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Abstract. The automated classification of Optical Coherence Tomog-
raphy (OCT) images is critical for the early diagnosis of retinal diseases
such as choroidal neovascularization, diabetic macular edema and drusen.
Classical deep networks achieve high accuracy but often require mil-
lions of parameters and significant computational resources. We present
a hybrid Quantum Transfer Learning (QTL) framework combining a
fine-tuned ResNet34 encoder with a variational quantum circuit (VQC)
classifier for multi-class OCT classification. The classical backbone is par-
tially fine-tuned—its first two layers remain frozen while the third and
fourth blocks are adapted to OCT textures—and a classical projection
reduces the 512-dimensional feature vector to a 5-dimensional input for a
VQC acting on five qubits. Hyperparameters such as qubit count and cir-
cuit depth are selected via Particle Swarm Optimization (PSO). Exper-
iments on the OCT2017 dataset show that the proposed model achieves
89.38% accuracy, supporting the feasibility of a parameter-efficient hy-
brid alternative for medical image classification under NISQ-inspired
constraints. The results support the feasibility of hybrid quantum—classical
models for medical imaging in the Noisy Intermediate-Scale Quantum
era.
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1 Introduction

Optical Coherence Tomography (OCT) produces high-resolution cross-sectional
retinal images and is widely used in clinics for early diagnosis and monitoring of
retinal diseases. Manual interpretation of OCT volumes is time-consuming and
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subject to inter-observer variability, motivating automatic classification systems.
Convolutional neural networks (CNNs) and transfer learning achieve state-of-the-art
results on medical images[1-3], yet their large parameter counts and training
cost may limit deployment. Recent advances in quantum computing and quan-
tum machine learning suggest that hybrid quantum-—classical models could offer
parameter-efficient alternatives[4—6].

As emphasised in ophthalmology literature, the early detection of retinal
pathologies such as choroidal neovascularisation, diabetic macular oedema and
drusen is vital for preventing vision loss. OCT provides micrometre-resolution
cross-sections of retinal layers, allowing clinicians to visualise subtle structural
changes. However, analysing large OCT volumes manually places a heavy work-
load on experts and may introduce subjective bias. Automated interpretation
based on deep learning seeks to assist clinicians by rapidly screening for disease
patterns with high sensitivity and specificity, while maintaining reproducibility
across hospitals.

Traditional CNNs excel at feature extraction but typically involve tens of mil-
lions of learnable parameters and require significant GPU resources for training
and inference. Such computational demands may limit their adoption in clini-
cal settings where hardware is scarce or rapid deployment is needed. Moreover,
purely classical models are sometimes criticised for limited flexibility in mod-
elling decision boundaries under class imbalance or small dataset regimes. These
constraints motivate the exploration of hybrid quantum-—classical strategies that
aim to reduce the number of trainable parameters while preserving classification
accuracy.

In parallel, the field of quantum computing has witnessed rapid progress,
yet current devices operate in the Noisy Intermediate-Scale Quantum (NISQ)
regime with limited qubits and coherence times. Hybrid approaches that offload
heavy feature extraction to classical networks and use shallow quantum circuits
for decision making represent a feasible pathway towards near-term quantum ad-
vantage. In this context, Quantum Transfer Learning (QTL) leverages pretrained
classical encoders to generate compact feature vectors that are subsequently pro-
cessed by variational quantum circuits (VQCs). The integration of classical and
quantum modules yields a learning pipeline that is both hardware-aware and
adaptable to real-world medical imaging tasks.

Hybrid schemes leverage classical networks for feature extraction while dele-
gating the decision stage to a variational quantum circuit (VQC). In Quantum
Transfer Learning (QTL), a pretrained CNN provides high-level feature vectors
that are encoded into a quantum state and processed by a parametrised quan-
tum circuit[7, 8]. The circuit parameters are updated via classical optimisation,
reflecting the variational quantum algorithm approach[9]. Current NISQ devices
have limited qubit counts and are susceptible to noise; therefore, hybrid archi-
tectures offer a feasible intermediate solution between model expressivity and
hardware limitations.

