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Abstract

The COVID-19 pandemic claimed numerous lives, and led to the develop-
ment of new tools for disease treatment. Initial diagnosis using X-rays can
now identify COVID-19-infected individuals, and significant research has
promoted neural networks for X-ray image classification. Quantum technol-
ogy is also gaining interest, with intriguing properties such as superposition
and entanglement. This study proposed a Quantum Neural Network (QNN)
for X-ray image classification to investigate the relationship techniques
between layer expansion and quantum circuits, measured by expressibility
and entanglement capability. The results showed that both metrics signif-
icantly affected model accuracy. Seven circuits were tested, each with six
layers, to examine their impact on model performance. The experiments
yielded an accuracy of 95%, with highly effective image classification cir-
cuits exhibiting a balanced relationship between entanglement capability and
expressibility.
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1 Introduction

In late 2019, the World Health Organization (WHO) declared COVID-19,
or SARS-CoV-2, a global pandemic. The pathogen is a virus that causes the
common cold and also other types of respiratory infections. Those infected
experience symptoms such as fever, sore throat, chest pain, loss of taste
or smell, or even death. The disease seriously impacted the public health
system [1–4]. The report revealed a large cumulative death toll. One major
problem was the delay in diagnosis due to the overload of the patient system,
which directly impacted treatment effectiveness and patient safety [5–7].
Many hospitals are now using Artificial Intelligence (AI) to diagnose various
diseases [8] and assist radiologists in evaluating medical images such as X-
rays or CT scans. This reduces the workload and increases the speed of
screening [9, 10]. However, as medical image data becomes more detailed
and complex, current classical AIs face limitations in terms of computing
resources, leading to long training times.

This study focused on a novel approach by applying quantum computing
in conjunction with artificial neural networks. The research leveraged the key
properties of quantum mechanics, such as superposition and entanglement,
to improve the efficiency of medical image classification. This approach
processed high-dimensional data better than classical technology to provide
an effective alternative for disease diagnosis.

2 Literature Review

AI has now become a key foundation for the development of automated med-
ical diagnostic systems through the use of neural networks [11]. However,
building efficient models requires vast amounts of data and long learning
times. Integrating quantum technology with machine learning has spawned
a fascinating new field called Quantum Machine Learning (QML), which
now plays a significant role in medical diagnoses. QML can be used to
detect tumors, as well as diagnose pneumonia or COVID-19. QML still
has hardware limitations, but is as efficient or even better than classical
machine learning [12]. Current research approaches follow two main direc-
tions, as the use of classical deep learning models and the use of QML
technology.

Previous research focused on the deployment of pre-trained Convolu-
tional Neural Network (CNN) architectures, such as [13] RCBAM-CNN
techniques. These were introduced to improve the detection and classification
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of lung cancer from X-ray images, achieving a high accuracy of up to 99.72%.
Khan et al. [14] proposed a CNN model, or CoroNet, along with Xception,
while Gupta et al. [15] compared multiple architecture models, including
VGGNet-19, ResNet50, Inception, and ResNet V2. Highly complex models
such as Inception and ResNet V2 provided up to 94% accuracy. However,
classical research has shown that the performance of a model often varies
depending on the amount of available training data. This is a limitation in
cases with scant medical imaging data, requiring large computing resources
and long training periods.

QML has been applied to extract complex features from images [16].
Quantum Neural Networks (QNNs) can provide accuracy of up to 98.92%
when compared to MobileNet and VGG16. The main advantage of QNNs
is their ability to handle complex problems and use fewer parameters than
classical models. El Maouaki et al. [17] studied the robustness of Quanvo-
lutional Neural Networks (QuNNs) compared to CNNs. When faced with
adversarial attacks, QuNNs were 60% more robust than CNNs on the Mod-
ified National Institute of Standards and Technology (MNIST) dataset and
40% more robust on the Fashion-MNIST (FMNIST) dataset, while QML
was more accurate and used fewer parameters than classical models (see
Table 1).

