
 

 

QViT: A Noise-Resilient Quantum-Classical Vision Transformer with 

Quantum State Tomography for Lung Cancer Classification 

 

BY 

Sumaya Mustofa 

ID: 242-25-027 
 

 

This Report Presented in Partial Fulfillment of the Requirements for the 

Degree of Masters of Science in Computer Science and Engineering 

 

Supervised By 

 

Dr. Md Zahid Hasan 

Associate Professor 

Department of CSE 

Daffodil International University 
 

 

Co-Supervised By 

 

Dr. Abdus Sattar 

Associate Professor 

Department of CSE 

Daffodil International University 
 

 

 

 

 

 

DAFFODIL INTERNATIONAL UNIVERSITY 

 DHAKA, BANGLADESH  

     SEPTEMBER 2025 

  



 

 

©Daffodil International University                                                                                 i 

 

 

 



 

 

©Daffodil International University                                                                                 ii 

 

 
 



 

 

©Daffodil International University                                                                                 iii 

 

ACKNOWLEDGEMENT 
 

First, I express my heartfelt thanks and gratitude to Almighty Allah for His divine blessing, 

which makes it possible to complete the final year project successfully. 

 

I am grateful and wish to express my profound indebtedness to Dr. Md Zahid Hasan, 

Associate Professor, Department of CSE, Daffodil International University, Dhaka, deep 

knowledge & keen interest in the field of Machine Learning to carry out this project. His 

endless patience, scholarly guidance, continual encouragement, constant and energetic 

supervision, constructive criticism, valuable advice, and reading many inferior drafts and 

correcting them at all stages have made it possible to complete this project. 

 

I would like to express my heartfelt gratitude to Dr. Sheak Rashed Haider Noori, Head 

of the Department of CSE, for his kind assistance in completing our project, as well as to 

the other faculty members and staff of the CSE department at Daffodil International 

University. 

 

Finally, I must acknowledge with due respect the constant support and patience of my 

parents. 

  



 

 

©Daffodil International University                                                                                 iv 

 

ABSTRACT 

 
Lung cancer has always been the primary cause of cancer mortality in the world, and the 

exact identification of its subtypes is still vital in the treatment of patients to enhance their 

survival. Over the past years, Vision Transformers (ViT) have shown spectacular results 

in the field of medical image analysis and specifically in detecting and classifying lung 

cancer. They have not, however, been fully explored in terms of possible integration with 

quantum computing thus leaving a significant gap to take advantage of quantum 

advantages of any real clinical significance. To improve the feature learning process, this 

study proposes a Quantum enhanced Vision Transformer (QViT) framework, in which it 

incorporates variational quantum circuits (VQC) into attention and feed-forward layers. 

Basic VQC and Quantum Approximate Optimization Algorithm (QAOA) VQC two-circuit 

families were tested at two depths resulting in four QViT configurations. The assessments 

with the help of quantum state tomography (QST) and analysis of noise demonstrated the 

scalability to deploy on Noisy Intermediate-Scale Quantum (NISQ) devices. This was 

applied to 3,150 CT images, where the QViT-QAOA-D1 configuration gave 98.52% 

accuracy, improved to 99.31% with Bayesian hyperparameter optimization without a 

corresponding increase in circuit resources. Circuits realized in Basic VQC could generate 

stronger entanglement but had to be deeper-designed whereas QAOA circuits could 

preserve high-purity states with shallow designs. The results make QViT viable and 

scalable, hardware-compatible, and make quantum-assisted ViTs an attractive medical AI 

prospect. 

 

Keywords: Quantum machine learning, Quantum Vision transformer, Variational 

quantum circuits , Lung cancer classification, Quantum state tomography, NISQ devices 
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CHAPTER 1 

INTRODUCTION 

1.1 Introduction 

According to WHO, Lung cancer is the number one cause of cancer deaths worldwide with 

an average of 1.8 deaths per year or out of a total of 25 percent of all cancer deaths. Timely 

identification of lung cancer subtypes is paramount to improving patient outcomes since 

survival rates become very different, with 6 percent survival after five years in the case of 

metastatic lung cancer and a 60 percent survival time range in the event of localized lung 

cancer reported by American Cancer Society. The classification of lung cancer even in the 

presence of advanced technologies in the sphere of medical imaging remains under a few 

challenges associated with cancer heterogeneity (Cellular, histological, molecular 

diversity) [1], the fine difference in morphological detail between cancer subtypes [2], the 

poor availability of labelled data because of privacy concerns [3] and the limited 

radiological expertise [4]. Medical image analysis has traditionally been more adept at 

benign/malignant classification, but with the need to more finely distinguish between 

different subtypes, the additional capabilities of new computational approaches could be 

essential to developing new, advanced feature representation capabilities. 

Quantum computing grappling with medical imaging can be regarded as a rising field with 

a lot of potential in solving clinical problems of the conventional classification of lung 

cancer. Quantum computing utilizes phenomena in quantum mechanics, including 

superposition [5] and entanglement [6], to perform exponentially more scalable pattern 

recognition computations than classical methods, uniquely specialized to pattern 

recognition [7, 8]. At the same time, Vision Transformers have achieved tremendous 

progress in the medical imaging domain, outperforming conventional architectures in 

describing long-range dependencies and spatial relationships, both of which are essential 

to accurate cancer classification. The convergent point between these two fields offers an 

ideal situation where quantum-potential attention mechanisms stand a chance of 

overcoming the computational burden of the classical algorithms, and also the clinical 

imperative of the requirement of a more accurate diagnostic tool. Quantum variational 
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circuits (VQC) and their sharing specifications on the Quantum Approximate Optimization 

Algorithm (QAOA) in particular demonstrated successful performance in feature 

transformation tasks that can be relevant to medical imaging applications [9, 10], with 

Vision Transformers being successfully deployed to medical image analysis tools. 

 

1.2 Motivation 

Quantum advancements in the cross-section of both quantum machine learning and 

medical imaging have shown potential but have major deployment barriers. On the 

quantum side, it was shown that the quantum enhancement of multi-cancer classification 

can be achieved [11] and that hybrid quantum neural networks can be utilized in skin cancer 

detection [12]. In medical imaging, Vision Transformer models have demonstrated high 

scores in terms of accuracy of diagnosis but are relatively computationally demanding, and 

exhibit lower resolution differentiation ability. Even so, these breakthroughs are somewhat 

disjointed. Quantum models are usually unverified with reference to clinically relevant 

data, and are rarely limited by physiologically realistic hardware constraints, whereas 

medical imaging research has seldom investigated the benefits offered by quantum 

approaches. Current quantum implementations suffer because they are still based on 

simulated environments, not real ones, without taking into consideration the deficits of 

Noisy Intermediate-Scale Quantum (NISQ) devices that are vital to clinical applications 

[13, 14].These deviations demonstrate the necessity of bringing a coherent framework 

uniting Vision Transformers and realistic quantum computation to the diagnostic process 

to increase their accuracy and efficiency. 

 

 

1.3 Rationale of the Study 

Although Vision Transformers and quantum models have demonstrated the potential of 

medical imaging and quantum models, there is a paucity of literature on the integration of 

this pair of those to clinically differing lung cancer classes. Earlier work that simulates but 

does not take into consideration NISQ hardware constraints are either weak in their scope 
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because it is limited to simulations, or are insufficiently tested on real-world medical 

datasets thus decreasing their translation potential. Filling this gap is critical in order to 

create diagnostic systems with the representative capability of Vision Transformers, but 

with the computational benefits of quantum circuits. This paper is thus justified by the 

necessity to implement a practical and scalable framework of a quantum-enhanced Vision 

Transformer (QViT) which could be used to achieve high levels of diagnostic accuracy and 

at the same time to be compatible with existing quantum hardware to close the gap between 

theoretical advance and practical relevance. 

 

1.4  Research Questions 

▪ How to integrate the Quantum advantage in Vision Transformer to build a model that 

can effectively classify lung cancer subtypes? 

 

▪ How do quantum state tomography (QST) analyses support its quantum contribution? 

 

▪ What are the options to implement NISQ-compatible circuit design needed to 

guarantee the useful application of QViT even under the present limits of available 

hardware? 

 

▪ What is the noise resiliency level of the proposed model in terms of real NISQ 

deployment?  

 

▪ How does QViT compare to state of the art classical Vision Transformers and the 

available quantum machine learning methods in terms of accuracy, efficiency and 

scalability? 

 

1.5 Expected Output 

This research study is likely to yield quite a number of significant results. First, a new 

architecture known as Quantum-enhanced Vision Transformer (QViT) will be proposed to 

show that quantum variational circuits can be better integrated into the attention and feed-

forward blocks to enhance feature representations in lung cancer classification. Second, 
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systematic analysis with a scan representing a clinically relevant case assisted by quantum 

state tomography (QST) will validate diagnostic performance as well as quantum 

computational contributions. Third, the work will demonstrate that the NISQ-compatible 

circuits are feasible and noise can be resisted to demonstrate practical potential to be used 

on contemporary quantum devices. Last but not least, inter-comparative studies between 

QViT and classical Vision Transformers as well as with current quantum machine learning 

approaches will be conducted to ensure that QViT is superior in terms of accuracy, 

robustness, and computational efficiencies, thus establishing the benchmark in quantum-

assisted medical imaging devices of the future. 

 

1.6 Project Management and Finance 

Table 1.1: Gantt Chart of the project management. 

Task Name March April May June July August 

Planning       

Theory Study       

Dataset Collection       

Implementation       

Methodological 

Implement 

      

Paper Writing       

 

This Gantt chart of Table 1.1 displays the time I have spent managing the entire project. I 

planned the whole project's execution throughout March. At the same time, I did a 

theoretical study about the components I needed to complete my research and project. I did 

the dataset collection in April. At the same time, I started to implement the project with 

another dataset. When dataset collection was done in April, I started to implement the pre-
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defined code for April in May with the target dataset. After the targeted dataset 

implementation, I started to implement the paper with a predefined methodology in June, 

July and August. Finally, I wrote the paper about the whole experiment in July and August. 

The research work doesn’t get fund from any individuals or organization.  

 

1.7 Report Layout 

In Chapter 1, the introduction, motivations, rationale, objectives, and key research inquiries 

of the study are outlined. In Chapter 2, concise synopses of the literature review are 

provided. In Chapter 3, the proposed methodology is described in detail. In Chapter 4, the 

experimental outcomes of the paper are described and examined. The Chapter 5 discusses 

the sustainability plan, societal and environmental impacts, and ethical considerations. The 

sixth chapter concludes the present investigation and outlines a strategy for subsequent 

endeavors. 
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CHAPTER 2 

BACKGROUND 

2.1  Preliminaries/Terminologies 

New approaches of artificial intelligence and quantum computing have created a paradigm 

shift in the medical diagnostics field, especially in complicated cases like that of lung 

cancer classification. Lung cancer, the most frequent cause of cancer deaths, requires 

precise identification of subtype, wherein the conventional methods tend to fail in dealing 

with slight variations in medical images. Vision Transformers (ViTs) have become 

promising deep learning models that are able to capture long-range dependence and focus 

on global spatial properties and they have already outperformed conventional 

convolutional models in numerous diagnostic tasks. Similarly, quantum computing, based 

on superposition and entanglement, makes possible processing of information in 

exponentially larger feature spaces, and the variational quantum circuit (VQC) and the 

quantum approximation optimization algorithm (QAOA) are promising directions in near-

term applications on Noisy Intermediate-Scale Quantum (NISQ) devices. Moreover, 

methods like Quantum State Tomography (QST) make it possible to verify real quantum 

benefit, and thus encompass an extension beyond any classical approximation. In unison, 

these underlying principles form the root of the proposed Quantum-enhanced Vision 

Transformer (QViT), which aims to seamlessly combine ViTs with quantum 

computational functionality in order to reach a strong, noise-resistant, clinically pertinent 

diagnostic result. 

 

2.2 Related works 

Recent works introduced the concept of using Vision Transformers (ViTs) as an alternative 

to convolutional neural networks (CNNs) in medical image processing, and in many cases 

achieved superior results to CNNs in terms of classification, segmentation and detection. 

ViTs can capture longer range dependencies and global spatial relationships compared to 
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CNNs, which have problems with local receptive fields that hinder them to measure long 

distance interactions and global spatial dependencies between the objects in the medical 

image [15, 16]. A formal review of 36 research papers concluded that ViTs outperformed 

baseline CNN architectures with high accuracy regularly by 253 percent in various 

diagnostics [17]. ViTs have come to the digital health due to their capability of processing 

the global context of images. This has worked especially well in segmenting, forecasting, 

and rebuilding jobs and medical pictures make up almost 90 percent of digital medical data 

[18] . Applications also include various diseases such as breast cancer, lung disease, skin 

lesions and in brain tumors whereby ViTs most of the time outperform CNNs [18]. 

Although this work has made notable progress in this regard, investigations on how 

quantum computing can be utilized formally embedded into ViT architectures to enhance 

medical imaging remains unexplored hence this effort would be beneficial in extending the 

diagnostic functionality of quantum computing to the application domain of medical 

imaging. 