This paper proposes a QTL approach tailored for multi-class OCT classifi-
cation. We partially fine-tune a ResNet34 backbone on the OCT2017 dataset,
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project its 512-dimensional feature vectors onto a five-dimensional subspace, and
classify them with a depth-12 VQC acting on five qubits. Particle Swarm Opti-
mization (PSO) selects optimal values for qubit count, circuit depth and other
hyperparameters. The contributions are: (i) demonstrating a hybrid CNN-VQC
architecture with partial fine-tuning for OCT classification, (ii) introducing PSO-
based hyperparameter selection for quantum circuits, and (iii) reporting exper-
imental results that evaluate the feasibility of hybrid classification under con-
strained quantum resources.

The remainder of the paper is organised as follows. Section 2 summarizes
related hybrid quantum—classical approaches. Section 3 describes the pretrained
CNN, VQC design, PSO optimisation and the full QTL pipeline. Section 4 details
the dataset, evaluation metrics and experimental setup. Section 5 presents the
results and comparisons. Conclusions and future research directions are discussed
in Section 6.

2 Related Work

Hybrid quantum-—classical learning combines classical representation learning
with quantum decision making to address the limitations of NISQ devices. Early
studies explored variational quantum classifiers operating on small classical fea-
ture sets[5]. Matic et al. evaluated several hybrid CNN—quantum classifiers for
radiology and observed performance comparable to classical networks under con-
trolled settings[10]. Azevedo et al. applied transfer learning with quantum layers
to mammography, reporting improved generalisation[11]. Khan et al. proposed a
hybrid quantum CNN for brain tumour classification, demonstrating high accu-
racy with fewer parameters[12]. Radhi et al. reviewed quantum machine learn-
ing in medical imaging and emphasised the need for standardised datasets and
benchmarking protocols[13].

Subsequent works refined the quantum layer design. Ajlouni et al. introduced
adaptive hybrid quantum CNNs with tunable entanglement structures for vari-
ous imaging tasks[14]. Senokosov et al. compared parallel quantum circuits and
quanvolution layers on MNIST and Medical MNIST, highlighting the poten-
tial of quantum feature mapping[15]. Jain et al. applied QTL to fundus images
for diabetic retinopathy detection, providing preliminary evidence of quantum
advantages on retinal data. While these studies illustrate promising directions,
systematic evaluations on multi-class OCT classification remain limited. Our
work addresses this gap by integrating a partially fine-tuned ResNet34 encoder
with a VQC and systematically tuning quantum hyperparameters via PSO.

Beyond these pioneering efforts, several authors have examined how classical
transfer learning can be seamlessly combined with variational quantum circuits.
For instance, the work by Radhi et al. synthesises results from a broad range
of applications—ranging from dermatological lesion analysis to volumetric MRI
classification—and concludes that hybrid architectures often match classical ac-
curacy with far fewer trainable weights. Ajlouni et al.’s adaptive quantum CNN
explores dynamic entanglement patterns to adapt the quantum layer’s expressive
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power to the complexity of the input data. Senokosov et al. demonstrate that
even simple quanvolutional layers, which apply fixed quantum filters to image
patches, can enrich feature representations when appended to classical CNNs.
These studies collectively highlight that quantum circuits are versatile compo-
nents that can be tailored to specific imaging modalities and that their integra-
tion into classical frameworks requires careful hyperparameter tuning. Despite
these advances, the application of QTL to OCT data—where three disease classes
and normal retina must be discriminated—remains largely unexplored. There-
fore, our study contributes by systematically evaluating a hybrid CNN-VQC
model on the OCT2017 benchmark with a rigorous PSO-based hyperparameter
search.

3 Methodology

Our hybrid framework comprises a classical encoder, a variational quantum clas-
sifier and a PSO-driven hyperparameter search. Key components are summarised
below.

3.1 Pretrained CNN and Feature Extraction

We employ a ResNet34 pretrained on ImageNet as the classical encoder. To adapt
high-level representations to OCT data while maintaining general features, we
freeze the initial two residual blocks and fine-tune the third and fourth blocks
on the OCT2017 training set. For an input image x, the encoder outputs a
512-dimensional feature vector h = ¢(x;1)) defined by Eq. (1). The network’s
class probabilities are obtained using the softmax function in Eq. (2).

h=¢(x;9), heR™ (1)

p = softmax(o), p. = __owlod) (2)

S5 exp(o))