The optimization of QNNs also depends on the design of Parameterized
Quantum Circuits (PQCs). Sim’s research [18] identified two key indica-
tors as expressibility, the ability to access Hilbert space, and entangling
capability, the ability to create entanglement. Circuits with high express-
ibility tend to have a positive effect on model learning. However, recent
research [19] has found an interesting counterargument that the relationship
between entangling capability and accuracy is low, aligning with the idea that
excessive entanglement can negatively impact the model’s learning process
(see Table 1).

This research presented a QNN for X-ray image classification to identify
COVID-19-infected individuals. COVID-19 differs from other types of lung
disease, and the correct diagnosis is difficult without sufficient expertise. The
core of quantum technology is quantum circuit design, with currently no fixed
rules for determining the optimal structure. Therefore, this research studied
the relationship between quantum circuits, using indicators that measured
expressibility and entangling capability. Tests were conducted using seven
different quantum circuits, including those with and without entanglement.
Each circuit was tested with seven additional layers to study how the number
of layers affected the model. The model was designed to be flexible to enable
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Figure 1 Classical bit and qubit.

its application in the future for classifying other types of lung diseases or for
broader use in X-ray imaging.

3 Preliminaries

3.1 Quantum Neural Networks

QNNs are a computational model based on the principles of quantum
mechanics, first introduced in 1995 by Subhash Kak [29] and Ron Chris-
ley [30]. A key operating principle of QNNs is their ability to transform bits
from 0 or 1 into qubits, which is important in quantum computing, as shown
in Figure 1. The operating principles in quantum computing are superposition
and entanglement. Superposition is the state in which a qubit can be in both
0 and 1 states simultaneously, as shown in Equation (1):

|ψ⟩ = α|0⟩+ β|1⟩ (1)

Entanglement refers to the process of connecting two or more qubits
together to create a data link or relationship between them. If a change occurs
to one qubit, it will immediately affect other qubits. This phenomenon is
called entanglement.

Quantum gates are analogous to processing instructions in quantum
computers. They have mathematical properties as a unitary matrix, main-
taining a total probability that is always equal to 1. This research divided
gates into two main types based on their function. Non-Entanglement Gates
(Single-Qubit Gates) act on a single qubit and are used for superposition,
phase adjustment, or parameterized rotation without entanglement with other
qubits, while Entanglement Gates (Multi-Qubit Gates) act on two or more
qubits to create entanglement, establishing quantum relationships between
them [31], as shown in Table 2.
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Table 2 Standard quantum gates

Gate Circuit Representation Matrix Representation

X gate: rotates the qubit state by π
radians (180◦) about the x-axis.

X =

(︄
0 1

1 0

)︄

Y gate: rotates the qubit state by π
radians (180◦) about the y-axis.

Y =

(︄
0 −i

i 0

)︄

Z gate: rotates the qubit state by π
radians (180◦) about the z-axis.

Z =

(︄
1 0

0 −1

)︄

Hadamard H =
1√
2

(︄
1 1

1 −1

)︄

Controlled-Not gate CNOT =

⎛⎜⎜⎜⎝
1 0 0 0

0 1 0 0

0 0 0 1

0 0 1 0

⎞⎟⎟⎟⎠

3.2 Quantum Circuit and Unitary Operations

A quantum circuit is a model for quantum computing that uses a series of
quantum gates connected together. Qubits are placed on wires, and these
wires are acted upon by quantum gates. There are n qubits in total. Math-
ematically, the operation of a quantum circuit can be described by the unitary
operation U, which has the important property U†U = I, where U† is the
conjugate transpose of U and I is the identity matrix [32]. For the initial
state |ψin⟩, the resulting state after passing through the circuit |ψout⟩ is
calculated by:

|ψ⟩out = U(θ)|ψin⟩ (2)

This research focused on Variational Quantum Circuits (VQC) or PQCs,
where U(θ) is a function of the parameter θ that can be optimized by classical
algorithms such as Gradient Descent to reduce the loss function of the
system [33]. VQC or PQCs are fundamental components of modern QML
algorithms, including QCNN. The structure of a VQC consists of a quantum
circuit U(θ) that depends on a set of trainable parameters θ. The operation of
a VQC can be represented by:

|ψ(x,θ)⟩ = U(θ)|ϕ(x)⟩ (3)
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Figure 2 Expressibility analysis of different quantum circuit configurations using Kullback-
Leibler (KL) divergence. The values shown are from the simulation.

where |ϕ(x)⟩ is the initial state obtained from classical data encoding and
U(θ) is a circuit consisting of rotation gates and entanglement gates. The
goal is to find the best value of θ through classical optimization to reduce the
loss function [33].