Quantum machine learning (QML) applies the quantum characteristics of superposition 

and entanglement to deal with problems in high-dimensional and small-sample medical 

data sets. Oviesi and Tarokh [19] showed this by attaining 56.9 percent emphysema-

identification power with the hybrid quantum-classical model when taking into 

consideration that the given datasets are limited. Similarly, Bilal et al. [11] found an 

improvement of 6.5% in multi-cancer classification using quantum-inspired optimizers 

over the traditional learning models. It has also been demonstrated that quantum support 

vector machines (QSVMs) can minimize the risks of overfitting as compared to quantum 

neural networks, especially when dealing with imbalanced data [20]. Besides 

classification, QML has contributed to multimodal learning. Saggi et al. [21] presented a 

quantum-based multi-omic platform to classify lung cancer and Genç [22] demonstrated 

that quantum feature maps required fewer parameters by about 30 and reduced the accuracy 

efficiency. Pauli feature map robustness was also highlighted by Hafidi et al. [23], with the 

lung cancer classification reaching 92.3% accuracy as opposed to 89.1 for the classical 

baselines. Systematic reviews, however, point out that among QML studies (n=169 in 
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2015-2024), few examine models in realistic hardware or noise environments, and thus 

there is limited evidence on whether they are useful in the real world [24]. 

Hybrid quantum-classical models remain a revelation as a solution between feature 

extraction and imaging stability in terms of results in medical imaging. Singh et al. [25] 

developed a quantum-enhanced GAN to process synthetic data and lung cancer with an 

accuracy of 99.9%, and 87.3% on clinical data. A quantum-optimized CNN created by 

Radhika and Sharada [26] attained lung cancer accuracy of 97%, with training time 

decreasing by 40% device enough. Hussein et al. [12] combined Quantum CNNs with 

lightweight models and suggested an accuracy of 89.3 percent in skin cancer using 2981 

seconds. Gangappa et al. [27] used a hybrid of QML to detect brain tumors, giving a 89 

percent Dice coefficient. Research in histopathology has also been a beneficiary such as 

Mahmood et al. [28] were able to join CNNs and quantum tensor networks to achieve a 

high of 98.9 and 98.8 percent accuracy with a 25-percent reduction in size. In a comparable 

approach, Ticku et al. [29] obtained 92.13 percent accuracy on brain tumors using quantum 

CNN though the cost of computation was high. In spite of these developments, the vast 

majority of studies are based on simulators and not using actual NISQ devices, and many 

do not confirm their assertions with quantum state examination. This discrepancy 

highlights the necessity of clinically focused QML models which facilitate innovation of 

tomography and noise-sensitive assessment. 

Existing near-term Noisy Intermediate-Scale Quantum (NISQ) hardware are limited to 

simple circuit depths, relatively short qubit coherence times and gate infidelities that can 

be as high as 0.1-2%. Variational quantum algorithms like QAOA and VQE are noteworthy 

because they are NISQ-friendly, although, in general, to be successful, they need the depth 

to be tightly controlled and errors mitigated [10, 9]. Such methods as error extrapolation 

[30] or stabilizer-based error suppression [31] could yield 15-30 percent more fidelity, but 

have not been commonly used on medical QML. Quantum state tomography (QST) is 

becoming an important validation tool to verify authentic quantum computational 

contributions. Machine learning QST methods have attained reconstruction fidelities over 
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95 percent with an order of magnitude or larger reduction in the costs of measurements 

over classical tomography [32; 33]. Quek et al. [34] have further presented transformer 

based QST methods to perform real-time validation, and demonstrated the applicability of 

systematic state verifications. Research of medical QML has not yet become as routine as 

the inclusion of QST or robustness analysis, and it is unclear whether the increase in 

performance reported is due to a quantum- or preprocessing-based advantage. 

2.3 Comparative Analysis and Summary  

The comparative analysis and summary below: 

Table 2.1: Comparative Analysis of Vision Transformers, Quantum Machine Learning, and Hybrid Models 

in Medical Imaging. 

  
Authors Application Architecture 

Type 

Strength Limitations 

Oviesi & Tarokh 

[19] 
Emphysema/COPD 

Hybrid (Q-

Classical) 

Small dataset 

handling, 0.569 

accuracy 

Low accuracy, no 

real-time eval 

Singh et al. [25] Lung Cancer 

Hybrid 

(HWQGAN-

CHO) 

99.9% accuracy 

on LC25000 

Complex 

architecture, no 

NISQ eval 

Radhika & 

Sharada [26] 
Lung Cancer 

Hybrid (QHO-

CNN) 

0.97 accuracy, 

faster training 

(5.431 hrs) 

Still 

computationally 

intensive 

Bilal et al. [11] Multi-cancer 
Hybrid (Q-

GBGWO-ELM) 

Multi-cancer 

detection, 

96.98% lung 

accuracy 

Complex 

optimization, no 

noise eval 

Hussein et al. 

[12] 
Skin Cancer 

Hybrid 

(HQCNN-

BiLSTM) 

97.7% training, 

89.3% test 

accuracy 

Performance gap, 

no NISQ 

consideration 
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Authors Application Architecture 

Type 

Strength Limitations 

Gangappa et al. 

[27] 
Brain Tumor 

Hybrid (QCNN-

CNN) 

89% Dice 

Coefficient, 

28% faster 

inference 

Moderate 

accuracy, no noise 

analysis 

Mahmood et al. 

[28] 
Breast Cancer 

Hybrid (CNN-

QTN) 

98.8% accuracy, 

parameter 

reduction 

Complex multi-

modal approach 

Shinde & Pande 

[35] 
Brain Tumor 

Hybrid 

(PQDCNN) 

91.52% 

accuracy, 

parallel 

processing 

Moderate 

accuracy, complex 

architecture 

Bilal et al. [36] Breast Cancer 
Hybrid (Q-

BGWO-SQSVM) 

99% accuracy 

on CBIS-DDSM 

High complexity, 

no NISQ eval 

Scientific [37] Brain Tumor Hybrid (QCNN) 

99.44% 

validation 

accuracy 

No real-world 

testing, no noise 

eval 

Ticku et al. [29] Brain Tumor Hybrid (QCNN) 

92.13% 

accuracy, 1.1s 

vs 64.95s 

training 

Lower accuracy 

than classical 

ResNet50 

Muniasamy et al. 

[38] 
Brain Tumor 

Hybrid (HQC-

CNN) 
88% accuracy 

Lower 

performance than 

classical 

DenseNet121 

Awujoola et al. 

[39] 
Breast Cancer Hybrid (QNN) 

Reduced 

computational 

time 

Classification 

challenges for 

malignant cases 

Frasca et al. [40] Melanoma 
Hybrid (CNN-

QNN) 

99.67% 

precision, 

99.35% 

accuracy 

Complex hybrid 

architecture 
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Authors Application Architecture 

Type 

Strength Limitations 

Rajamohana et 

al. [41] 
Brain Tumor Hybrid (QGNN) 

Novel graph-

based approach 

Low accuracy 

(64% training, 

52% validation) 

Islam et al. [42] Alzheimer's 
Hybrid (CQ-

CNN) 

97.50% 

accuracy, 

99.99% 

parameter 

reduction 

Limited to AD, no 

cancer applications 

Saggi et al. [21] Lung Cancer Hybrid (QNN) 

Multi-omic 

integration, 0.95 

training 

accuracy 

Complex multi-

omic requirements 

Katı et al. [43] 
Deepfake (Not 

Cancer) 

Hybrid (QTL-

CaiT) 

90% accuracy, 

transformer 

integration 

Not cancer-related, 

no medical 

validation 

Balasubramani et 

al. [44] 
Medical Imaging Hybrid (QANN) 

Compression 

efficiency (71.8-

74.1%) 

Focus on 

compression, not 

diagnosis 

Tudisco et al. 

[20] 
Multiple Diseases 

Pure Quantum 

(QNN, QSVM) 

QSVM 

outperforms 

QNN, handles 

imbalance 

QNN overfitting 

issues 

Genç [22] Breast Cancer 
Hybrid (Quantum 

Feature Maps) 

98.25% 

accuracy with 

all features 

Feature selection 

reduces 

performance 

Hafidi et al. [23] Lung Cancer 
Pure Quantum 

(QSVM) 

Perfect 

classification in 

3/6 subsets 

Class imbalance 

challenges 



 

 

©Daffodil International University                                                                                 12 

 

2.4 Scope of the Problem  

Identified critical gaps in quantum computing and medical imaging expressions that restrict 

real-life implementation of quantum-enhanced medical imaging systems are addressed in 

the literature. In medical image classification, quantum machine learning has proposed 

realistic future potential in various applications, with accuracy gains reported up to 8-

percent over classical algorithms that are due to the quantum resources of parallelism and 

mapping of high-dimensional features. Nonetheless, existing studies are insufficient in 

methodological rigor and study-wide meaning, and cannot be replicated in clinical practice. 

There is a limitation of majority datasets (usually<2,000 images), exclusive reliance on 

convolutional architectures, restriction to simulated environments thus inabilities to 

validate solutions in realistic environments using realistic noise levels (0.1-2.0% gate 

errors). 

Although Vision Transformers have enjoyed impressive performance in image analysis 

and healthcare-related tasks (attaining accuracies of >95% in several studies), the 

combination of Vision Transformers and quantum machine learning has not yet been 

attempted. Current research on quantum medical imaging is hampered by the three 

following challenges: the use of simulated systems, the absence of quantum state 

tomography to systematically verify states and the absence of quantum-enhanced 

transformers tailored to medical imaging applications. Lack of quantum state tomography, 

in-depth noise characterization, and optimization of quantum circuits to NISQ resources 

cannot facilitate meaningful evaluation of the claims of quantum advantage and hinder the 

transfer of the theoretical potential in clinically useful medical-AI applications. 

2.5 Challenges 

The primary limitation in this study derives from the technical and practical limitations to 

combining quantum computing with medical imaging. First, the current optimals require 

NISQ devices that have a limited number of qubits with decoherence, short coherence time, 

and the error rates of the gates can be up to 2%, which negatively affect the performance 
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of the models. Second, quantum circuit simulations can be very helpful but ultimately 

cannot compete with real hardware, thus the results may not correspond to clinical 

implementation. Third, the scale and variability of data can be problematic, since quantum 

models tend to suffer scalability problems in the form barren plateaus when trained on large 

datasets. Lastly, to settle the legitimacy of working towards a quantum advantage, we 

demand the systematic tools like quantum state tomography that are computational 

demanding and which can conceal multi-qubit correlations. Collectively, these challenges 

emphasis the challenge of trading diagnostic precision, quantum expressiveness, and 

feasibility in practice in medical contexts. 
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CHAPTER 3 

RESEARCH METHODOLOGY 

3.1 Research Subject and Instrumentation  

The research subject of this study is the lung CT image dataset in three categories, namely 

Normal (1,054), Benign (1,050), and Malignant (1,046). Such balanced categories would 

help in reliable judgment of the subtype classification. The instrumentation entails the 

software frameworks and hardware to implement the Quantum-enhanced Vision 

Transformer (QViT). Data analysis, preprocessing, and model development were done 

using PyTorch, quantum circuit design and simulation using Qiskit and numerical 

optimization using JAX. Experiments were performed on a Tesla P100 GPU (16 GB 

VRAM) on which quantum simulations were modified to meet the requirements of the 

NISQ era. This installation delivers the practice relevance of information and calculating 

resources needed in creating and testing the QViT framework. 

3.2 Data Collection Procedure/Dataset Utilized 

This sample includes chest CT scan images that were successfully captured at the National 

Institute of Diseases of the Chest and Hospital (NIDCH) in Dhaka, Bangladesh. It has been 

designed with an intent to support a research project dealing with medical imaging, in 

particular the classification and early diagnosis of diseases of the lungs through the 

techniques of artificial intelligence and deep learning. The data set is partitioned into three 

classifications of diagnosis: 1059 data of malignant, 1054 data of normal (healthy), and 

1050 data of benign. All the images were properly labeled and checked by Dr Sabina Akter, 

MBBS, MD (Radiology & Imaging), Associate Professor and Head of the Department of 

Radiology and Imaging of NIDCH. The annotations themselves were performed under 

clinical supervision to make them of high quality, that could be applicable and used in 

academic/scientific purposes.  The reason why data was selected is that it has a 

proportionate class structure and with the clinical significance of an automated lung cancer 

classification experiment. Imagery has been collected by reliable sources of clinical 
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services and has been pre-coded with all labels to offer reliability and repeatability as a 

research instrument. 

Prior to the experiment all images were standardized to normalize data, all the scans were 

resized to the same dimensions (224 224 pixels) and then normalized to standardize 

intensities across all the samples to reduce acquisition artefact variability. Such 

preprocessing steps were important to maintain anatomical information and allow fast 

training of the proposed QViT model. 

   

Benign Malignant Normal 

Figure 3.1: Images of the three classes from the Lung cancer image dataset. 