ResNet34 comprises an initial convolutional stem followed by four sequen-
tial residual blocks that facilitate the training of deep networks by introducing
identity skip connections|2]. These residual connections allow gradients to flow
directly to earlier layers, mitigating the vanishing gradient problem. In transfer
learning scenarios, the early convolutional layers tend to extract generic edge
and texture primitives, whereas deeper layers learn task-specific abstractions.
By freezing the first two blocks, we preserve features learned from the large-
scale ImageNet dataset, which are also relevant for OCT textures. Fine-tuning
the third and fourth blocks allows the model to specialise its representations to
the subtle morphological differences between CNV, DME, drusen and normal
retina while keeping the parameter count modest.
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3.2 Classical-Quantum Projection and VQC

The high-dimensional features are projected to a low-dimensional vector z =
g(h;w) (Eq. (3)) using a learnable linear layer, reducing the 512 dimensions
to n elements matching the number of qubits. Each component of z deter-
mines the rotation angle of a single-qubit gate. The variational quantum circuit,
specified in Eq. (4), consists of angle embedding followed by layers of parame-
terised single-qubit rotations and entangling CNOT gates. The measurement of
n Pauli-Z expectation values yields a real-valued vector s(z) € R™. These expec-
tations are mapped via a classical post-processing network to the final output.

z=gh;w), zeR" (3)

sip(z) = <0®"|UT(Z,0) ZrU(2,0)[0°™), k=1,...,n (4)

We adopt an angle-embedding strategy wherein each element of z is encoded
into the rotation angle of a R, gate acting on an individual qubit[5]. This encod-
ing preserves the ordering of features and enables continuous parameterisation
of qubit states. Following the encoding layer, we stack d layers of a strongly
entangling ansatz composed of trainable R, rotations and entangling CNOT
gates arranged in a circular pattern. Entanglement is essential for modelling
correlations that cannot be captured by separable qubit states, and the circuit
depth d controls the expressive power of the quantum model. In our experi-
ments, PSO selects n = 5 and d = 12 as optimal settings. After measurement,
the resulting expectation values are passed to a classical dense layer with h hid-
den units (here h = 166) and a ReLU activation, followed by a softmax output.
This post-processing stage allows the hybrid model to learn complex decision
boundaries in classical space while keeping the quantum circuit shallow.

3.3 Particle Swarm Optimisation

Selecting the qubit count n, circuit depth d and learning rate n crucially impacts
performance. We adopt Particle Swarm Optimisation (PSO) for data-driven hy-
perparameter tuning. Each particle encodes a candidate configuration [n, d, n, gs, k],
where g5 is a circuit initialisation scale and h denotes the number of hidden units
in the post-processing network. Particle positions and velocities are updated ac-
cording to Egs. (5)—(6). The objective function, defined in Eq. 7, maximises
validation accuracy over a small number of epochs. Table 1 lists the optimal
hyperparameters obtained by PSO and used in final training.

Vf+1 =wvl+eri(pl —xt) + cora (gt — xb), (5)
it x4yt ©
A* = argmax Accya(A) (7)

Ae?
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Table 1. Best hyperparameters obtained via PSO (configuration used in the final
training).

Hyperparameter Value

Learning rate 0.002587
Quantum circuit depth (gaeptn) 12
Quantum step parameter (¢gs)  0.0286

Number of hidden units 166
Batch size 60
Number of qubits (ngubits) 5

PSO is a population-based heuristic that simulates a flock of particles explor-
ing the search space[16]. At each iteration, a particle moves towards a weighted
combination of its own best-known position and the swarm’s global best. The in-
ertia term encourages exploration, while cognitive and social coefficients balance
individual and collective learning. Unlike gradient-based methods, PSO does not
require derivative information and can handle discrete or non-smooth objective
landscapes. In our implementation, we initialise the swarm with random hyper-
parameter vectors drawn from a predefined range, evaluate the corresponding
models on the validation set using a few training epochs, and iteratively update
particle positions. After convergence, the best configuration is adopted for full
training on the combined training and validation sets.

3.4 Quantum Transfer Learning (QTL)

Quantum Transfer Learning (QTL) extends the classical transfer learning ap-
proach to the domain of quantum machine learning by combining a pretrained
classical model with a parametrised quantum circuit. In classical transfer learn-
ing, features learned on a source task are reused on a target task; QTL retains
this idea but performs the final decision stage on a quantum device. The aim
is to exploit the strong representational power of deep neural networks while
capitalising on the expressive capacity of quantum circuits for low-dimensional
decision boundaries. Heavy data processing and feature extraction remain on
the classical side, whereas the quantum circuit handles the classification of a
compact feature vector. This division of labour is particularly suitable for cur-
rent NISQ devices, which offer a limited number of qubits and are sensitive to
noise|17, 6].