3.3 Expressibility

Expressibility is defined as the measure of a quantum circuit’s capability
to generate quantum states that are uniformly distributed across the Hilbert
space, relative to the distribution of Haar random states [18]. Mathematically,
the expressibility of a PQC is quantified using the Kullback-Leibler (KL)
divergence between the fidelity distribution of the circuit PPQC and the Haar
random distribution (PHaar), as shown in Equation (4):

Expr = DKL(PPQC(F)∥PHaar(F)) (4)

In this context, F = |⟨ψθ|ψϕ⟩|2 represents the fidelity between two states
generated by the circuit with randomly selected parameters θ and ϕ. A lower
expressibility score signifies that the circuit distribution closely matches the
Haar distribution, indicating high circuit expressibility, as shown in Figure 2.

3.4 Entanglement Capability

Entanglement capability (Ent) quantifies the ability of a quantum circuit
to generate entanglement between qubits, which is a fundamental resource
for capturing complex correlations within data. This property is typically
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Figure 3 Evaluation of entangling capability for different quantum circuits using the Meyer-
Wallach entanglement measure. The values shown are from the simulation.

assessed using the Meyer-Wallach measure (Q), The average entanglement
capability over the parameter space θ is defined as [18, 34]:

Ent =
1

|S|
∑︂
θ∈S

Q(|ψθ⟩) (5)

The Meyer-Wallach measure Q for a given quantum state |ψ⟩ is derived
from the purity of the reduced density matrix (ρk) of each individual qubit,
expressed as:

Q(|ψ⟩) = 2

(︄
1− 1

n

n−1∑︂
k=0

Tr(ρ2k)

)︄
(6)

Higher values of entanglement capability indicate a greater capacity of the
circuit to entangle qubits, thereby enhancing the model’s ability to represent
multi-variable relationships, as shown in Figure 3.

3.5 Classification Performance

Metrics that can reflect both the overall accuracy and address class asymmetry
are used to evaluate a model’s ability to classify data. This study used
accuracy and classification reports as the primary tools to measure model
performance.

3.5.1 Accuracy

Accuracy =
TP+ TN

TP+ TN+ FP+ FN
(7)
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3.5.2 Recall
Recall =

TP
TP+ FN

(8)

3.5.3 Precision
Precision =

TP
TP+ FP

(9)

3.5.4 F1-score
F1-score = 2× Precision× Recall

Precision + Recall
(10)

4 Proposed Methodology

The research methodology used to develop and evaluate the performance of
QNNs for chest radiographic image classification covered data preparation,
model architecture, and the design of seven different quantum circuit types.

4.1 Dataset Preparation

This study classified chest X-ray images to detect the presence of COVID-19.
Lesions often appear as unique features on chest photographs, specifically as
abnormalities in the lower lobes of the lungs, and as scatterings of frosted,
mirror-like white patches near the edges of the lungs. This research used a
dataset of chest X-ray images divided into two classes as patients with coro-
navirus disease and healthy people. Figure 4 shows 484 images, divided into
346 images for training, 88 images for validation, and 50 images for testing.

Figure 4 Examples of X-ray images from the dataset, including Normal and COVID-19.
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After model training, the test was conducted using a new, never-before-seen
dataset of 600 images.

4.2 Quantum Neural Network Model

The chest X-ray images were first resized to 64 × 64 pixels and 128 × 128
pixels, then converted to grayscale and adjusted to a 1D vector format suitable
for model input. After resizing, the images were converted to a quantum
state using amplitude encoding. This method replaced the classical data with
qubits, enabling processing within quantum circuits. The 64 × 64 pixel
images used 12 qubits, and the 128 × 128 pixel images used 14 qubits.
The data were then passed through a variable quantum layer and analyzed,
processed, and classified as normal or infected with COVID-19, as shown in
Figure 5. The model parameters are shown in Table 3.