3.3 Statistical Analysis  

The statistical analysis of this study was designed to ensure a rigorous and reliable 

evaluation of the proposed Quantum-enhanced Vision Transformer (QViT) framework. To 

perform evaluation, typical classification measures were used, as follows: accuracy, 

precision, recall, F1-score, area under ROC curve (AUC), and confusion matrix analysis. 

These measures were selected to reflect the overall predictiveness, as well as ability to 

discriminate within each of the two classes, malignancy and benignity. To further confirm 

reliability of the resulting model, stratified k-fold cross-validation and repeat experimental 

runs using different random seeds were used to yield confidence intervals and minimize 

stochastic variation in the training. 
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Comparisons to the best known Vision Transformer models and other quantum machine 

learning methods were conducted. Statistical significance testing (paired t-tests and 

Wilcoxon signed-rank tests) was carried out in scenarios where applicable in order to 

ascertain whether the observed differences in performance were of significant nature or a 

mere chance effect. Moreover, to demonstrate that the algorithm is robust to realistic NISQ-

era constraints, an analysis of noise resilience was performed by testing QViT at different 

levels of quantum noise (0.0%-2.0%), and results were reported as mean 2 SD across seeds. 

This multilayer statistical system gives high validity to the results being both statistically 

reliable, and meaningful in clinical terms, that the QViT is considerably effective in 

differentiating lung cancer. 

3.4 Proposed Methodology/Applied Mechanism 

The flow diagram of figure 3.2 describes the entire process of the proposed Quantum-

Enhanced Vision Transformer (QViT) model of lung cancer classification is shown in 

Figure 3.2. The pipeline begins with collecting data of a patient lung scan CT-scan dataset 

with three diagnostic groups Benign, Malignant, and Normal. During the preprocessing 

step, the images are normalized and resized to have consistency and fit in the model. The 

model generation phase combines traditional patch and positional embedding with a 

quantum classical transformer encoder with variational quantum circuits to better represent 

features, before a classifier subnetwork with a classification head to provide the cancer 

predictive output. The evaluation and optimization has been performed in three phases: (1) 

performance evaluation, which consists of classification performance assessment of QViT 

model via accuracy, precision, recall, F1-score, and determination of associated confusion 

matrices and AUC scores and ROC curves; (2) through Bayesian hyperparameter 

optimization to tune model parameters, and (3) quantum performance evaluation, which 

involves quantum state tomography to calculate quantum state fidelity, as well as the noise 

resiliency analysis to examine robustness under different noise environments. 
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Figure 3.2: Overall methodology of the proposed study consisting four steps: data collection, 

preprocessing, model creation, and evaluation & optimization. 

3.4.1 Data Preprocessing 

Lung CT scans usually have variations in contrast, brightness, and acquisition artifacts, 

thus subtle patterns like lesion boundary and change in tissue densities are difficult to 

capture. All the images were resized to 224 224 pixels to allow consistency in input to the 

proposed QViT model, and the intensities were normalized to allow standardization of the 

range of values within the pixel for computational efficiency. The given preprocessing 

improves the quality of the received images, minimizes the variability in the data, and saves 

the vital anatomical details, making the model sufficiently capable of differentiating 

between benign, malignant, and normal cases. 

 

3.4.2 Hybrid Quantum-Classical Transformer (QViT) Model Architecture 

Figure 3.3 demonstrates an entire pipeline of the suggested QViT model. The quantum-

classical architecture of QViT model follows a two-level architecture: the external part has 
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the backbone structure of classical Vision Transformer (ViT), and the inner modules 

replace the operation of key linear transformations by parameterized quantum circuits. The 

nature of medical imaging data (high-dimensional and noisy with subtle visual features that 

require high representational capacity global context modeling) is ideally suited to this 

formulation. 

At a high level, the model begins by partitioning the input image 𝑋 ∈ ℝ𝐵×𝐻×𝑊×𝐶 into non-

overlapping square patches of size 𝑃 × 𝑃. These are linearly projected into a feature space 

ℝ𝑑  via a learnable convolution, forming the token sequence 𝑍0: ℝ
𝐵×𝑁×𝑑 where 𝑁 =

𝐻𝑊

𝑃2
 , 

𝐵 is the batch size, 𝐻 and 𝑊 are the height and width of the image, 𝐶 is the number of 

channels, 𝑑 is the hidden embedding dimension. Positional embeddings are added, and the 

sequence is processed through 𝐿 number of transformer blocks 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘𝑄(𝑍𝑙). 

Each block enhanced with embedded quantum modules at two bottlenecks: the multi-head 

self-attention and feed-forward (MLP) modules. The transformer output is passed through 

a classification head that includes a Global Average Pooling (GAP) operation followed by 

a dense layer yielding logits over disease categories. This pipeline preserves training 

stability and compatibility with standard optimizers while infusing quantum expressivity 

at key points. 

3.4.2.1 Classical components of QViT model 

In figure 3.3, the classical components of the QViT model are patch embedding, positional 

encoding, layer normalization, residual connections, classification head illustrated into 

main QViT pipeline.  

Patch Embedding : The patch embedding layer is critical for converting high-dimensional 

image input into a sequence of low-dimensional embeddings suitable for transformer 

processing. Specifically, a convolutional projection is applied to each 𝑃 × 𝑃 patch to map 

it into a 𝑑 dimensional token: 

                                                                       𝑍0 =  𝜙(𝑋)                                                             (1) 
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Figure 3.3: Architecture of the proposed QViT model with classical components (patch embedding, 

positional encoding, layer normalization, residual connections, classification head) and quantum 

components (quantum multi-head attention, quantum mlp). 
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Positional Encoding : Transformers lack innate positional understanding. Therefore, 

positional encoding 𝑃 ∈ ℝ𝑁×𝑑 is added to the patch embeddings to retain spatial order: 

                                                                      𝑍0 =  𝜙(𝑋) + 𝑃                                                       (2) 

Layer Normalization: Applied before each transformer sub-block. Layer normalization 

ensures that the input distribution to each module has zero mean and unit variance. This 

stabilizes training, mitigates internal covariate shift, and promotes better convergence: 

                                                                   𝑍̂𝑙 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑍𝑙)                                               (3) 

Residual Connections: Residual connections or skip connections allow gradients to 

propagate directly through the network, supporting deeper models and reducing the risk of 

vanishing gradients: 

                                                                    𝑍𝑙+1 = 𝑍𝑙 + 𝑓(𝑍𝑙)                                                    (4) 

Classification Head: After the sequence has been processed through all transformer 

layers, a global average pooling (GAP) is applied across the sequence dimension, 

producing a single vector per sample: 

                                                                         𝑍̂ = 𝐺𝐴𝑃(𝑍𝐿)                                                        (5) 

Finally, a linear dense layer projects the result into the label space: 

                                                            𝑦̂ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑐
𝑧̂ + 𝑏𝑐)                                                  (6) 

This preserves compatibility with classification pipelines while utilizing quantum-

enhanced features learned in preceding layers. 

3.4.2.2 Quantum components of QViT model 

Figure 3.3 further expands into three focused sub-diagrams that clarify how quantum 

computation is integrated into the transformer encoder. The quantum components of the 

QViT model are quantum multi-head attention, quantum feed-forward network (quantum 

MLP in figure 3.3). 
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(i) Quantum Multi-Head Attention (left panel) 

The Quantum Multi-Head Attention module strategically replaces classical linear 

projections with 12-qubit VQC while preserving the proven attention mechanism 

framework. Each of the three projection transformations (Query Q, Key K, Value V) 

employs an independent quantum circuit that processes the full 12-dimensional input 

features through different configuration of VQC. After quantum processing, the 12-

dimensional outputs are reshaped into 2 attention heads of 6 dimensions each, where 

classical scaled dot-product attention computes token-token relationships through standard 

softmax operations. The multi-head outputs are then concatenated and processed through 

a final 12-qubit quantum circuit for output projection.  

As depicted in the left panel of figure 3.3, for each attention head ℎ ∈ {1, 2, … . , 𝐻}, three 

independent VQC circuits generate feature projections:  

                  𝑄 =  𝑓𝑉𝑄𝐶(𝑋; 𝜃𝑄),          𝐾 =  𝑓𝑉𝑄𝐶(𝑋; 𝜃𝐾),          𝑉 =  𝑓𝑉𝑄𝐶(𝑋; 𝜃𝑉)                      (7) 

where 𝑓𝑉𝑄𝐶 includes a variational circuit acting on 𝑛 qubits and outputs 𝑑′ ≤ 𝑛 

measurement results. The outputs are then passed through the classical scaled dot-product 

attention and multi-head concatenation: 

                                         𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑′
) 𝑉                                       (8) 

                                       𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛ℎ) 𝑊𝑜                         (9) 

This step maintains classical softmax dynamics for interpretability and gradient flow while 

enriching feature representations via quantum transformation. This hybrid design 

maximizes quantum advantage in the computationally intensive projection phase while 

maintaining the interpretable attention dynamics that make transformers effective for 

sequence modeling tasks. 
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(ii) Quantum Feed-Forward Network (Right Panel) 

The Quantum Feed-Forward Network implements a hybrid classical-quantum pipeline that 

optimizes computational resources through strategic quantum placement. The module 

begins with classical dense expansion from 12  to 8 dimensions, creating a compressed 

representation suitable for quantum processing. The 8-dimensional features are then 

encoded into an 8-qubit VQC . Following quantum measurement, the 8-dimensional 

quantum features undergo GELU activation before classical dense projection back to 12 

dimensions. This architecture intelligently leverages quantum circuits where they provide 

maximum benefit in the non-linear hidden layer transformation while using classical 

operations for reliable dimensional manipulation.  

The right panel of figure 3.3 represents the integration of quantum computation into the 

MLP portion of the transformer. This feed-forward transformation follows a three-stage 

pipeline: classical expansion → quantum enhancement → classical projection. 

In classical expansion, feature received 12D and transformed into 8D since 

mlp_hidden_size parameter was 8.  

                                               ℎ𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙 = 𝐷𝑒𝑛𝑠𝑒(𝑥) ∶  ℝ12 → ℝ8                                         (10) 

In quantum enhancement, classical features 8D features go through encoding, VQC 

representing by 8 qubits, measurement and transformed into 8D quantum features.  

                                          ℎ𝑞𝑢𝑎𝑛𝑡𝑢𝑚 = 𝑓𝑉𝑄𝐶(ℎ𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙  𝜃; ) ∶  ℝ8 → ℝ8                               (11) 

Finally, in classical projection, again the 8D quantum features go through GELU activation 

function and dense layer and transformed into 12D classical features for further processing. 

                                       𝑦 =  𝐷𝑒𝑛𝑠𝑒 (𝐺𝐸𝐿𝑈(ℎ𝑞𝑢𝑎𝑛𝑡𝑢𝑚)) ℝ8 → ℝ12                                 (12) 

The compressed quantum processing in MLP uses 8 qubits unlike 12 qubit in attention 

mechanism. It reduces computational overhead while maintaining sufficient quantum 

expressivity for feature transformation as the feed-forward network primarily performs 
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point-wise operations rather than the complex relational modeling required in attention 

mechanisms. 

(iii) Transformer Block (Middle Panel) 

The middle panel consolidates these modules into the complete quantum-classical 

transformer encoder. Each layer includes pre-normalization using LayerNorm, Quantum 

Multi-Head Attention, Residual Connection, Quantum MLP. The layer output is added to 

the input via skip connections ensuring stable optimization. This transformer encoder 

architecture can be stacked L (number of transformer block) times, each with unique circuit 

parameters 

3.4.3 Quantum Circuit Configuration 

To formally examine the quantum expressivity and coherence-efficiency trade-offs of the 

proposed QViT architecture, this paper present two VQC designs, namely the Basic VQC 

and the QAOA-inspired VQC. Each applied at two depths (constant depths of parameters 

also known as parameter depth) D1(shallow) and D2(deep). This results in four VQC 

layouts to produce four QViT versions with different circuit complexities, which allows an 

orderly analysis of the performance effects. 

 

 

 

 

 

 

Figure 3.4: Four variational quantum circuit configurations that has been used inside quantum multi head 

attention (12 qubit) and quantum feed forward network (8 qubit) of QViT model. 
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The 4 illustrated circuit configurations shown in figure 3.4, that are represented by quantum 

components of the QViT model and result in 4 distinct QViT architecture. The quantum 

multi head attention was run with four VQC configurations with 12 qubit (based on the 

hyperparameter hidden_size) and quantum feed forward network with the four VQC 

configuration with 8 qubit (based on the hyperparameter MLP_hidden_size). This paper is 

going to describe in detail 12 qubit quantum circuit configurations together with a brief 

explanation of 8 qubit quantum circuit configurations. 