In the QTL framework, the pretrained classical encoder is typically used as a
fixed or partially fine-tuned feature extractor, preserving the knowledge acquired
from large datasets and avoiding the need to train millions of parameters in
tandem with the quantum circuit. The quantum component, usually a variational
quantum circuit, serves as the learnable classifier. Its parameters are updated
using classical optimisation routines, leading to a training loop closely resembling
that of classical neural networks|[5, 4]. This hybrid training scheme enables the
seamless integration of quantum models into established deep learning workflows.



QTL with Pretrained CNN Features 145

Concept and Definition The core idea behind QTL is to leverage a pre-
trained classical network ¢ to map an input image x to a high-dimensional
feature vector h = ¢(x;1) and then use a quantum circuit as a classifier acting
on a low-dimensional representation of h. The classical network provides rich,
transferable representations learned from large image datasets, while the quan-
tum circuit offers a potentially more expressive decision function with a small
number of trainable parameters. Because the classical features are reused, the
quantum circuit can remain shallow—an important consideration for NISQ hard-
ware. During training, only the parameters of the projection layer, the quantum
circuit and the post-processing network are updated, keeping the early convolu-
tional layers of the encoder fixed. This approach reduces the trainable parameter
burden of the decision stage and may help mitigate overfitting when labelled
medical data are scarce.

Classical-to-Quantum Feature Mapping A critical step in QTL is mapping
the high-dimensional classical features h € R®!2 to a vector z € R™ compatible
with an n-qubit quantum circuit. In our framework, this is accomplished by a
learnable linear projection g as defined in Eq. (3). The projection reduces the
dimensionality of the feature space from 512 to n (with n = 5 in our experi-
ments) and is trained jointly with the quantum circuit. Although such a drastic
reduction may induce information loss, the projection layer and the variational
quantum circuit are trained jointly so that the compressed representation can
still retain discriminative information relevant to the final classification task.
After projection, each element of z is encoded into the quantum circuit via angle
embedding, where the value determines the rotation angle of a single-qubit R,
gate. This embedding procedure allows continuous classical values to influence
quantum states directly. The choice of projection dimension n and the specific
encoding strategy are design decisions that influence the balance between hard-
ware constraints and model capacity|5].

The classical-quantum feature mapping thus functions as a bridge between
the extensive feature representations learned by the CNN and the restricted qubit
space of the quantum circuit. By optimising the projection layer and the quan-
tum circuit parameters together, the QTL model adapts the classical features
to the quantum domain while supporting effective decision formation through
subsequent classical post-processing.

3.5 Quantum Transfer Learning Pipeline

Figure 1 illustrates the complete pipeline. An OCT image is passed through
the partially fine-tuned ResNet34 to extract 512 features. These are linearly
projected to a 5-dimensional vector (for n = 5 qubits) and encoded into the
quantum circuit via angle embedding. The depth-12 VQC produces expecta-
tion values which are fed into a classical network with 166 hidden units and a
softmax output. The entire projection layer, quantum circuit parameters and
post-processing weights are trained end-to-end using the cross-entropy loss on
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the training set. Hyperparameters are fixed from the PSO stage to ensure repro-
ducibility.

Classical Encoder Quantum Circuit (5 Qubits)

Input Image ! ResNet3dd | [ ResNet3d | _ o
(224x224, RGB) ' (Layers 1-2)  p| (Layers 3-4)
- | Frozen || Fine-Tuned

Strongly Entangling
> Layers (d=12) |-

(R,, CNOT)

Linear Projection
(512 — 5)
+ Tanh + Scale

Measurement
(Pauli-Z)

zc® | Angle Embedding
(R, Gates)

512 Features

Output Layer Hidden Layer
(4 Classes) (166 Units)
Softmax ReLU + Dropout

Classical Classifier (PSO Optimized)

Fig.1. The proposed hybrid architecture. The ResNet34 backbone is partially
fine-tuned (Layers 3-4) to extract 512-dimensional features. These are projected to
a b-qubit quantum state, processed by a variational quantum circuit (depth=12), and
classified by a classical dense network (166 hidden units) optimised via PSO.

4 Experiments

4.1 Dataset and Preprocessing

We evaluate the proposed QTL framework on the OCT2017 dataset, which con-
tains OCT slices of four classes: CNV, DME, drusen and normal retina[3]. Images
are resized to 224 x 224 pixels and converted to three-channel inputs by duplicat-
ing the grayscale image across RGB channels. To enhance generalisation, random
rotations and horizontal flips are applied during training. We build a balanced
subset with 200 images per class for training and validation, reserving a separate
test set for performance assessment.