Figure 5 Proposed QNN model architecture for chest X-ray image classification.

Table 3 Parameters of the model
Parameter Name Value
Learning rate 0.01
Batch size 4
Epochs 30
Optimizer Adam
Loss Function MSELoss
Quantum Library PennyLane
QML Device lightning.qubit
Framework PyTorch
Programming Language Python
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Figure 6 Proposed framework for chest X-ray classification using QNN.

Figure 7 Iterative framework for quantum circuit optimization based on expressibility and
entangling capability.

Figure 6 shows the system workflow. The images were input and under-
went initial processing. The data were then encoded into a quantum format.
This experiment tested seven different QNN models, with each circuit tested
across six layers to measure performance in three main areas as expressibility,
entangling capability, and accuracy. After training, the models were tested
against previously unseen data. Finally, the image classification results were
summarized, and the accuracy was evaluated using various metrics.

The seven circuit models were designed from a basic circuit with only a
single-qubit gate using the Rotation Y gate. This gate could accept param-
eters for adjustment during the learning process. The complexity was then
increased by applying CNOT gates to create entanglement, and analyze how
the creation of quantum relationships between qubits increased the accuracy
of complex data classification compared to the basic circuit model, as shown
in Figure 7.

Table 4 shows the different layouts as follows:

• Circuit 1: This circuit placed only Rotation Gate Y (RY) in parallel on
all qubits, without using CNOT Gates to create entanglement.
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Table 4 Variable quantum circuits used in QNN models
No. Circuit

Circuit 1

Circuit 2

Circuit 3

Circuit 4

(Continued)
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Table 4 Continued
No. Circuit

Circuit 5

Circuit 6

Circuit 7

• Circuit 2: This circuit placed CNOT Gates in a chain, connecting
backward from the last to the first to create entanglement. Thereafter,
Rotation Gate Y (RY) was placed on all qubits.

• Circuit 3: This circuit reversed the order of placement from circuit 2,
placing Rotation Gate Y (RY) at the very front to adjust the qubit state
first, followed by placing CNOT Gates in a chain, connecting backward
from the last to the first.

• Circuit 4: This circuit increased the complexity of entanglement by
placing two layers of CNOT Gates (e.g., 1–2 with 3–4 and backward) to
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Table 5 Algorithm QNN for X-ray image classification
Input: Chest X-Ray Image Dataset
Procedure
1. Preprocessing: Resize image, convert to Grayscale, and Normalize.
2. For each epoch e ∈ {1, . . . , E = 30} do:

• Data are encoded into the amplitudes of a quantum state.
• Variational Quantum Circuit

Layer Configuration: l = {1, 2, 3, 4, 5, 6}
VQC: shown in Table 4

• Measurement: Measure the expectation value Z of the first qubit to obtain a scalar
output between [−1, 1].

• Classification: Map the output to class labels where −1 = COVID-19, 1 = Normal.
• Optimization:

Calculate Mean Squared Error (MSE) Loss.
Compute gradients using the parameter-shift rule.
Update quantum weights θ using the Adam Optimizer.

3. Output: Trained Model and Classification Labels.

allow for more intensive data exchange first. Thereafter, Rotation Gate
Y (RY) was placed on all qubits.

• Circuit 5: This circuit was similar to circuit 3, but for each pair of CNOT
Gates, a Rotation Gate Y (RY) was added at each level of the qubit. A
Rotation Gate Y (RY) was then placed on the first qubit of each qubit.

• Circuit 6: Similar to the layout in method 2, each pair of CNOT Gates
had a Rotation Gate Y (RY) added at each level of the qubit. Then, a
Rotation Gate Y (RY) was placed on the first qubit of each qubit.

• Circuit 7: This layout was the most complex and used the most gates,
with Rotation Gate Y (RY) placed both before and after the CNOT Gate
at every connection point.

Table 5 shows the workflow of the algorithm for classifying X-ray images,
beginning with image preprocessing, followed by feature mapping into a
quantum state using amplitude encoding. Processing then proceeded through
the seven defined VQCs, with a circuit depth of six layers. Finally, the image
was classified as either COVID-19 or normal.