3.4.3.1 Basic VQC (12 qubit) architecture 

The Basic VQC implements a hardware-efficient circuit with full ring connectivity 

designed to maximize quantum entanglement while maintaining circuit simplicity. The 

architecture follows a systematic layered approach optimized for universal quantum 

computation. The complete Basic VQC transformation is expressed as: 

𝑈𝐵𝑎𝑠𝑖𝑐𝑉𝑄𝐶
= ∏ [ ∏ 𝐶𝑁𝑂𝑇(𝑖, (𝑖 + 1) 𝑚𝑜𝑑 𝑛) ∙𝑛−1

𝑖=0  ⨂𝑖=0
𝑛−1𝑅𝑌(𝜃𝑖

(𝑙)
)] ∙𝐿

𝑙=1 ⨂𝑖=0
𝑛−1𝑅𝑋(𝑥𝑖) (13) 

Where, 𝐿 is number of parameter layers (1 for D1 depth, 2 for D2 depth), 𝑛 is number of 

qubits (12 qubits for multi head attention layer and 8 qubits for quantum feed forward 

network or quantum MLP), 𝑥𝑖 is classical input features for qubit 𝑖, 𝜃𝑖
(𝑙)

 is trainable 

quantum parameters for layer 𝑙 and qubit 𝑖. 

The following 12 qubit Basic VQC has been experimented with two depth configurations: 

▪ Basic-D1: Single parameter layer (𝐿 = 1) with 36 total gates, circuit depth 𝐷 = 15, 

parameter count: 24 (12 input + 12 trainable)  

▪ Basic-D2: Double parameter layer (𝐿 = 2) with 60 total gates, circuit depth 𝐷 = 28, 

parameter count: 36 (12 input + 24 trainable) 

Similarly, the 8-qubit Basic VQC adopts the same architectural design and circuit depth as 

the 12-qubit version, with the primary difference being the reduced number of gates due to 

fewer qubits. 
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▪ Basic-D1: Single parameter layer (𝐿 = 1) with 24 total gates, circuit depth 𝐷 = 15, 

parameter count: 16 (8 input + 8 trainable)  

▪ Basic-D2: Double parameter layer (𝐿 = 2) with 40 total gates, circuit depth 𝐷 = 28, 

parameter count: 24 (8 input + 16 trainable)  

For the QViT-Basic-D1 configuration, the total gate count is 36 for the 12-qubit circuit and 

24 for the 8-qubit circuit, resulting in 60 gates within a single transformer block. In 

comparison, QViT-Basic-D2 consists of 60 gates for the 12-qubit circuit and 40 for the 8-

qubit circuit, yielding 100 gates per transformer block. These counts scale linearly with the 

number of transformer blocks, such that the total gate requirement equals the per-block 

count multiplied by n. 

 

Figure 3.5: Circuit architecture of Basic-D1 (Basic VQC with D1 depth) consists of single RY rotation and 

single full ring CNOT for 12 qubits. 
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Figure 3.6: Circuit architecture of Basic-D2 (Basic VQC with D2 depth) consists of double RY rotation and 

double full ring CNOT for 12 qubits. 

(i) Components of the Basic VQC circuit 

Angle Embedding (𝑼𝒆𝒎𝒃𝒆𝒅𝒅𝒊𝒏𝒈) : Classical feature vectors are encoded into quantum 

amplitudes through single-qubit X-rotations: 

              𝑈𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 = ⨂𝑖=0
𝑛−1𝑅𝑋(𝑥𝑖) =  ⨂𝑖=0

𝑛−1 [ 
𝑐𝑜𝑠 (

𝑥𝑖

2
) − 𝑖 𝑠𝑖𝑛 (

𝑥𝑖

2
)

− 𝑖 𝑠𝑖𝑛 (
𝑥𝑖

2
) 𝑐𝑜𝑠 (

𝑥𝑖

2
)

 ]                  (14) 

Where, 𝑥𝑖 ∈ ℝ is classical input features from neural network, 𝑅𝑋(𝜃) is Pauli-X rotation 

gate around X-axis of Bloch sphere. This encoding maps  of equation (14) real-valued 

classical data 𝑥𝑖 ∈ ℝ to quantum superposition states, creating the initial quantum state 

|Ψ0⟩ = ⨂𝑖=0
𝑛−1 [𝑐𝑜𝑠 (

𝑥𝑖

2
) |0⟩ − 𝑖 𝑠𝑖𝑛 (

𝑥𝑖

2
) |1⟩]. 

Parameterized Rotation Layers (𝑼𝒓𝒐𝒕𝒂𝒕𝒊𝒐𝒏) : Trainable quantum parameters are applied 

through Y-rotations for each layer 𝑙 : 
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              𝑈𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛
(𝑙)

= ⨂𝑖=0
𝑛−1𝑅𝑌(𝜃𝑖

(𝑙)
) =  ⨂𝑖=0

𝑛−1 [ 
𝑐𝑜𝑠 (

𝜃𝑖
(𝑙)

2
) − 𝑠𝑖𝑛 (

𝜃𝑖
(𝑙)

2
)

𝑠𝑖𝑛 (
𝜃𝑖

(𝑙)

2
) 𝑐𝑜𝑠 (

𝜃𝑖
(𝑙)

2
)

 ]                       (15) 

Where, 𝜃𝑖
(𝑙)

∈ ℝ  are trainable parameters optimized via backpropagation, 𝑅𝑌(𝜃) is Pauli-

Y rotation gate around Y-axis of Bloch sphere, 𝑙 ∈ {1, 2}  layer index (1 layer for D1, 2 

layers for D2). These rotations enable variational optimization by rotating qubit states in 

the Y-Z plane of the Bloch sphere, providing the primary mechanism for quantum machine 

learning.  

Full Ring Entanglement (𝑼𝒆𝒏𝒕𝒂𝒏𝒈𝒍𝒆) : Two-qubit CNOT gates create quantum 

correlations between adjacent qubits in a ring topology: 

                                        𝑈𝑒𝑛𝑡𝑎𝑛𝑔𝑙𝑒 = ∏ 𝐶𝑁𝑂𝑇(𝑖, (𝑖 + 1) 𝑚𝑜𝑑 𝑛)𝑛−1
𝑖=0                                   (16) 

where each CNOT gate implements the unitary: 

                𝐶𝑁𝑂𝑇𝑖,𝑗 = |0⟩𝑖⟨0| ⨂ 𝐼𝑗  +  |1⟩𝑖⟨1|⨂𝜎𝑥
𝑗
= [

1        0        0         0
0        1        0         0
0        0        0         1
0        0        1         0

]                    (17) 

Here, 𝑖 is control qubit, 𝑗 target qubit. This creates maximum connectivity with 

entanglement entropy approaching log2(𝑛) for highly entangled states. Creates 12 CNOT 

connections for 12 qubit (in first layer showed in figure 3.5) : CNOT(0,1), CNOT(1,2), 

CNOT(2,3), CNOT(3,4), CNOT(4,5), CNOT(5,6), CNOT(6,7), CNOT(7,8), CNOT(8,9), 

CNOT(9,10), CNOT(10,11), CNOT(11,0). It gets double (24 CNOT) in Basic VQC of D2 

architecture (see Figure 3.6).  

Quantum Measurement: Observable extraction through Pauli-Z expectation values: 

               𝑦𝑖 = ⟨𝜓𝑓𝑖𝑛𝑎𝑙 | 𝜎𝑧
(𝑖)

 |𝜓𝑓𝑖𝑛𝑎𝑙⟩ = 𝑇𝑟(ρ𝑓𝑖𝑛𝑎𝑙 𝜎𝑧
(𝑖)

),   𝑖 = 0, 1, …… . . ,11                   (18) 
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Where,  |𝜓𝑓𝑖𝑛𝑎𝑙⟩ is the final quantum state after all circuit operations, 𝜎𝑧
(𝑖)

=  [
1 0
0 −1

] is 

the Pauli-Z operator on qubit 𝑖, 𝑦𝑖 ∈ [−1, 1] measured expectation value for qubit 𝑖, the 

output is 12-dimensional real vector. 

 

3.4.3.2 QAOA VQC (12 qubit) architecture 

The QAOA VQC draws inspiration from quantum optimization algorithms, implementing 

alternating problem and mixer layers with strategic sparse entanglement designed to 

balance quantum expressivity with decoherence mitigation. The QAOA transformation 

follows the alternating problem-mixer paradigm and expressed as: 

            𝑈𝑄𝐴𝑂𝐴_𝑉𝑄𝐶 =  ∏ 𝑈𝑒𝑛𝑡𝑎𝑛𝑔𝑙𝑒
(𝑙)

∙  ⨂𝑖=0
𝑛−1  𝑅𝑋(𝜃𝑖

(𝑙)
) ∙𝐿

𝑙=1 ⨂𝑖=0
𝑛−1 𝑅𝑍(𝑥𝑖 + 𝜃𝑖

(𝑙)
)             (19) 

Where, 𝑈𝑒𝑛𝑡𝑎𝑛𝑔𝑙𝑒
(𝑙)

 is sparse entanglement (only applied in first layer).  

 

Figure 3.7: Circuit architecture of QAOA-D1 (QAOA VQC with D1 depth) consists of single problem 

layer, single mixer layer and single sparse CNOT. 
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Figure 3.8: Circuit architecture of QAOA-D2 (QAOA VQC with D2 depth) consists of single problem 

layer, single mixer layer and single sparse CNOT. 

 

The following 12 qubit QAOA VQC has been experimented with two depth configurations: 

▪ QAOA-D1: Single layer (𝐿 = 1) with 42 total gates, circuit depth 𝐷 = 5, parameter 

count: 18 (12 input + 6 trainable)  

▪ QAOA-D2: Double layer (𝐿 = 2) with 66 total gates, circuit depth 𝐷 = 7, parameter 

count: 24 (12 input + 12 trainable) 

Similarly, the 8-qubit QAOA VQC adopts the same architectural design and circuit depth 

as the 12-qubit version, with the primary difference being the reduced number of gates due 

to fewer qubits. 

▪ QAOA-D1: Single layer (𝐿 = 1) with 28 total gates, circuit depth 𝐷 = 5, parameter 

count: 12 (8 input + 4 trainable)  

▪ QAOA-D2: Double layer (𝐿 = 2) with 44 total gates, circuit depth 𝐷 = 7, parameter 

count: 16 (8 input + 8 trainable) 
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For the QViT-QAOA-D1 configuration, the total gate count is 42 for the 12-qubit circuit 

and 28 for the 8-qubit circuit, resulting in 70 gates within a single transformer block. In 

comparison, QViT-QAOA-D2 consists of 66 gates for the 12-qubit circuit and 44 for the 

8-qubit circuit, yielding 110 gates per transformer block. These counts scale linearly with 

the number of transformer blocks, such that the total gate requirement equals the per-block 

count multiplied by n. 

(i) Components of the QAOA VQC circuit 

Angle Embedding (𝑼𝒆𝒎𝒃𝒆𝒅𝒅𝒊𝒏𝒈) : Identical to Basic VQC using 𝑅𝑋(𝑥𝑖) rotations for 

classical-to-quantum state preparation. 

Problem Layer (𝑼𝒑𝒓𝒐𝒃𝒍𝒆𝒎) : Direct encoding of data-parameter coupling through Z-

rotations: 

       𝑈𝑝𝑟𝑜𝑏𝑙𝑒𝑚
(𝑙)

= ⨂𝑖=0
𝑛−1 𝑅𝑍(𝑥𝑖 + 𝜃𝑖

(𝑙)
) =  ⨂𝑖=0

𝑛−1

[
 
 
 

 𝑒
−𝑖(𝑥𝑖 + 

𝜃
𝑖
(𝑙)

2
)

0

0 𝑒
𝑖(𝑥𝑖 + 

𝜃
𝑖
(𝑙)

2
)

 

]
 
 
 

                 (20) 

Where, (𝑥𝑖 + 𝜃𝑖
(𝑙)

) is direct data-parameter coupling that is key QAOA innovation, 𝑅𝑍(𝜙) 

is Pauli-Z rotation gate around Z-axis of Bloch sphere, 𝜃𝑖
(𝑙)

 is trainable parameter in 

problem layer. The key innovation of QAOA problem layer lies in the additive coupling 

(𝑥𝑖 + 𝜃𝑖
(𝑙)

), which directly integrates classical input data with trainable quantum 

parameters, enabling efficient hybrid classical-quantum information processing. 

Mixer Layer (𝑼𝒎𝒊𝒙𝒆𝒓)  : Quantum mixing through X-rotations: 

           𝑈𝑚𝑖𝑥𝑒𝑟
(𝑙)

= ⨂𝑖=0
𝑛−1 𝑅𝑋( 𝜃𝑖

(𝑙)
) =  ⨂𝑖=0

𝑛−1 [ 
cos (

𝜃𝑖
(𝑙)

2
) −𝑖 sin (

𝜃𝑖
(𝑙)

2
)

−𝑖 sin (
𝜃𝑖

(𝑙)

2
) cos (

𝜃𝑖
(𝑙)

2
)

 ]                    (21) 
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Where, 𝑅𝑋(𝜃) is Pauli-X rotation for quantum state mixing. This layer provides quantum 

"mixing" that enables exploration of the quantum state space while preserving the problem 

structure encoded in the preceding layer. 