The OCT2017 dataset comprises over 109,000 B-scan slices drawn from 4,686
patients, with class distributions heavily skewed towards CNV and normal cate-
gories[3]. To manage the computational cost of quantum simulation while ensur-
ing class balance, we sample 800 images (200 per class) for training and validation
and another 800 images for testing. Prior to augmentation, each grayscale im-
age is histogram normalised and padded to preserve aspect ratio before resizing
to the required input dimensions. During training, we apply random 10-degree
rotations and horizontal flips with probability 0.5 to mitigate overfitting. No
augmentation is applied to the validation or test sets.

4.2 Experimental Setup

Training is performed on the TRUBA high-performance computing infrastruc-
ture using CUDA-accelerated GPUs for the classical network and the simulation
of the quantum circuit. The quantum circuit is simulated under a noise-free as-
sumption. Training and validation splits are fixed, and PSO uses only the valida-
tion subset. The performance metrics—accuracy, precision, recall and F1-score—are
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computed on the held-out test set using Eqs. (8)—(9). A confusion matrix visu-
alises class-wise predictions.

Sty TP
A — =1 " 8
ccuracy N (8)
c
1 2-TP;
Flmacro = —§ ¢ 9
0 4 2-TP; + FP; + FN, ©)

Our experiments utilise the PyTorch framework for classical computations
and PennyLane for quantum circuit simulation. Each model is trained using the
Adam optimiser with the learning rate n selected by PSO and a mini-batch
size of 60. Early stopping on the validation accuracy prevents overfitting. The
classical encoder’s fine-tuned layers and the projection, quantum circuit and
post-processing parameters are trained jointly for 30 epochs using cross-entropy
loss. Quantum simulations are performed in an idealised noise-free environment;
investigating the effect of realistic noise models and error-mitigation techniques
is left for future work.

5 Results

This section presents the experimental results of the proposed Quantum Transfer
Learning (QTL) approach on the OCT2017 dataset. All results were obtained
on the test dataset that was kept completely independent from the training and
hyperparameter optimization processes. The performance metrics of the final ex-
periments performed using the optimal configuration determined by PSO-based
hyperparameter optimization are reported below.

The proposed QTL model achieved 89.38% accuracy on the test set. This
result shows that the hybrid classical-quantum approach provides a feasible and
stable performance under the evaluated experimental setting for the multi-class
medical image classification problem. The macro-averaged precision, recall and
F1-score were calculated as 0.8948, 0.8938 and 0.8929, respectively. These metrics
indicate that the model exhibits a balanced performance across classes and does
not overfit to a single class.

When the class-wise performance analysis is examined, it is seen that the
highest Fl-score (0.9417) is obtained for the NORMAL class. This indicates
that the model can distinguish healthy retina images with high accuracy. The
F1-scores for the CNV and DME classes were calculated as 0.8822 and 0.8889,
respectively, indicating high and consistent classification performance for these
classes as well. In the DRUSEN class, however, the recall is relatively lower
(0.8050), while the precision is high (0.9200). This result shows that the model
makes more cautious decisions in the DRUSEN class and limits false positive
predictions.

The class-wise precision, recall and F1-score values obtained are presented
in Table 2. The results show that the model generally exhibits balanced perfor-
mance across classes; however, the DRUSEN class has relatively low recall.
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Table 2. Class-wise performance results on the test set.

Class Precision Recall F1l-score Support
CNV 0.8844 0.8800 0.8822 200
DME 0.8598 0.9200 0.8889 200
DRUSEN 0.9200 0.8050 0.8587 200
NORMAL 0.9151 0.9700 0.9417 200
Accuracy 0.8938 800

Macro avg 0.8948 0.8938 0.8929 800
Weighted avg 0.8948  0.8938 0.8929 800

Table 3. Comparison of the proposed hybrid QTL approach with state-of-the-art
studies.