4.3 Quantum Convolutional Neural Network Model

The QCNN process began with data preparation for model input. The images
were resized to 64 × 64 pixels and 128 × 128 pixels, converted to grayscale,
and then encoded to a quantum state using amplitude encoding. Next, the
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Figure 8 Proposed QCNN model architecture for chest X-ray image classification.

Figure 9 Gate configurations for quantum convolutional and pooling layers of QCNN.

convolution and pooling circuits were defined as shown in Figure 9, with 2
qubits used for both the convolution and pooling circuits. Finally, the data
were sent to the Fully Connected (FC) layer for analysis, processing, and
classification as normal or infected with COVID-19, as shown in Figure 8.
The model parameters are shown in Table 3.

5 Results and Discussion

The model performance tests covered two image sizes as 64 × 64 pixels and
128 × 128 pixels. The accuracy, precision, recall, and F1-score comparisons
for each image size are detailed in Tables 6–10 and 11–15. Tests were also
conducted in QCNN using 64 × 64 and 128 × 128 pixel image sizes, as
shown in Table 16.

Figure 10 compares the accuracy of different models using different
circuits. In QNNs, the number of layers or circuit complexity significantly
affects model accuracy, as shown by the confusion matrices in Figures 11
and 12, with lower circuit complexity resulting in lower accuracy. However,
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Table 6 Performance evaluation for a 64 × 64 pixel image dataset
Accuracy

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 32.00% 68.00% 68.00% 68.00% 36.00% 60.00%
QNN 2 56.00% 80.00% 96.00% 92.00% 92.00% 96.00%
QNN 3 80.00% 96.00% 100.00% 96.00% 96.00% 96.00%
QNN 4 32.00% 88.00% 84.00% 92.00% 96.00% 88.00%
QNN 5 92.00% 84.00% 92.00% 100.00% 100.00% 96.00%
QNN 6 72.00% 84.00% 100.00% 96.00% 100.00% 100.00%
QNN 7 96.00% 96.00% 88.00% 100.00% 100.00% 100.00%

Table 7 Precision evaluation for a 64 × 64 pixel image dataset
Precision

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0.21 0.73 0.73 0.73 0.23 0.76
QNN 2 0.28 0.84 0.97 0.94 0.94 0.97
QNN 3 0.84 0.97 1.00 0.97 0.97 0.97
QNN 4 0.18 0.89 0.84 0.94 0.97 0.91
QNN 5 0.94 0.89 0.94 1.00 1.00 0.97
QNN 6 0.76 0.84 1.00 0.97 1.00 1.00
QNN 7 0.97 0.97 0.89 1.00 1.00 1.00

Table 8 Recall evaluation for a 64 × 64 pixel image dataset
Recall

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0.29 0.70 0.70 0.70 0.32 0.64
QNN 2 0.50 0.82 0.95 0.91 0.91 0.95
QNN 3 0.82 0.95 1.00 0.95 0.95 0.95
QNN 4 0.36 0.89 0.85 0.91 0.95 0.86
QNN 5 0.91 0.82 0.91 1.00 1.00 0.95
QNN 6 0.74 0.85 1.00 0.95 1.00 1.00
QNN 7 0.95 0.95 0.89 1.00 1.00 1.00

the gate arrangement also impacts accuracy. Circuits 2, 4, and 6, all with
a single-layer arrangement, exhibited low accuracy. These circuits shared
the common characteristic of starting with the CNOT gate before Ry, a
parameter-accepting gate. Conversely, circuits 3, 5, and 7 placed Ry before
the CNOT gate. Learning began in layer 1, and increasing the number of lay-
ers improved learning and accuracy, highlighting the importance of preparing
the circuit state before entanglement for optimal model learning.
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Table 9 F1-score evaluation for a 64 × 64 pixel image dataset
F1-score

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0.32 0.68 0.68 0.68 0.36 0.60
QNN 2 0.56 0.80 0.96 0.92 0.92 0.96
QNN 3 0.80 0.96 1.00 0.96 0.96 0.96
QNN 4 0.32 0.88 0.84 0.92 0.96 0.88
QNN 5 0.92 0.84 0.92 1.00 1.00 0.96
QNN 6 0.72 0.84 1.00 0.96 1.00 1.00
QNN 7 0.96 0.96 0.88 1.00 1.00 1.00