Sparse Entanglement (𝑼𝒆𝒏𝒕𝒂𝒏𝒈𝒍𝒆) : Pair-wise CNOT gates with reduced connectivity 

applied only in the first layer where 𝐼 is denoted as identity (no entanglement in subsequent 

layers): 

                       𝑈𝑒𝑛𝑡𝑎𝑛𝑔𝑙𝑒
(𝑙)

= ∏ 𝐶𝑁𝑂𝑇(2𝑘, 2𝑘 + 1)(𝑛/2)
𝑘=0 ,         𝑈𝑒𝑛𝑡𝑎𝑛𝑔𝑙𝑒

(𝑙>1)
= 𝐼                       (22) 

This creates entanglement pairs for 12 qubit (only in first layer and no CNOT for QAOA-

D2): CNOT(0,1), CNOT(2,3), CNOT(4,5), CNOT(6,7), CNOT(8,9), CNOT(10,11) 

providing 50% reduction in two-qubit gates compared to basic VQC while maintaining 

sufficient quantum correlations (see figure 3.7, figure 3.8). 

Quantum Measurement: Identical as basic VQC measurements of equation (18). 

 

3.4.4 Quantum State Tomography 

Quantum State Tomography (QST) facility allows a controlled measurement of quantum 

states in the QViT architecture using Pauli measurement protocols. In this work, QST was 

applied on two circuit scales based on the heterogeneous model implementation: 12-qubit 

variational quantum circuit (VQC) of the quantum multi-head attention and 8-qubit VQC 

of the quantum feed-forward network with four variations each. This two-scale structure 

involved two tiers of QST analysis. To gain strict validation of quantum characteristics, 

the experiment was performed in noiseless and 1 % noise cases over all circuit designs. 

Full-system quantum state tomography becomes computationally intractable for large 

qubit systems (for 12 qubit 412  ≈ 16𝑀 and for 8 qubit 48  ≈ 65𝐾 ) due to exponential 

scaling in measurement requirements and reconstruction complexity. To address this 

limitation, quantum circuits were partitioned into manageable 4-qubit subsystems: 8-qubit 

systems into two subsystems and 12-qubit systems into three subsystems. Each subsystem 
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underwent independent tomographic reconstruction using 44 = 256 Pauli measurements 

and maximum likelihood estimation. System-level quantum metrics (fidelity, entropy, 

entanglement, purity, trace distance, QFI) were obtained by averaging across all 

subsystems within each configuration. This approach balances computational feasibility 

with representative quantum state characterization, though it may mask subsystem-level 

performance variations.  

For an 4-qubit quantum subsystem, the quantum state  |𝜓⟩ can be fully characterized 

through its expectation values over the complete Pauli operator basis: 

                                                    〈𝑃〉 =  ⟨𝜓 | 𝑃 |𝜓⟩   𝑓𝑜𝑟 𝑎𝑙𝑙 𝑃 ∈ 𝑃4                                         (23) 

3.4.4.1 Quantum Information Metrics 

Fidelity: Fidelity quantifies the overlap between true and reconstructed quantum states, 

providing a direct measure of tomographic reconstruction quality. With perfect 

reconstruction yielding F = 1 and orthogonal states giving F = 0. In quantum machine 

learning contexts, higher fidelity indicates better preservation of quantum information 

during circuit execution and more accurate state preparation. Mathematically, 

                                                          𝐹(𝜌, 𝜎) = 𝑇𝑟 (√√𝜌 𝜎√𝜌)

2

                                           (24)   

Where, 𝜌 is true density matrix and 𝜎 is reconstructed density matrix.  

Von Neumann Entropy: Measures the quantum state's mixedness and information content 

through eigenvalue distribution. Pure states (single non-zero eigenvalue) yield S = 0, while 

maximally mixed states approach 𝑙𝑜𝑔2(𝑑) where d is the Hilbert space dimension. Higher 

entropy values indicate greater exploration of quantum state space, which can enhance 

expressivity in quantum neural networks but may reduce coherence. Mathematically, 

                                           𝑆(𝜌) = −𝑇𝑟(𝜌 𝑙𝑜𝑔2 𝜌) = −∑ 𝜆𝑖 log2 𝜆𝑖𝑖                                     (25) 

Where,  𝜌 is density matrix with eigendecomposition, 𝜆𝑖 is ith eigenvalue of 𝜌. 
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Entanglement Entropy: Quantifies quantum correlations by analyzing the reduced 

density matrix 𝜌𝐴 = 𝑇𝑟𝐵(𝜌𝐴𝐵) of one subsystem. This metric captures non-classical 

correlations essential for quantum computational advantage. Higher entanglement entropy 

indicates stronger quantum correlations that can enable parallel quantum processing but 

may be more susceptible to decoherence in NISQ devices.: 

                                            𝑆𝑒𝑛𝑡𝑎𝑛𝑔𝑙𝑒𝑚𝑒𝑛𝑡(𝜌𝐴𝐵) = −𝑇𝑟(𝜌𝐴 log2  𝜌𝐴)                                (26) 

                                                                     𝜌𝐴 = 𝑇𝑟𝐵(𝜌𝐴𝐵)                                                     (27) 

Where, 𝜌𝐴 is the reduced density matrix of subsystem A only, 𝜌𝐴𝐵 is density matrix of 

the combined bipartite system , 𝑇𝑟𝐵 is partial trace over subsystem B. 

Purity: Indicates the quantum state's proximity to a pure state through the sum of squared 

eigenvalues. Pure states achieve Purity = 1, while maximally mixed states approach Purity 

= 1/d. High purity suggests minimal decoherence and strong quantum coherence 

preservation, which benefits NISQ compatibility but may limit computational expressivity 

in quantum machine learning applications. 

                                                𝑃𝑢𝑟𝑖𝑡𝑦(𝜌) = 𝑇𝑟(𝜌2) = ∑ 𝜆𝑖
2

𝑖                                             (28) 

Where, 𝜌 is density matrix and 𝜆𝑖 is eigenvalues.  

Trace Distance: Measures the statistical distinguishability between quantum states, 

serving as a reconstruction error metric in QST. Lower trace distances indicate superior 

tomographic fidelity and more reliable quantum state characterization. This metric is 

particularly important for validating the accuracy of quantum state tomography protocols 

and comparing reconstruction quality across different architectures.  

                                           𝐷(𝜌, 𝜎) =
1

2
 𝑇𝑟(|𝜌 −  𝜎|) =

1

2
 ∑ |𝜆𝑖(𝜌 −  𝜎)|𝑖                            (29) 

Where, |𝜌 −  𝜎| is absolute difference between true and reconstructed matrix 

(Hermitian), 𝜆𝑖(𝑀) is ith eigenvalue of any matrix M. 
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Quantum Fisher Information (QFI): Quantifies the quantum state's sensitivity to 

parameter changes through the generator Hamiltonian H, determining precision limits for 

quantum parameter estimation. Non-zero QFI enables quantum-enhanced sensing 

applications, while QFI = 0 indicates the state provides no advantage for parameter 

estimation tasks. This metric helps distinguish between quantum states optimized for 

computation versus sensing applications. 

                                                  𝐹𝑄(𝜌, 𝐻) = 2 ∑
( 𝜆𝑖− 𝜆𝑗)

2

 𝜆𝑖+ 𝜆𝑗
|⟨𝑖| 𝐻 |𝑗⟩|2𝑖,𝑗                                    (30) 

Where, H is Generator Hamiltonian (Hermitian operator defining parameter dependence), 

⟨𝑖|, |𝑗⟩ is eigenvectors of 𝜌 corresponding to eigenvalues  𝜆𝑖 and  𝜆𝑗, ⟨𝑖| 𝐻 |𝑗⟩ is matrix 

element of H between eigenstates. 

Multi System Averaging: All metrics employ arithmetic averaging across N subsystems, 

providing system-level characterization while potentially masking subsystem-level 

variations in quantum state quality.  

                                                 𝑀𝑒𝑡𝑟𝑖𝑐𝑠𝑦𝑠𝑡𝑒𝑚 =
1

𝑁
∑ 𝑀𝑒𝑡𝑟𝑖𝑐(𝜌𝑖)

𝑁
𝑖=1                                         (31) 

Where, N is number of subsystems (2 for 8-qubit, 3 for 12-qubit), 𝜌𝑖 is density matrix of i-

th subsystem, metric refers to fidelity, entropy, purity, trace distance etc. 

 

3.4.5 Bayesian Hyperparameter Optimization 

Bayesian optimization offers a principled method to efficiently search hyperparameters 

using probabilistic surrogate models to make informed decisions in easily exploring a 

multi-dimensional parameter space with low computing expense. The optimization 

algorithm compensates the exploration of the unknown areas and exploitation of the local 

high-performing areas using the Expected Improvement acquisition function, thus 

performing an optimal mode of systematic search. Seven hyperparameters are considered 

most critical that are systematically optimized with constrained parameter ranges in this 
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work: patch size, hidden dimensions, attention heads, transformer depth, MLP capacity, 

learning rate, and regularization strength or dropout shown in table 3.1.  

Table 3.1: Optimization Strategy and Parameter Space. 

Parameter Name Parameter Space 

Patch size [32, 64, 128] 

Hidden size [4, 8, 12, 16] 

Number of heads [2, 4, 6, 8] 

Transformer blocks [1, 2, 4, 8,12] 

MLP hidden size [4, 8, 12, 16, 20, 24] 

Learning rate [1e-4 - 1e-2, logarithmic range] 

Dropout rate [0.0, 0.1, 0.2, 0.3, 0.4, 0.5] 

 

The framework ensures quantum circuit efficiency and NISQ hardware compatibility while 

maximizing diagnostic performance through iterative refinement of the quantum-classical 

hybrid architecture configuration. 

Bayesian optimization models the objective function 𝑓(𝑋) using a Gaussian Process prior 

where 𝜇(𝑋) is the mean function and 𝑘(𝑋, 𝑋′) is the covariance kernel function:  

                                                    𝑓(𝑋) ∼ 𝒢𝒫(𝜇(𝑋), 𝑘(𝑋, 𝑋′))                                           (32) 

The Expected Improvement acquisition function guides hyperparameter selection:  

                                                 𝐸𝐼(𝑋) = 𝔼[max (𝑓(𝑋) − 𝑓(𝑋+), 0)]                                (33) 

Where, 𝑓(𝑋+) represents the current best observed value, balancing exploration of 

uncertain regions with exploitation of promising areas. 

The Parameter Space Optimization seeks to maximize diagnostic performance 𝑓(𝑋) over 

the hyperparameter space 𝑋 ∈ 𝒳: 
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                                                           𝑋∗ =  𝑓(𝑋)𝑋 ∈𝒳
𝑎𝑟𝑔𝑚𝑎𝑥

                                                  (34) 

Where 𝒳 represents the constrained parameter space ensuring quantum circuit 

compatibility and computational feasibility. 

Sequential optimization terminates when the acquisition function improvement falls below 

threshold 𝜖 maximum iterations 𝑇 are reached. This is the convergence criteria for 

Bayesian Optimization. Mathematically, 

                                                |𝐸𝐼(𝑋𝑡+1) − 𝐸𝐼(𝑋𝑡)| < 𝜖       𝑜𝑟  𝑡 ≥ 𝑇                                   (35) 

3.4.6 Noise Resilience Analysis 

This paper will offer a strict noise resilience test to estimate the reliability of QViT models 

proposed and determine how they will behave at NISQ operational levels. The performance 

results are plotted at seven noise levels (0.0% to 2.0%) under realistic conditions of 

working NISQ devices such as those during ideal circumstances to restrictive but realistic 

hardware settings. Each of the noise levels is related to the error rates in gates of current 

quantum processors: IBM Quantum 0.1-1.0% gate errors [45], Google Sycamore 0.1-0.5% 

[46] , and IonQ systems 0.1-2.0% [47], making these models relevant to experiments in 

real quantum hardware deployment.  

To make this noise resilience analysis more inclusive this is study incorporated seed base 

analysis, using seed 42, 142, 242. Triple-seed assessment (n=3) will provide statistical 

robustness to the analysis of stochastic quantum error processes to provide confidence 

intervals on the performance metrics under noisy conditions and take into consideration 

the probabilistic nature of quantum decoherence and measurement uncertainty inherent in 

NISQ devices. The analysis of performance variations will be done within acceptable 

clinical diagnostic tolerances (±2-3% accuracy) to confirm that the quantum advantage 

would not be obsoleted by hardware limitations such as NISQ systems potentially falling 

within clinical realistic conditions deployment and practical viability of the medical 

imaging application. 
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3.4.7 Classification Performance Assessment 

The classification performance of the proposed QViT model on the lung cancer dataset was 

comprehensively evaluated using multiple metrics, including accuracy, precision, recall, 

F1-score, confusion matrix analysis, AUC score, and ROC curve assessment.  

