictive
performance and greater stability. This pattern suggests that the regularization effect of
quantum layers is most beneficial in constrained, imbalanced medical settings, but does
not scale effectively to deeper architectures.

6. Discussion
6.1. CIFAR-10

On CIFAR-10, the results indicate that hybrid models provide the clearest benefits
at smaller and medium backbone scales, whereas their advantage diminishes as the ar-
chitecture grows larger. As shown in Table 3, hybrid LCNet050 and LCNet075 models
achieved higher mean accuracies (0.7178 and 0.7592) than their classical counterparts
(0.7103 and 0.7490), while also exhibiting notably lower standard deviations across folds
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(0.0074 and 0.0063 versus 0.0151 and 0.0216). This reduction in variance—nearly threefold
for LCNet075—demonstrates that hybridization enhances training stability and generaliza-
tion consistency.

In Table 1, a similar pattern emerges: although classical models retained a marginal
edge in mean AUC values, the hybrid LCNet075 achieved substantially lower micro-
AUC variability (0.0017 vs. 0.0060), indicating more uniform performance across folds.
Such behavior suggests that quantum layers act as a regularizing mechanism, introduc-
ing a controlled form of stochasticity that improves robustness without requiring addi-
tional parameters.

Table 3. Out-of-fold accuracy on the CIFAR-10 dataset for classical and hybrid LCNet backbones.
The A columns show differences between hybrid and classical variants.

Backbone Variant Mean Std A Mean A Std
LCNet050 Hybrid 0.7178 0.0074 +0.0075 —0.0077
LCNet050 Classic 0.7103 0.0151 - -
LCNet075 Hybrid 0.7592 0.0063 +0.0102 —0.0153
LCNet075 Classic 0.7490 0.0216 - -
LCNet100 Hybrid 0.7817 0.0082 —0.0098 +0.0018
LCNet100 Classic 0.7915 0.0064 - -

Note: Bold values indicate the best performance within each row.

The most consistent improvements were therefore observed at smaller and medium
backbone scales, where hybrid models not only achieved higher accuracy but also reduced
variability across folds—pointing to a synergistic interaction between limited classical
capacity and quantum feature transformation. However, once the backbone reached
LCNet100, this benefit plateaued: classical models slightly surpassed hybrids in both
mean accuracy and AUC, implying that larger networks possess sufficient representational
capacity to achieve stable convergence without quantum augmentation. Consequently, the
CIFAR-10 experiments reveal that hybridization is most advantageous under constrained
model capacity, serving as an implicit regularizer in smaller architectures, whereas classical
backbones regain dominance as depth and complexity increase.

6.2. DermaMNIST

The DermaMNIST results further reinforce this scale-dependent behavior while ex-
tending its implications to medical data. As shown in Table 4, hybrid LCNet050 and
LCNet075 achieved mean accuracies of 0.6125 and 0.6377, respectively, outperforming the
classical baselines (0.5457 and 0.5720) by approximately six to seven percentage points.
Importantly, these gains were accompanied by comparable or reduced standard deviations
(0.0116 and 0.0270 versus 0.0231 and 0.0295), confirming that hybridization improves both
predictive power and reliability.

When considering AUC metrics (Table 2), the hybrid models again displayed superior
macro- and micro-AUCs at smaller scales, with LCNet075 achieving 0.8778 macro-AUC
and 0.9207 micro-AUC, compared to 0.8391 and 0.9028 for the classical counterpart. The
improvement in hybrid performance was accompanied by lower or similar standard devia-
tions, emphasizing that quantum integration contributes not merely to higher averages but
also to more stable outcomes across folds. Even at LCNet100, hybrids maintained a modest
advantage in mean values despite slightly increased variability.

However, for the largest backbones (LCNet150 and LCNet200), the classical archi-
tectures regained superiority, showing both higher mean AUCs and smaller variances.
This reversal suggests that as the classical network’s representational power increases, the
incremental benefits of the quantum layer diminish. At that scale, the added stochasticity
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may even hinder convergence, producing less stable learning dynamics. Thus, the DermaM-
NIST experiments corroborate the CIFAR-10 findings: hybrid quantum-—classical integration
yields measurable benefits primarily in compact architectures, where it compensates for
limited expressive capacity and enhances training consistency.

Table 4. Out-of-fold accuracy on the DermaMNIST dataset for classical and hybrid LCNet backbones.
The A columns show differences between hybrid and classical variants.

Backbone Variant Mean Std A Mean A Std
LCNet050 Hybrid 0.6125 0.0116 +0.0668 —0.0115
LCNet050 Classic 0.5457 0.0231 - -
LCNet075 Hybrid 0.6377 0.0270 +0.0657 —0.0025
LCNet075 Classic 0.5720 0.0295 - -
LCNet100 Hybrid 0.6121 0.0221 +0.0357 —0.0089
LCNet100 Classic 0.5764 0.0310 - -
LCNet150 Hybrid 0.5581 0.0309 —0.0298 +0.0053
LCNet150 Classic 0.5879 0.0256 - -
LCNet200 Hybrid 0.5554 0.0300 —0.0581 +0.0095
LCNet200 Classic 0.6135 0.0205 - -

Note: Bold values indicate the best performance within each row.

6.3. General Insights and Implications for Medical Data

Collectively, these findings reveal that the primary strength of hybrid quantum-—classical
models lies not in outperforming classical networks across all configurations, but in en-
abling smaller architectures to achieve comparable or superior generalization with reduced
variability. The combination of higher mean accuracy and lower standard deviation in
smaller LCNet hybrids highlights the potential of quantum layers as implicit regularizers,
particularly valuable when data or computational resources are limited.