Table 10 Performance evaluation for a 64 × 64 pixel image dataset tested with 600 images
Accuracy

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 25.17% 75.17% 75.50% 67.50% 27.83% 71.00%
QNN 2 50.00% 81.00% 91.33% 91.00% 93.83% 91.83%
QNN 3 91.00% 89.83% 94.50% 93.83% 91.33% 94.67%
QNN 4 42.17% 83.00% 89.50% 89.00% 91.17% 93.83%
QNN 5 94.67% 91.50% 93.50% 94.17% 93.50% 94.50%
QNN 6 76.83% 93.83% 94.33% 94.67% 91.83% 91.67%
QNN 7 95.00% 94.00% 94.83% 88.33% 92.33% 94.50%

Table 11 Performance evaluation for a 128 × 128 pixel image dataset
Accuracy

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 32.00% 72.00% 68.00% 32.00% 52.00% 68.00%
QNN 2 56.00% 80.00% 92.00% 100.00% 92.00% 96.00%
QNN 3 80.00% 80.00% 80.00% 80.00% 92.00% 92.00%
QNN 4 40.00% 72.00% 84.00% 80.00% 88.00% 80.00%
QNN 5 92.00% 96.00% 100.00% 100.00% 92.00% 100.00%
QNN 6 72.00% 92.00% 96.00% 88.00% 92.00% 100.00%
QNN 7 88.00% 96.00% 100.00% 96.00% 100.00% 100.00%

Tables 17–18 and Figure 13 compare the learning times of the models.
QCNN took longer to learn than QNN due to the different architectural
structures or operating principles. Factors such as image size, the number
of gates, and the number of layers all affected the learning time. Increasing
the image size and the number of qubits to match the image size resulted in
similar learning times, because the quantum superposition property allows
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Table 12 Precision evaluation for a 128 × 128 pixel image dataset
Precision

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0.21 0.76 0.73 0.21 0.27 0.73
QNN 2 0.28 0.84 0.94 1.00 0.94 0.97
QNN 3 0.80 0.80 0.80 0.80 0.94 0.94
QNN 4 0.41 0.76 0.87 0.80 0.91 0.80
QNN 5 0.94 0.97 1.00 1.00 0.94 1.00
QNN 6 0.76 0.94 0.97 0.91 0.94 1.00
QNN 7 0.91 0.97 1.00 0.97 1.00 1.00

Table 13 Recall evaluation for a 128 × 128 pixel image dataset
Recall

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0.29 0.74 0.70 0.29 0.46 0.70
QNN 2 0.50 0.82 0.91 1.00 0.91 0.95
QNN 3 0.79 0.79 0.79 0.79 0.91 0.91
QNN 4 0.43 0.74 0.86 0.79 0.86 0.79
QNN 5 0.91 0.95 1.00 1.00 0.91 1.00
QNN 6 0.74 0.91 0.95 0.86 0.91 1.00
QNN 7 0.86 0.95 1.00 0.95 1.00 1.00

Table 14 F1-score evaluation for a 128 × 128 pixel image dataset
F1-score

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0.32 0.72 0.68 0.32 0.52 0.68
QNN 2 0.56 0.80 0.92 1.00 0.92 0.96
QNN 3 0.80 0.80 0.80 0.80 0.92 0.92
QNN 4 0.40 0.72 0.84 0.80 0.88 0.80
QNN 5 0.92 0.96 1.00 1.00 0.92 1.00
QNN 6 0.72 0.92 0.96 0.88 0.92 1.00
QNN 7 0.88 0.96 1.00 0.96 1.00 1.00

QCNN to handle higher-dimensional data by increasing the number of qubits
to match the image size.