                                 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
                                                       (36)                          

                                     𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                  (37) 

                                            𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                  (38) 

                            𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2 ×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑎𝑐𝑙𝑙
                                                       (39)          

 

3.5 Implementation Requirements  

The simulations on all the variants of the QViT model were performed on PyTorch and 

linked to Qiskit and JAX to simulate quantum logical networks and to perform numerical 

computations, respectively. It was trained on Kaggle 2 Tesla P100 (16 GB VRAM) with 

CUDA support. The models used standard precision training to make them compatible with 

available computation facilities. 
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                                                    CHAPTER 4 

EXPERIMENTAL RESULTS AND DISCUSSION 

 

4.1 Experimental Setup  

Lung cancer CT scan images were resized to 224 × 224 pixels and normalized to [0,1] prior 

to training. The dataset of 3,150 CT images was divided into 70% training (2,205 images), 

15% validation (472 images), and 15% testing (473 images) to ensure balanced evaluation 

across classes. The proposed QViT model was configured with initial training (pre-

optimization hyperparameter setup) patch size = 128, hidden size = 12, number of heads = 

2, one transformer block, MLP hidden size = 8, dropout rate = 0.1, and a warmup cosine 

decay learning rate schedule. Optimization was carried out using the Adam optimizer. 

Noise resilience was further assessed by simulating quantum error rates from 0.0% to 2.0% 

under NISQ constraints. 

4.2 Experimental Results & Analysis  

This subsection presents experimental results analyzing the classification performance of 

the proposed QViT  model on the lung cancer dataset and the quantum performance 

characteristics of the underlying circuit architectures. 

4.2.1 Classification Performance Analysis of QViT model 

Table 4.1 includes results of classification of the QViT model variations on the lung cancer 

dataset. Among the models, QViT-QAOA-D1 has the second highest accuracy of 98.52 

percent and relatively low training time of 674.73 seconds. Therefore, QViT-QAOA-D1 is 

highly efficient and diagnostic. Comparatively, QViT-QAOA-D2 had 98.85% accuracy, 

but it takes much longer time to train which is 1197.60 seconds, implying that a deeper 

circuit is more costly in terms of computation. The Basic VQC variations show slightly 

reduced performance, wherein, QViT-Basic-D2 returns an accuracy of 97.04% in 861.54 

seconds, and QViT-Basic-D1 the lowest at 96.83% accuracy but converges the fastest at 

533.54 seconds. These findings indicate the superiority of QAOA-based arrangements that 
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show better performance in diagnosis accuracy as compared to Basic VQC, with desirable 

trade-offs between the execution time and accuracy. 

Table 4.1. Classification performance analysis of the QViT model configurations on Lung Cancer dataset. 

Variant Accuracy Number of Parameters Training Time 

QViT-Basic-D1 96.83 % 196,787 533.54 seconds 

QViT-Basic-D2 97.04 % 196,787 861.54 seconds 

QViT-QAOA-D1 98.52 % 196,987 674.73 seconds. 

QViT-QAOA-D2 98.85 % 196,987 1197.60 seconds 

 

Comparison of the training and validation dynamics on the four QViT models are 

illustrated in figure 4.1. The QViT-QAOA-D1 and QViT-QAOA-D2 models perform 

consistently and basically follow a similar trend as reported in QViT-D1. Their 

convergence is less volatile and the loss is reduced much faster with accuracy stabilizing 

at around the same point as QViT-D1 at 15-20 epochs. Their validation curves demonstrate 

little fluctuation with a strong generalization. Figure 4.1 (a) compares optimizations during 

Basic VQC models (QViT-Basic-D1 and QViT-Basic-D2) to sky rocket loss and accuracy 

after early convergence with the optimizations of Deep VQC models (QViT-Deep-D1 and 

QViT-Deep-D2). QViT-Basic-D2 has lower convergence speed but higher performance 

variance and, conversely, QViT-Basic-D1 is a highly unstable, slow-converging algorithm. 

These variations highlight that QAOA problem-encoded solutions exhibit greater covered 

performance because of their enhanced consistency with a greater chance of clinical utility 

than Basic VQC hardware-efficient solutions. 
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(a) QViT-Basic-D1 

 

(b) QViT-Basic-D2 

 

(c) QViT-QAOA-D1 
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(d) QViT-QAOA-D2 

 

Figure 4.1. The training and validation loss curve (left) and training and validation accuracy curve (right) of 

four QViT configuration (a) QViT-Basic-D1, (b) QViT-Basic-D2, (c) (d) QViT-QAOA-D1, (d) QViT-

QAOA-D2 . 

 

The confusion matrices in Figure 4.2 starkly define the fact that the QAOA-based models 

are superior to Basic VQC models. ViT-QAOA-D2 performs better and correctly classifies 

all normal cases (158/158) and misclassifies only a single benign and 6 malignant cases as 

benign. QViT-QAOA-D1 shows balanced performance with a small number (3) of benign 

cases falsely identified as malignant and (4) of malignant cases falsely identified as benign, 

plus a perfect recognition of normal cases (157/158). Comparatively, QViT-Basic-D1 

shows more errors, including 8 benign cases misclassified as malignant; however, QViT-

Basic-D2 clearly show weaker benign labeling with 7 cases transformed as malignant. 

Most importantly, all versions show excellent specificity to healthy tissue, with only one 

misclassification over the Basic variants. The above results together with the findings in 

the previous paragraphs make it clear that QAOA-based parameterizations have 

consistently offered the most reliable and clinically feasible estimations as opposed to those 

of the basic parameters. 
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(a) QViT-Basic-D1 (b) QViT-Basic-D2 

 

  

(c) QViT-QAOA-D1 (d) QViT-QAOA-D2 

 

Figure 4.2. The Confusion matrices of four QViT configuration (a) QViT-Basic-D1, (b) QViT-Basic-D2, 

(c) (d) QViT-QAOA-D1, (d) QViT-QAOA-D2 . 

In figure 4.3, the classification report analysis indicates that, QViT-QAOA-D1 and QViT-

QAOA-D2 have symmetrical performance, and all metrics are greater than 0.96 on each 

class. By comparison, the Basic VQC variants are more inconsistent with the QViT-Basic-

D1 returning a very low precision value on crime free cases (0.95), and QViT-Basic-D2 
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having decreased malignancy classification performance (0.95 precision, 0.96 recall). All 

settings show near-perfect results on normal tissue classification (>0.99 in all metrics) 

affirming effective quantum feature distinction in normal tissue classification. The 

malignant group will continue to be the most difficult of them all but the QAOA versions 

perform in an almost unvaried equilibrium (0.97 to 0.99) against the Basic VQC renditions 

which displayed a greater range (0.95 to 0.98). 

 

Figure 4.3. The classification report over three classes (Benign, Malignant, Normal) of four QViT 

configuration (a) QViT-Basic-D1, (b) QViT-Basic-D2, (c) (d) QViT-QAOA-D1, (d) QViT-QAOA-D2. 

ROC curves of figure 4.4, establish strong medical-scientific potential of all QViT 

configurations with close to maximal AUC scores of close to unit, each cancer type. QViT-

QAOA-D1 outperforms by providing highest AUC scores of 0.997, 0.998, and 1.000 

respectively out of benign, malignant and normal classification whereas QViT-QAOA-D2 

also demonstrates comparable results with AUC values as 0.998, 0.997 and 1.000 

respectively. Simple VQC models portray a slightly lower, though impressive AUC range 

of above 0.995 on all categories with QViT-Basic-D1 and QViT-Basic-D2. Both the 
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configurations resulted in optimal discrimination between normal tissues (AUC = 1.000) 

indicating strong performance in quantum feature feature extraction of healthy tissues. The 

curves depict a typical upward steep slope to the upper left corner with a low and almost 

flat false positive rates at any of the operating points indicating a high sensitivity-specificity 

trade-off desirable in clinical diagnostic test applications. 

  
 

(a) QViT-Basic-D1 (b) QViT-Basic-D2 

  

(c) QViT-QAOA-D1 (d) QViT-QAOA-D2 

 

Figure 4.4. The ROC curve and AUC score over three classes (Benign, Malignant, Normal) of four QViT 

configuration (a) QViT-Basic-D1, (b) QViT-Basic-D2, (c) (d) QViT-QAOA-D1, (d) QViT-QAOA-D2. 
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4.2.2 Results of Quantum State Tomography   

This subsection demonstrates the results of a Quantum State Tomography (QST) 

comparison of QViT the model around two different quantum processing elements. The 

four architectures examined in the dual-scale analysis are (i) QViT-QAOA-D1, (ii) QViT-

QAOA-D2, (iii) QViT-Basic-D1, and (iv) QViT-Basic-D2, and the reason QViT takes a 

heterogeneous approach to quantum circuits is that we compare their performance on 

quantum multi-head attention using 12-qubit scale and quantum feed-forward networks 

using 8-qubit scale. The results of both depolarizing noise free and 1 % depolarizing noise 

conditions were examined against the theoretical potential and short-term hardware 

performance. This particular analysis is based upon the factors of gate efficiency, 

entanglement overhead, depth barrier and NISQ deployment feasibility in deciding the 

most practical QViT quantum circuit design. 

4.2.2.1 Circuit-Level Architectural Analysis 

The table below compares quantum circuit architectures of QViT variants, and a ranking 

of compatibility with NISQ based on the number of standard gates as might be required in 

an existing implementation [10, 13, 45, 48]. Demonstrating a range of levels of complexity, 

Basic-D1 does not demand significant amounts of resources, whereas Basic-D2 demands 

dramatically more. The gate efficiency of AOA architectures compares favorably with that 

of CNOT based architectures with typically minimum CNOTs and reasonable total gate 

counts. Analysis of circuit depths shows that QAOA has outstanding performance at its 

shallow depths (5-7) as compared to those of Basic VQC (15-28). The NISQ rankings show 

that QAOA-D1 has the best performance (rank 1 both on 12 qubits and 8 qubits) and Basic-

D2 has the worst (rank 4, 12 qubits; rank 3, 8 qubits) performance because of the large 

number of CNOT gates and an inability to meet the depth constraint. The comparison 

shows that QAOA architectures value gate efficiency and shallow circuits, with Basic VQC 

architectures making the tradeoff of hardware efficiency in favor of the (possibly) greater 

quantum expressivity of dense connectivity patterns. 
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Table 4.2: Quantum Circuit Architecture Comparison for QViT Configurations on 12 qubit (Quantum Multi-

Head Attention) and 8 qubit (Quantum Feed-Forward Network) for experimented single transformer block. 

Qubit Configuration Total 

Gates 

CNOTs Circuit Depth NISQ 

Ranking 

 

 

 

12 qubit 

QViT-Basic-D1 36 12 15 2 

QViT-Basic-D2 60 24 28 4 

QViT-QAOA-D1 42 6 5 1 

QViT-QAOA-D2 66 6 7 3 

 

 

 

8 qubit 

QViT-Basic-D1 24 8 15 2 

QViT-Basic-D2 40 16 28 3 

QViT-QAOA-D1 28 4 5 1 

QViT-QAOA-D2 44 4 7 2 

 

4.2.2.2 Quantum State Properties via Tomography 

Figure 4.5 tabulates the quantum state characteristics 12-qubit VQC setups in multi-head 

attention in the conditions without noise and with 1 percent of noise. Figure 4.5(a) reveals 

that Basic-D1 builds a base of mixed quantum states with medium reconstruction fidelity 

(0.383-0.403), entropy (1.440-1.627), and entanglement (1.402-1.587) that reflects a 

balanced quantum complexity. Figure 4.5(b) indicates that optimization of quantum cast 

over enhanced quantum expressivity specifically increases entropy (2.842- 2.875) and 

entanglement (1.899-1.953) and better fidelity ( 0.673-0.683) with the superior 

reconstruction accuracy (trace distance 0.134 -0.191) for adequate exploration of quantum 

state spaces. Figure 4.5(c) shows that QAOA-D1 favors quantum coherence keeping its 

states high purity (0.981-1.000) with minimal entropy (~0.000-0.113) and little 

entanglement (~0.000-0.076), but again has reconstruction challenges (trace distance 

0.751-0.899). Figure 4.5(d) demonstrates the contingent performance of QAOA-D2 with 



 

 

©Daffodil International University                                                                                 47 

 

weakening fidelity (0.074-0.095) and serious span problems (trace distance 0.929-0.973) 

but keeping the typical pure-state pattern. Figure 4.5(e) reveals the inherent architectural 

split in terms of tomographic reconstruction with Basic setups leading to lower 

reconstruction errors than the high reconstruction errors found in QAOA. Fig. 4.5(f) shows 

very high values of quantum Fisher information, with QAOA-D2 providing the best 

parametrization sensitivity (3.643 noiseless, 3.602 with 1% noise), followed by QAOA-D1 

(2.723 noiseless, 2.693 with 1% noise), indicating that QAOA algorithms do possess 

genuine quantum advantages in the parameter estimation problem as well as in comparable 

computational tasks. 

 

Figure 4.5: Quantum state properties of 12-qubit variational quantum circuits in quantum multi-head 

attention architectures under noiseless and 1% depolarizing noise conditions. 
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Figure 4.6: Quantum state properties of 8-qubit variational quantum circuits in quantum feed-forward 

network architectures under noiseless and 1% depolarizing noise conditions. 