Study Method Accuracy (%)
Kermany et al. [3] InceptionV3 (Transfer Learning) 96.60
Lee et al. [18] VGG16 (Deep Learning) 93.45
Rong et al. [19] Surrogate-assisted CNN 94.20

Proposed Method Hybrid ResNet34 + VQC (Ours) 89.38

The class-wise decision behaviour of the model was examined in more detail
via the confusion matrix presented in Fig. 2. A closer inspection shows that
the NORMAL class is the most separable category, with the lowest error rate
among all classes. The DME and CNV classes also exhibit strong classification
performance, although a limited degree of confusion is observed between them,
which may be attributed to partially overlapping retinal patterns. In contrast,
DRUSEN remains the most challenging class, consistent with its lower recall
reported in Table 2. Overall, the confusion structure indicates that most errors
are concentrated among clinically similar disease categories, whereas healthy
retina images remain comparatively easier to distinguish.

The PSO-based hyperparameter optimization determined that 5 qubits, a
quantum circuit depth of 12, and a learning rate of approximately 0.0026 provide
a balanced structure between the expressive power of the variational quantum
circuit and training stability. The results obtained under this configuration show
that the quantum classifier component functions effectively as a decision maker
on the classical features extracted by the pretrained CNN.

As seen in Table 3, classical deep learning models still achieve higher classifi-
cation accuracy on OCT2017. Nevertheless, the proposed hybrid model operates
under a highly compressed 512-to-5 feature interface and a limited quantum pa-
rameter space. Therefore, its contribution should be interpreted as a parameter-
efficient proof-of-concept for low-dimensional hybrid decision modeling under
constrained quantum resources, rather than as evidence of superiority over high-
capacity classical CNNs. The results indicate that a fine-tuned ResNet34 back-
bone coupled with a variational quantum circuit can preserve discriminative
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Confusion Matrix
Test Accuracy: 0.8938
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Fig. 2. Confusion matrix of the proposed QTL model on the independent test set. Each
class contains 200 samples, enabling direct inspection of class-wise error distributions
and absolute misclassification counts.

class information under severe dimensional and quantum resource constraints.
In this respect, the study supports the feasibility of quantum transfer learning
for medical imaging in the NISQ-inspired setting considered here.

Overall, the experimental results obtained show that the proposed Quan-
tum Transfer Learning approach provides a feasible, balanced and interpretable
performance for the multi-class medical image classification problem. When the
quantitative performance metrics and confusion matrix analysis are evaluated
together, it can be seen that the hybrid classical-quantum architecture makes a
meaningful contribution to the classification process.

6 Conclusion

In this study, a hybrid Quantum Transfer Learning (QTL) approach that brings
together classical and quantum learning components for the multi-class medical
image classification problem has been proposed. The proposed method aims to
leverage the powerful representation extraction capacity of a pretrained convo-
lutional neural network and combine it with a variational quantum circuit, in
order to exploit quantum learning models at the decision stage.
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Experimental results, based on evaluations performed on the OCT2017 dataset,
show that the proposed QTL approach provides a feasible and stable proof-of-
concept for the multi-class medical image classification problem. The results
obtained under the quantum circuit configuration determined by PSO-based hy-
perparameter optimization indicate that the quantum classifier component can
operate effectively on the deep features extracted by the classical CNN within
the evaluated experimental setting. Class-wise performance metrics and confu-
sion matrix analysis further show that the model can draw balanced distinctions
among classes, while most errors remain concentrated among clinically similar
categories.

An important advantage of the proposed approach is the reduction of the
parameter count by freezing the first two layers of the ResNet34 backbone and
fine-tuning the deeper layers (Layers 3—4), while allowing the quantum circuit
to be trained in a smaller, controllable parameter space. This structure provides
a useful framework for studying hybrid quantum-—classical models under near-
term quantum constraints, particularly in settings where parameter efficiency
and low-dimensional decision modeling are of interest. Moreover, PSO-based
hyperparameter selection allowed for a more systematic model configuration by
reducing experimental bias in quantum circuit design.

However, in this study, quantum circuit simulations were conducted under
the assumption of an ideal and noise-free environment. The effects of noise and
errors that may arise on real quantum hardware were left outside the scope
of this work. Future studies plan to evaluate the proposed QTL approach on
noisy quantum circuits, to investigate different quantum ansatz structures, and
to conduct comprehensive comparisons with larger datasets. In addition, the
applicability of the quantum component to different clinical imaging modalities
is regarded as an important direction to be investigated in the future.

In conclusion, this study demonstrates that hybrid approaches based on the
combined use of classical deep learning and quantum learning models offer a
promising research direction for medical image classification problems. The find-
ings support that the Quantum Transfer Learning approach provides a viable
and open framework for research in the context of near-term quantum technolo-
gies.
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