In terms of expressibility, a value approaching 0 indicated good cov-
erage of the Hilbert space, and an entangling capability approaching 1
indicated high entanglement or interconnectedness between qubits, as shown
in Tables 19 and 20. Most models (QNN 2–7) showed a rapid decrease in
expressibility as the number of layers increased, especially at 4–6 layers,
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Table 15 Performance evaluation for a 128 × 128 pixel image dataset tested with 600 images
Accuracy

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 26.33% 76.67% 74.33% 26.50% 30.17% 69.83%
QNN 2 50.00% 84.33% 88.17% 91.33% 90.83% 90.50%
QNN 3 91.00% 91.50% 92.83% 91.50% 92.00% 92.17%
QNN 4 42.67% 86.50% 87.33% 83.17% 87.50% 88.33%
QNN 5 93.17% 93.00% 93.00% 92.67% 93.50% 94.17%
QNN 6 77.33% 88.83% 93.83% 92.50% 93.83% 94.00%
QNN 7 94.00% 92.83% 94.17% 94.33% 92.83% 95.00%

Table 16 Performance evaluation for QCNN
Accuracy Expressibility Entangling Capability

No. Image Size 50 600 Conv Pooling Conv Pooling
QCNN 1 64 × 64 96.00% 94.00% 0.1868 12.0237 0.1490 0.2358

128 × 128 96.00% 93.17%
QCNN 2 64 × 64 98.00% 94.33% 0.1867 12.0237 0.1514 0.2413

128 × 128 94.00% 93.67%

Figure 10 Expressibility, entangling capability, and performance analysis of seven 7-circuit
architectures at 6-layer depth.

where the value approached 0. This demonstrated that increasing depth
allowed the circuit to reach the widest range of states. Regarding entangling
capability, all the models except QNN 1 showed a significant increase in
entanglement with increasing layer numbers, consistent with the theory that
depth increased qubit interactions. QNN 1’s entangling capability remained
0 across all layers because its gate configuration lacked entanglement, thus
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Figure 11 Confusion matrix for 64 × 64 pixel input images.

preventing qubit interconnectedness. Circuits 2 and 4 are interesting because
they both started at 0 in layer 1 due to the circuit’s non-entangled state caused
by placing the CNOT gate before Ry, and highlighting the importance of gate
placement order.

Experimental results confirmed the importance of designing circuits with
high entanglement capability and expressibility to optimize the QNN model.
A highly efficient circuit should have a low expressibility value (close to 0),
meaning that the circuit can randomize states in a more comprehensive



Layer Expansion Techniques for Quantum Neural Networks 361

Figure 12 Confusion matrix for 128 × 128 pixel input images.

Hilbert space. As the number of layers increased, expressibility values
decreased and remained at very low levels, reflecting how circuit depth
improved the model’s ability to accurately represent data, as shown in Fig-
ures 14 and 15. The circuit also had a high entanglement capability, with
C2, C3, C4, and C7 demonstrating higher classification efficiency when the
entanglement factor increased with the number of layers, resulting in higher
accuracy for both the 64 × 64 and 128 × 128 resolutions. In the C5, C6, and
C7 circuits, the entanglement values did not reach their maximum in the early
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Table 17 Training time for 64 × 64 pixels
Training Time (minutes)

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 3.64 5.52 7.77 11.95 15.92 22.22
QNN 2 4.24 24.44 62.65 114.78 187.79 282.49
QNN 3 13.61 42.84 90.21 147.16 239.06 348.91
QNN 4 4.90 32.07 81.48 155.21 256.64 391.97
QNN 5 40.45 160.45 370.37 660.22 1627.02 2140.01
QNN 6 28.89 137.11 413.44 740.62 1441.03 2017.91
QNN 7 56.32 375.89 661.56 1, 182.86 2223.23 3158.77

Table 18 Training time for 128 × 128 pixels
Training Time (minutes)

Model 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 4.4 6.2 9.09 12.56 18.78 26.40
QNN 2 4.97 30.68 76.44 139.87 285.43 424.53
QNN 3 16.317 51.97 105.9 191.04 364.54 604.32
QNN 4 5.48 37.44 98.25 178.77 457.15 618.37
QNN 5 57.35 246.32 587.22 1270.32 2435.79 3285.07
QNN 6 33.41 200.05 515.9 1163.76 2085.70 2976.93
QNN 7 73.31 375.88 904.44 1630.89 2622.25 3809.03

Figure 13 Comparison of training time between the proposed QNNs.

layers. However, the model had high values from the first 1–2 layers, showing
that, for the gate arrangement structure, these circuits were more efficient for
feature extraction.