Figure 4.6 shows the properties of 8-qubit VQC circuit structures in feedforward networks. 

The figure 4.6(a) defines Basic-D1 with balanced quantum features of moderate fidelity 

(0.216), entropy (1.192), entanglement (1.374), and purity (0.511), but with higher trace 

distance (0.883-0.940). Figure 4.6(b) illustrates a spectacular quantum complexity increase 

of Basic-D2, doubling entropy (2.515), huge entanglement (1.753), increased fidelity 

(0.484), and better reconstruction (trace distance 0.598-0.648). Figure 4.6(c) and Figure 

14(d) shows that QAOA maintains sharp states well across depths (purity 0.981-1.000) 

with little entanglement (0.000-0.076) and minimal entropy (0.000-0.113), though with 
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performance limitations in scaling to more qubits due to low fidelity (0.179-0.289) and 

poor reconstruction quality (trace distance 0.715-0.989). The quantitative performance gap 

shown in Figure 4.6(e) indicates that the Basic configurations are more efficient than the 

QAOA in terms of quantum state reconstruction quite generally, including possible 

tomographic issues in the QAOA. Figure 4.6(f) supports the significant quantum Fisher 

information within the configurations, where the ranges are (1.331-2.250), which implies 

the ability to measure a parameter (1.331-2.250) times sensitivity with respect to circuits 

observing computational capabilities. 

All in all, the QST analysis shows the presence of unique quantum states properties across 

four configurations and that QViT-QAOA-D1 is the most promising in terms of exploiting 

quantum benefits. QViT-QAOA-D1 has the most desirable combination of quantum 

features: it encodes states with high purity (0.981-1.000), which enable them to remain in 

the quantum coherent regime in the presence of noise, and to a high degree of parameter 

sensitivity [QFI: 2.723] in both computer and sensing contexts. QViT-Basic-D2 supports 

the best quantum expressivity with maximum generation of entanglement (1.953) and 

entropy (2.875), which marks the greatest form of quantum computational advantage, but 

at a cost of the need to train deeper circuits that could undermine quantum coherence in the 

NISQ era. QViT-QAOA-D2 used in quantum sensing achieves the best parameter 

sensitivity (QFI: 3. 643), with the poorest quantum state reconstruction. The balanced 

quantum characteristic of QViT-Basic-D1 is characterized by a large degree of 

entanglement (1.587) and parameter sensitivity (QFI: 1.502). The inherent tradeoff 

between quantum expressibility and coherence retention supports the path chosen by 

QAOA-D1 where in-depth quantum state purity is valued to emulate quantum superiority 

under practical hardware limitations and offer enough quantum aid across a variety of 

quantum information processing applications. This makes QViT-QAOA-D1 the most 

promising solution to achieve long-termed quantum advantages in settings where quantum 

computing will have practical application. 
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4.2.3 Bayesian Hyperparameter Optimization for QViT-QAOA-D1 

With the QViT-QAOA-D1 architecture, the model performed well with diagnosis in lung 

cancer classification achieving 99.30% AUC and 98.52% accuracy when using default 

hyperparameters. Importantly, this was performed on a shallow setup of 70 gates, which is 

both friendly to near-term NISQ systems. QViT-QAOA-D1 showed a superior balance 

amongst diagnostic performance, circuit complexity, and sparsity with respect to noise, 

suggesting it to be the best overall candidate to optimize using Bayesian hyperparameter 

optimization.  

Table 4.3: Bayesian Optimization trial results (10 trials). 

Trial AUC Accuracy Precision Recall F1-Score Status Duration 

(min) 

0 0.9975 0.9767 0.9778 0.9767 0.9767 Completed 24.2 

1 0.9986 0.9789 0.9790 0.9789 0.9789 Completed 30.5 

2 0.9983 0.9899 0.9899 0.9899 0.9899 Completed 37.2 

3 0.9989 0.9931 0.9934 0.9931 0.9931 Completed 34.8 

4 - - - - - Pruned 

(OOM) 

- 

5 0.9976 0.9704 0.9707 0.9704 0.9704 Completed 24.9 

6-9 - - - - - Pruned 

(OOM) 

- 

 

Bayesian optimization was used to refine the seven most important hyperparameters of 

QViT including patch size, hidden size, number of attention heads, number of transformer 

blocks, MLP hidden size, learning rate, and a dropout rate (Table 3.1). This was carried 

out to optimize model capacity, expressivity of attention, depth of network and 

regularization and stabilize convergence. Ten trials were run, six of them successfully 

completed and four were pruned as a result of OOM errors. According to Table 4.3, Trial 
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3 had the best accuracy of 99.31% and AUC of 0.9989, precision of 99.34%, recall 99.31%, 

and F1-score of 99.31%, and serviced in a duration of 34.8 minutes. Trial 1 showed an 

almost identical AUC when compared with Trial 5 (0.9986), with slightly lower accuracy, 

whereas Trial 5 had the lowest run time (24.9 minutes), but a lower accuracy of 97.04 

percent. These findings exemplify the trade-off between training efficiency and predictive 

performance, of which Trial 3 offered the most successful balance with 50% accuracy in 

the predictive performance and an efficiency rate of 0.39 during training process. 

Table 4.4: Hyperparameter configuration of before applying (Pre) Bayesian Hyperparameter Optimization 

and best trial Configuration (Trial 3) after applying (Post) Bayesian Hyperparameter Optimization for 

QViT-QAOA-D1 configuration. 

Parameter Name Pre Optimization Post Optimization Architectural Impact 

Patch size 128 128 Unchanged 

Hidden size 12 4 Reduced quantum attention 

dimensionality 

Number of heads 2 4 Increased attention parallelism 

Transformer blocks 1 1 Unchanged 

MLP hidden size 8 16 Doubled quantum MLP 

capacity 

Learning rate Warmup Cosine 

Decay Schedule 

0.003718  Simplified optimization 

Dropout rate 0.1 0.1  Unchanged 

 

In table 4.4, the top configuration of Trial 3 showed relatively large architectural changes 

with Bayesian optimization. The hidden size was scaled downwards by a factor of 3 

(contracting quantum attention to 4 qubits, doubling attention heads to 4 and expanding 

MLP hidden size by a factor of 2 to 16 qubits). It was learned rate changing to 0.003718. 
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This is a key architectural redesign as opposed to hyper parameter optimization The 

quantum attention mechanism now works with 4-dimensional features that have been 

compressed on 4 heads, whereas quantum MLP works on expanded 16-dimensional 

representations. Optimization analysis found that focused quantum mixture in feed-

forward networks have a better potential than distributed quantum attention strategy in the 

original architecture. As shown in table 4.5, the performance was improved significantly: 

the AUC was advanced by 0.59 percent (0.9930 to 0.9989) and accuracy by 0.79 percent 

(98.52 to 99.31). Although total gate count is still 70, this is full architectural redistribution 

of 12-qubit attention (42 gates) + 8-qubit MLP (28 gates) into 4-qubit attention (14 gates) 

and 16-qubit MLP (56 gates). 

Table 4.5. Pre vs Post-Optimization performance results of QViT-QAOA-D1 configuration. 

Metric Pre-Optimization Results Post-Optimization Results Improvement 

AUC 0.9930 0.9989 +0.59% 

Accuracy 98.52% 99.31% +0.79% 

Gate Complexity 70 gates (42 gates [12 qubit] 

28 gates [8 qubit]) 

70 gates (14 gates [4 qubit] 

56 gates [16 qubit]) 

Reconfigured 

 

These results demonstrate the value of systematic hyperparameter optimization in 

discovering effective quantum resource allocation for vision transformers, showing that 

initial parameter choices can be significantly improved through principled optimization 

methods. 

4.2.4 NISQ level Noise Resilience Analysis for QViT-QAOA-D1 configuration 

Because QViT-QAOA-D1 demonstrated the best lung cancer classification accuracy, the 

next concern was whether its high accuracy could hold up in the face of noisy quantum 

hardware. Existing NISQ-based devices are subject to decoherence, gate error, and 

measurement noise that present a risk to both diagnostic and quantum fidelity. To verify 

this, we performed a noise resilience study with realistic operating conditions, to test the 
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robustness of QViT-QAOA-D1. The findings indicate that the model results in high 

predictive reliability and the model is compatible with NISQ. 

Table 4.6 shows the cumulative assessment of the QViT-QAOA-D1 in realistic NISQ noise 

environments of 0.0% to 2.0%. The model has high robustness with robustness 

performance rating of more than 98.5% on lung cancer classification across the levels of 

noise settings. AUC scores of the model are extremely high (0.992-0.994), and there is 

minimal degradation even at the most severe 2.0% noise level, where the model still has 

0.993 retention with an AUC of 0.994+/- 0.000. The slightest changes occur in Accuracy 

and F1-Score, which also demonstrate the stability of the circuit concerning decoherence 

and gate errors. These results show that QViT-QAOA-D1 retains quantum-enhanced 

diagnostic potential in the context of the current NISQ hardware limitations. 

Table 4.6: Noise resilience evaluation of QViT-QAOA-D1 for lung cancer classification on NISQ Systems. 

Noise  

Level 

Noise 

Rate 

Seed 

(n) 

AUC 

(Mean±SD) 

Accuracy 

(Mean±SD) 

F1-Score 

(Mean±SD) 

Retention 

(%) 

Ideal 0.0% 3 0.992±0.002 0.961±0.004 0.961±0.004 100.0 

Low-1 0.3% 3 0.994±0.001 0.958±0.002 0.958±0.002 99.7 

Low-2 0.5% 3 0.994±0.002 0.957±0.015 0.957±0.015 99.6 

Medium-1 0.8% 3 0.993±0.002 0.947±0.008 0.947±0.008 98.5 

Medium-2 1.0% 3 0.994±0.002 0.956±0.002 0.956±0.002 99.5 

High-1 1.5% 3 0.994±0.002 0.956±0.006 0.956±0.006 99.5 

High-2 2.0% 3 0.994±0.000 0.954±0.004 0.954±0.004 99.3 

 

Table 4.7 shows individual-seed performance of QViT-QAOA-D1 across all noise levels 

simulated, which shows resistance even to stochastic quantum noise. Three independent 

runs (42, 142, 242) provide consistent quantum advantages and significant improvements 

with only slight deviations, which fall within clinically acceptable margins (± 2-3% 



 

 

©Daffodil International University                                                                                 54 

 

accuracy). Among the seeds, 142 also has the most durable performance, with peak 

accuracy of 97.04% at 0.5% noise, whereas seed 242 is the more easily perturbed, falling 

by 0.21 to 95.98% at 2.0%. Notably, the F1-scores are strictly kept between 0.947 and 

0.961 in all condition due to the balanced sensitivity-specificity trade-off requirement to 

perform reliable diagnosis of lung cancer. 

Table 4.7: Individual seed performance across all noise levels. 

Seed AUC score Accuracy F1-score 

Ideal (0.0% Noise) 

42 0.9909 0.9556 0.9556 

142 0.9949 0.9641 0.9641 

242 0.9916 0.9619 0.9619 

Low-1 (0.3% Noise) 

42 0.9949 0.9556 0.9556 

142 0.9943 0.9577 0.9577 

242 0.9934 0.9598 0.9598 

Low-2 (0.5% Noise) 

42 0.9945 0.9641 0.9641 

142 0.9954 0.9704 0.9704 

242 0.9909 0.9366 0.9366 

Medium-1 (0.8% Noise) 

42 0.9945 0.9535 0.9535 

142 0.9946 0.9514 0.9514 

242 0.9898 0.9366 0.9366 
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Seed AUC score Accuracy F1-score 

Medium-2 (1.0% Noise) 

42 0.9947 0.9535 0.9535 

142 0.9958 0.9577 0.9577 

242 0.9917 0.9556 0.9556 

High-1 (1.5% Noise) 

42 0.9952 0.9577 0.9577 

142 0.9948 0.9619 0.9620 

242 0.9908 0.9471 0.9472 

High-2 (2.0% Noise) 

42 0.9936 0.9493 0.9493 

142 0.9938 0.9535 0.9535 

242 0.9935 0.9598 0.9598 

 

4.2.5 Performance comparison with existing studies 

Table 4.8 compares QViT with some related quantum machine learning methods on a range 

of medical imaging classifications. On the rather large dataset of 3,150 CT images, the 

proposed QViT has an accuracy of 98.52 in detecting lung cancer, beating other several 

existing models. As an example, a 99.25% accuracy coefficient was obtained by Bilal et 

al. IQI-BGWO-SVM only on 332 breast cancer locations, whereas BC-QNet finished at 

96.54-98.01% with 322 samples. Mahmood et al. experimented to attain the best accuracy 

of 98.9 on breast pathology in a 2,000 images dataset which is relatively smaller in size as 

compared to QViT. In lung cancer, specifically, Radhika & Sharada achieve 97% accuracy 



 

 

©Daffodil International University                                                                                 56 

 

with 1,018 images but training time consuming 5.4 hours, whereas QViT used 13 times 

faster training time (two hours) and improved accuracy by 1.3 percent. QViT also 

outperformed Bilal et al.’s Q-GBGWO-ELM (96.98% accuracy on 910 images with lung 

cancer) as it recorded higher accuracy on 3.6 times more data points. In other modalities, 

Hussein et al. 89.3 in skin cancer with long runtimes, Ticku et al. 92.13 in brain tumors, 

and Muniasamy et al. 94 in brain tumors. The quality of consistency and accuracy is 

particularly good with QViT. In general, the analysis of the datasets indicates that current 

studies present powerful findings, but largely select highly specific or small scale data. 