This effect is especially relevant for medical imaging, where class imbalance and small
sample sizes often amplify overfitting risks. On DermaMNIST, hybrid models not only
improved average accuracy and AUC but also provided more consistent results across
folds—an essential property in clinical contexts where stability and reliability are critical.
These observations suggest that quantum transformations can act as a controlled source of
noise that promotes smoother optimization landscapes, reducing sensitivity to initialization
and sample variation.

While classical models continue to outperform hybrids at larger scales, the demon-
strated efficiency of smaller hybrid architectures offers an appealing pathway for resource-
constrained or edge medical applications. By achieving competitive results with fewer
parameters and enhanced consistency, hybrid LCNet variants represent a promising direc-
tion for practical quantum-assisted medical image analysis under NISQ-era constraints.

From a physical perspective, the present study does not disentangle whether the
observed improvements in stability arise primarily from quantum effects such as super-
position and entanglement or from the stochastic behavior of the simulated circuits. All
quantum layers in our experiments are implemented using Pennylane simulation software
on classical hardware, and no explicit modeling of device-level noise is performed. As a
result, the reported gains should be interpreted as simulator-based evidence for the useful-
ness of quantum-inspired transformations in hybrid architectures. Confirming whether the
same stability patterns persist on real NISQ hardware, where decoherence and gate errors
are inherently present, remains an important direction for future work.
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6.4. Limitations and Future Research Directions

While our study provides evidence for the critical role of classical backbone architec-
ture in HNN performance, several limitations present valuable avenues for future research,
particularly in the context of medical applications.

A primary limitation is the phenomenological nature of our findings: we have doc-
umented that backbones like LCNet respond differently to hybridization, but a deeper,
mechanistic explanation for why should be researched thoroughly. Future work should
move beyond performance metrics to analyze the internal representations and training
dynamics of these hybrid models. Investigating factors such as gradient flow, the effect
of specific classical modules (e.g., in MobileNetV3), and the interaction between classical
feature maps and the quantum latent space could yield a principled theory of architectural
compatibility, which is essential for rational HNN design.

The use of a simple, RY-based circuit raises a fundamental question: are the observed
benefits uniquely quantum, or do they stem from introducing a well-initialized, non-linear
stochastic layer? To isolate the source of improvement, future investigations must include
ablation studies with classical probabilistic layers of comparable parameter count. Further-
more, exploring more complex quantum schemes is crucial to determine if more expressive
quantum transformations can provide gains that are definitively beyond classical approx-
imation, especially for capturing complex, hierarchical features in medical data. More
rigorous statistical analyses—including confidence interval estimation and paired signifi-
cance testing—represent an important direction for future work and will be incorporated
in subsequent studies to strengthen the reliability of performance comparisons.

Our findings on DermaMNIST are promising but preliminary. The term “medical
applications” encompasses a vast diversity of imaging modalities (from dermatology and
radiology to histopathology and ophthalmology that is partially represented by other
subsets in MedMNIST dataset) each with unique challenges. A significant and necessary
next step is to validate these architectural guidelines across the broader MedMNIST set of
subdatasets including the following aspects.

*  Modality Variation: Testing on sub-datasets like PathMNIST (histology), OrganM-
NIST (CT scans), and PneumoniaMNIST (X-rays) to assess performance across 2D and
3D structures, color vs. grayscale, and different disease paradigms.

*  Scale and Resolution: Progressing from the low-resolution (28 x 28, 32 x 32) bench-
marks in MedMNIST to its larger variants and eventually to full-scale, high-resolution
clinical datasets. This will critically test the scalability of the observed effect for hy-
bridization and its practicality for real-world diagnostic tasks where image detail
is paramount.

¢ Data Imbalance and Generalization: Intentionally studying HNN performance on
the more challenging, imbalanced MedMNIST subsets to rigorously evaluate their
claimed robustness and generalization, a property of high clinical value.

Addressing these aspects will be critically important in transitioning hybrid quantum-
classical neural networks from a promising concept on standardized benchmarks to a
reliable tool for computer-aided diagnosis in real-world clinical environments.

7. Conclusions

This study systematically evaluated the influence of lightweight convolutional back-
bones on the performance of hybrid quantum-—classical neural networks for medical appli-
cations in MedMNIST dataset. By embedding parameterized quantum layers into LCNet
models and testing them on both the general-purpose CIFAR-10 dataset and the medical
DermaMNIST dataset, we demonstrated that hybridization can provide measurable bene-
fits under specific conditions. The most consistent improvements were observed at smaller
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and medium backbone scales, where hybrid LCNet models not only achieved higher mean
accuracy but also exhibited markedly lower standard deviations across folds. This dual
enhancement—improved central performance and reduced variability—demonstrates that
quantum layers contribute to both accuracy and reliability. On DermaMNIST in particular,
hybrids delivered substantial gains in both accuracy and AUC, highlighting their potential
for handling imbalanced and clinically relevant data. At the same time, the experiments
revealed that these benefits do not scale uniformly. For larger backbones, classical models
regained their advantage, achieving higher accuracy and more stable AUC values. This
indicates that while quantum layers act as an effective regularizer in resource-constrained
settings, their contribution diminishes as the expressive power of the classical architec-
ture increases. Overall, the results suggest that hybrid quantum-classical models hold
promise as efficient alternatives to purely classical designs, particularly when training data
is limited or when model size must remain compact. Their ability to enhance stability and
performance in smaller networks points toward practical use cases in medical imaging,
where lightweight but reliable models are often required. Future research should explore
scalability across broader datasets and investigate hardware implementations that may
further unlock the potential of hybrid quantum-—classical learning for medical applications.
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