Table 21 compares this research with previous research using similar
datasets. Analysis revealed that even though this experiment used higher
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Table 19 Comparison of expressibility for QNNs
Model Expressibility

1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0.0414 0.0426 0.0432 0.0395 0.0398 0.0426
QNN 2 0.0408 0.0081 0.0002 0 0 0
QNN 3 0.0416 0.0065 0.0002 0 0 0
QNN 4 0.0428 0.0058 0.0001 0 0 0
QNN 5 0.0119 0.0022 0.0004 0 0 0
QNN 6 0.0387 0.0093 0.0017 0.0004 0 0
QNN 7 0.0115 0.0019 0.0001 0.0001 0 0

Table 20 Comparison of entangling capability for QNNs
Model Entangling Capability

1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer
QNN 1 0 0 0 0 0 0
QNN 2 0 0.357 0.4089 0.4727 0.4817 0.4942
QNN 3 0.3639 0.4065 0.4723 0.4096 0.4943 0.4963
QNN 4 0 0.4285 0.4779 0.4884 0.4964 0.4980
QNN 5 0.2487 0.3416 0.3989 0.4334 0.4572 0.4711
QNN 6 0.0206 0.2572 0.3488 0.4006 0.4358 0.4585
QNN 7 0.2494 0.3446 0.399 0.4344 0.4567 0.4720

Figure 14 Comparison of expressibility for QNNs.
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Figure 15 Comparison of entangling capability for QNNs.

resolution or sized images, resulting in a corresponding increase in the
number of gates in the circuit, the accuracy results remained satisfactory.

Most previous research focused solely on measuring accuracy perfor-
mance. However, this research studied additional circuit capability indicators
by using expressibility and entanglement capability to enable an in-depth
relationship analysis and select the most suitable circuit design for the studied
model. Experiments were conducted with various image sizes to study the
impact of the number of gates on processing performance. The number of
gates depended on the image size, and the dataset used was a crucial factor
affecting the learning performance and future scalability of the model.

6 Conclusions, Limitations, and Future Work

6.1 Conclusions

This research presented a QNN for classifying COVID-19 X-ray images.
The investigation encompassed seven distinct circuits, with both entangled
and non-entangled configurations, each subjected to evaluation across six
supplementary layers. The results indicated that augmenting the layer count
within a QNN model correlated with enhanced accuracy. The introduction
of an excessive number of layers precipitated overfitting, demonstrating that
each circuit had an optimal number of layers for its model, and the num-
ber of layers to add depended on the circuit and the desired objective for
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improving model performance. In quantum circuit analysis, expressibility is
a key factor for entanglement. High expressibility but low entanglement may
affect model learning, while high expressibility but low or no entanglement
may result in inefficient model learning compared to circuits with balanced
expressibility and entanglement. Therefore, a good or efficient circuit should
have a balanced relationship between expressibility and entanglement. The
experimental results showed that QNNs learn faster than QCNNs because
QNNs have a more flexible and less complex structure. Therefore, QNNs
serve as a favorable entry point for initial studies, enabling rapid experimenta-
tion and parameter tuning to better understand quantum behaviors and model
dynamics under current resource constraints.

6.2 Limitations

This research was developed using simulations on PennyLane however, a
physical hardware system will have the potential to encounter noise and
quantum decoherence resulting from environmental interactions and imper-
fect controls. If the circuit depth becomes excessive or qubits remain in an
idle state for too long, the data will be interfered with, which will lead to a
reduction in efficiency. Currently, Quantum Error Correction (QEC) is being
developed to address these issues by distributing information across multiple
qubits to create entanglement for data protection [35, 36].

6.3 Future Work

Future research should apply circuit design principles to develop new models
that are flexible and aligned with future advancements. Since this study
relies on ideal simulations, future work must account for hardware noise
and decoherence. Additionally, expanding dataset volume and diversity is
essential to enhance generalization and mitigate overfitting risks [35, 36].
In addition, the analytical challenges of quantum computing using QML in
Thailand are being driven across many applications in healthcare, materials
science, logistics, and financial modeling [37].
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