Compared to QViT, however, QViT shows not only clinical robustness but also greater 

computational efficiency, maintaining high accuracy in a larger and more heterogeneous 

dataset, making it look like a better candidate to be used in real medical practice. 

Table 4.8. Comparison of the QViT models’ performance with existing literature. 

Author Model Name Application 

(image type) 

No. of images 

in dataset 

Accuracy Training 

Time 

Bilal et al. 

[36] 

IQI-BGWO-

SVM 

Breast Cancer 

(Mammographic) 

332 images 99.25 % Not 

mentioned 

 

Bilal et al. 

[48] 

BC-QNet Breast Cancer 

(Mammographic) 

322 images 

(MIAS dataset), 

 

97.24 % 

(Benign), 

98.01 %  

(Malignant), 

96.54 % 

(Normal) 

 

Not 

mentioned 

Mahmood 

et al. [28] 

MFF-HistoNet 

(CNN+QTN) 

Breast Cancer 

(Tissue 

pathology) 

2082 images 

(100 ×  

magnification), 

1995 images 

(40 ×  

magnification) 

 

98.8% (100 ×  

magnification), 

98.9% (40 ×  

magnification) 

Not 

mentioned 
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Author Model Name Application 

(image type) 

No. of images 

in dataset 

Accuracy Training 

Time 

Hussein et 

al. [12] 

HQCNN- 

BiLSTM- 

MobileNetV2 

Skin Cancer 2637 images 89.3% 2981 

seconds 

Radhika & 

Sharada 

[26] 

 

QHO-CNN Lung Cancer (CT 

scan) 

1018 images 97% 5.431 hours 

Bilal et al. 

[11] 

Q-GBGWO-

ELM 

Breast Cancer 

(Mammographic)

, 

Brain Tumor 

(MRI scan), 

Skin Cancer 

(Dermoscopic), 

Lung Cancer (CT 

scan) 

 

322 images 

(BC), 

2000 images 

(SC), 

910 images 

(LC), 

3064 images 

(BT) 

98.80% (BC), 

97.00% (SC), 

96.98% (LC), 

92.30% (BT) 

 

Not 

mentioned 

Ticku et al. 

[29] 

QCNN Brain Tumor 

(MRI scans) 

3064 images 92.13% 1.1 seconds 

per image 

training 

 

Muniasamy 

et al. [38] 

 

HQC-CNN Brain Tumor 

(MRI scans) 

3064 images 94% Not 

mentioned 

Ours QViT (QViT-

QAOA-D1 

configuration) 

Lung Cancer 

(CT Scan) 

3150 98.52 % 674.93 

seconds 
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4.2.6 Performance comparison with state-of-the-art models 

A comparison between the proposed QViT model and the other state-of-the-art deep 

learning architectures is given in Table 4.9. As it can be seen, the highest accuracy 

(98.52%) was reached by QViT-QAOA-D1, whose precision, recall, and F1-score were 

98%. This result is close to what was obtained by DenseNet201 (98.32%) and 

ConvNeXtBase (98.10%) but QViT exhibits a decided superiority in model efficiency with 

only 196987 parameters as compared to tens of millions of parameters in the previous 

classical networks. Although MobileNetV3Large has the lowest number of parameters, the 

model had less than 50 percent accuracy. Compared to this, QViT does not incur a large 

parameter cost and still reaches a state-of-the-art accuracy, demonstrating its scalability 

and utility to medical imaging problems. 

Table 4.9: Comparison of the QViT models’ performance with state-of-the-art models. 

 

Model Name Error 

Rate (%) 

Precision 

(%)  

Recall  

(%) 

F1-score 

(%)  

Accuracy 

(%) 

No. of 

Parameters 

Vision Transformer 0.29 94 93 93 94.33 4,080,074 

Swin Transformer 0.16 97 97 97 97.02 86,459 

DenseNet201 0.08 98 98 98 98.32 18,321,984 

ResNet152V2 0.14 97 97 97 97.04 58,331,648 

InceptionV3 0.50 89 89 89 89.43 21,802,784 

MobileNetV3Large 2.4 49 49 49 49.26 2,996,352 

ConvNeXtBase 0.9 98 98 98 98.10 87,566,464 

QViT (QViT-

QAOA-D1) 

0.9 98 98 98 98.52 196,987 
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4.3 Discussion 

This research shows that quantum-enhanced vision transformers can help to connect the 

theoretical quantum computational superiority and practical medical imaging work. The 

quantum state tomography analysis indicates that Basic VQC settings have better quantum 

expressivity by way of greater entanglement entropy (1.899-1.953) and greater state 

complexity, permitting quantum circuits to represent more subtle correlations in CT scan 

data than may be used by classical transformers. The quantum advantage scales to greater 

circuit depths (15-28), though, which demands more gates and, in the small scale, is 

impractical as NISQ. In contrast, QAOA-based circuits do not emphasize some degree of 

quantum coherence preservation (0.981-1.000) or low decoherence, thus much more 

readily deployable on existing quantum devices, without significant quantum benefit 

losses. The results of the classification show that the quantum enhancement leads to actual 

diagnostic improvement with QViT-QAOA-D1 performing on 98.52 percent accuracy 

with 42 gates in quantum attention and 28 gates in quantum MLP with single transformer 

block. The high performance in malignant versus benign classification (AUC >0.997) 

shows that quantum circuits have a better feature discrimination power essential in medical 

diagnosis. The resilience tests of the noise show that quantum benefits can be used under 

realistic hardware constraints, as model performance can be maintained above > 98.5 

percent at all noise levels (0.0%-2.0%) and thus quantum-enhanced medical imaging can 

work effectively on NISQ devices. The Bayesian optimization findings demonstrate that 

quantum-classical hybrid structures can be optimized methodically to be used in clinical 

applications and use a 0.79 percent improvement, and exhibit the same quantum circuit 

complexity. The comparative analysis also illustrates that QViT has found the right balance 

to the quantum advantage vs practical deployment trade-off with scalability (3,150 images) 

along with an efficiency (674 seconds training time) important to the clinical acceptance 

of the tool. These results are supported by the QFI analysis that shows real parameter 

sensitivity potentials in all configurations with QAOA-D2 being the most sensitive and 

QAOA-D1 the most sensible tradeoff between parameter sensitivity and hardware 

compatibility. These observations point to the possibility of practical quantum machine 
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learning being the task of meeting the desired quantum enhancement level as limiting 

additional realistic constraints as opposed to the maximization of theoretical quantum 

benefits. The QAOA-inspired method shows that problem-specific quantum circuit design 

can lead to not only quantum computational advantages, but also to parameter sensitivity 

as a means of sensing, and compatibility with near-term hardware, creating a path toward 

quantum advantage in real-world traditionally non-quantum artificial intelligence systems. 
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CHAPTER 5 

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY 

 

5.1 Impact on society 

The QViT proposed framework is highly socially relevant because it allows the accuracy 

and efficiency of lung cancer diagnoses to be increased. Early and accurate diagnosis leads 

to early improvement in patient status, the reduction of treatment costs, and associated load 

on the healthcare system. The research also leads to innovation in digital healthcare as by 

combining high level AI with developing quantum technologies, it would create a pathway 

to more available diagnostic support in resource poor areas. In addition, the work could be 

used in academic and industrial developments of quantum machine learning and, in future, 

interactions with clinicians, researchers, and technologists could be introduced to solve 

global health problems by means of interdisciplinary solutions. 

5.2 Impact on the environment 

Environmentally, this study focuses on resource efficient computation of the required 

resources. Conventional deep learning algorithms typically have high parameter count and 

energy consumptions that lead to a high carbon-footprint. You can also notice that QViT 

shows competitive accuracy using much fewer parameters thus being energy aware of 

model design. Smaller and optimized circuits are also the means of achieving lower 

hardware overhead when experimentation is done. Enabling more lightweight architectures 

which are compatible with NISQ components, the work helps to create a more sustainable 

mindset in medical AI research. Therefore, the project achieves not only improved patient 

care, but also squares itself with ongoing initiatives to decrease the energy load in 

computing. 
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5.3 Ethical Aspects 

Ethical factors will be of crucial significance in the implementation of AI-based medical 

systems. In this study, confidentiality and privacy of the patient are respected, as only data 

were anonymized and used to fulfill academic intentions. QViT designs underlines fairness 

by assessing the performance over balanced datasets, thus limiting the risks of bias in 

clinical performance. Moreover, the explanation of model judgments by verifying quantum 

states increases the model transparency so that clinicians could trust AI results. The 

research also appreciates the duty of the researchers in deterring abuse of sensitive medical 

AI technologies. Ethical rigor in general contributes to the validity and the social 

acceptability of the proposed framework. 

5.4 Sustainability Plan 

The longevity of this study is that it can be contextualized with changing technology and 

health demands. The framework is developed by using NISQ-compatible architectures and, 

thus, can be executed on existing hardware as well as in a scalable manner on future fault-

tolerant quantum systems. The parameterization of QViT is of light-weight, hence is 

efficient in the long run, which is desirable in the deployment environment where resources 

are limited, such as hospitals and diagnostic centers. Moreover, openly publishing 

academic results helps to promote subsequent and future replications as well as extensions 

by other researchers, and is thus wellspring of impact. The long-term goal of the described 

work is to develop a framework capable of supporting effective clinical applications of 

quantum-assisted medical AI that considers clinical applicability, computation and 

resource constraints, and social value. 
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CHAPTER 6 

CONCLUSION AND FUTURE WORK 

 

6.1 Summary of the Study 

The study presented a Quantum enhanced Vision Transformer (QViT) to classify lung 

cancer as it introduced variational quantum circuits (VQCs) as enhancements of the 

attention and feed-forward layers by improving feature learning. The two circuit families 

of Basic VQC and QAOA were examined at various depths, which yields four sets. An 

experiment on 3,150 CT images indicated that QViT-QAOA suffered the least accuracy 

with 98.52%, despite a large reduction in parameters relative to state-of-the-art models. 

Quantum state tomography (QST) verified the presence of genuine quantum contributions 

and noise simulations verified that the method was robust to NISQ limitations. The 

outcomes indicate that QViT is an efficient, scalable and clinically-relevant solution to 

quantum-assisted medical imaging. 

 

6.2 Conclusions 

This paper shows that quantum-enhanced Transformers offer a promising direction 

towards the future improvements in the medical image analysis while being practical and 

constrained to near-term quantum hardware. The QViT architecture forms a promising step 

towards providing a useful co-design of quantum comp advantages in classical transformer 

architecture, and could eventually apply to quantum-enhanced differences in other fields. 

This contribution establishes the validity of authentic quantum contributions to medical 

imaging applications back using the processes of systematic quantum state tomography 

and noise resilience analysis. The QAOA-inspired method comes out as the best tradeoff 

between quantum expressivity and hardware feasibility, with shallow circuit 

implementations possible to be deployed on NISQ. These results set a path toward 

quantum-enhanced vision transformers as a potential base of clinical AI, providing both an 

opportunity to harness the theoretical quantum-enhanced speed in practical settings and 

harness the diagnostic demands in clinical applications. 
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6.3 Implication for Further Study 

These results indicate a few key areas of development of quantum-enhanced medical 

imaging. Although the proposed QViT framework performed well on 3,150 CT image 

samples, future study should test its scalability at high scale, such as 10,000+ samples, 

where quantum machine learning algorithms tend to register barren plateau effects and 

trainability issues. Even the present practice of 4-qubit subsystem tomography restricted 

our visibility of multi-qubit correlations, which makes it desirable to have new techniques 

of quantum state characterization as process tomography and compressed sensing. Also, 

simulations were done on environments with limited available computing resources, which 

do not completely represent what the hardware experience offers in terms of decoherence, 

crosstalk, and calibration problems. Translating the algorithm to hardware on a physical 

device e.g. IBM Quantum, Google Quantum AI, or IonQ is thus a significant development 

step to validate practical viability. In addition to scalability and hardware testing, 

generalizing QViT to include multi-modal medical images such as MRI, ultrasound, and 

X-ray imaging, may help lead to more generalizability. One route to faster deployment 

would be to explore new forms of circuit architecture beyond Basic VQC and QAOA, and 

integration of quantum federated learning strategies or co-design approaches, especially in 

collaborative healthcare settings. Together, the details provided will assist in putting typical 

standards in place and lead the way to clinically applicable quantum-assisted diagnostics.  
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