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Abstract

The early detection and diagnosis of brain tumors is linked with improved patient quality

of life, treatment, and health outcomes. Identifying the presence of brain tumors is typically

done using magnetic resonance imaging (MRI) scans. Creating a computerized system to

determine whether a patient has a brain tumor, and what kind, remains challenging due

to the complexity and visual similarity of brain MRI data. This challenge motivates the

creation of methods and systems that can classify patient MRI data automatically without

requiring supervised training.

We propose a quantum machine learning and computer vision transformer (ViT) frame-

work for unsupervised brain MRI classification. The Quantum Transformer for Clustering

MRI (QTCM) framework combines classical computing methods with a quantum ViT to

better identify and classify brain tumors in MRI scan data. We demonstrate that a quan-

tum transformer-based system can improve classification rates when compared to similar

classical systems.

This dissertation also evaluates the role of clustering strategy selection in brain MRI

tumor classification. In this study, we introduce DQC1-projected, a method inspired by

deterministic quantum computation with one qubit, and compare its performance against

several classical clustering algorithms across two public brain MRI benchmarks. The results

show that DQC1-projected achieves the strongest performance among the evaluated methods.

Finally, we investigate the feasibility of QTCM on quantum hardware by extending the

study from simulation to deployment on a present-day quantum device. These experiments

evaluate the effects of hardware noise and resource limitations on the proposed method.

Together, these results demonstrate the potential of quantum machine learning and computer

ViT methods for advancing brain MRI analysis.
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Chapter 1

Introduction

Medical image analysis is integral in the diagnosis, monitoring, and treatment of neurological

disorders. Among the available imaging technologies, magnetic resonance imaging (MRI) is

especially important because it provides detailed, non-invasive visualization of brain anatomy

and pathology. Brain MRI scans support the identification of tumors, structural abnormal-

ities, disease progression, and other clinically relevant patterns. Accurate interpretation of

these images can improve diagnosis, treatment, and patient outcomes1.

Healthcare systems generate a substantial number of MRI scans to identify and diagnose

patients, while interpreting scans requires time, expertise, and monetary investment by these

healthcare systems. Estimates suggest that more than 150 million MRI scans are performed

each year2. The need to classify tumor types in an increasing volume of MRI data creates a

significant challenge. Automated analysis methods can assist this process by extracting visual

features, identifying diagnostic patterns, and supporting clinical decision-making. However,

brain MRI analysis remains challenging as MRI imaging data is high-dimensional, spatially

complex, and contain variable tumor types.

This work studies unsupervised quantum machine learning and computer vision trans-

former (ViT) methods for brain tumor classification. The work is centered on MRI-based

classification, with particular emphasis on clustering-based analysis, transformer-based rep-

resentation learning, and quantum processing. The primary goal is to investigate whether
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these methods can improve unsupervised classification and interpretation of MRI scans for

simulation-based evaluation and quantum hardware.

Brain tumor classification is a particularly important application of automated MRI

analysis. Tumor categories such as glioma, meningioma, pituitary tumor, and no tumor

may differ in location, texture, structure, and intensity. In some cases, these differences are

visually distinct. In others, tumor types can appear similar in appearance on an MRI scan,

making classification difficult. These challenges motivate models that can capture local

image structure, broader relationships among image regions, and similarity relationships

among image-derived features.

Deep learning has improved medical image classification by learning hierarchical image

representations from data. Convolutional Neural Networks (CNNs) have been widely used

for medical imaging tasks because they extract strong spatial features from image data3;4.

However, convolutional models are often biased toward localized patterns. This can limit

their ability to model complex relationships among image regions or among related samples.

Computer ViT methods address this limitation through self-attention, which allows the

model to evaluate relationships among different parts of an input representation5–7.

At the same time, quantum machine learning has emerged as an area for exploring

how quantum computation can support data representation, similarity evaluation, and hy-

brid learning8–11. Parameterized quantum circuits (PQCs), quantum kernels, and hybrid

quantum-classical models are especially relevant in noisy intermediate-scale quantum (NISQ)

settings, where current devices remain limited by noise, circuit depth, runtime, and avail-

able qubits12;13. These limitations prevent current quantum devices from replacing classical

medical imaging systems, but they provide a realistic setting for studying selected quantum

components within hybrid quantum-classical models.

1.1 Background and Motivation

Automated brain MRI analysis requires methods that can distinguish meaningful diagnostic

structure from noise, artifacts, and anatomical variation. This task is difficult because

2



tumor appearance may vary across patients, imaging conditions, and anatomical location.

A classification method must therefore learn features that are useful across different images

while remaining sensitive to the visual characteristics that separate tumor classes.

Machine learning and deep learning methods have been widely studied for brain tumor

classification and related medical imaging tasks7;14–17. These methods can learn feature

representations that are difficult to design manually. However, several challenges remain.

Labeled medical data can be expensive and time-consuming to obtain. Class distributions

can be uneven, with some tumor categories represented by fewer samples than others. Vi-

sually similar classes can also produce overlapping feature representations, increasing the

likelihood of misclassification.

These issues motivate methods that can organize MRI feature representations, evaluate

local sample relationships, and identify difficult or inconsistent samples. Visual clustering

provides one way to address this problem. Instead of relying only on direct class predic-

tion, clustering-based analysis evaluates how samples group together in feature space. When

clustering is paired with transformer-based modeling, the system can evaluate relationships

among samples and their local neighborhoods. When quantum-enhanced processing is in-

troduced, the model can also study whether quantum representations and quantum-inspired

similarity measures provide useful structure for medical imaging tasks.

The motivation for this dissertation is therefore threefold. First, this work aims to im-

prove clustering-based brain MRI classification using hybrid quantum-classical modeling.

Second, it evaluates whether quantum-enhanced components can improve the organization

and interpretation of MRI feature clusters. Third, it studies whether selected stages of the

proposed method can be executed on contemporary quantum hardware under realistic device

constraints.

1.2 Brain Tumor Classification of MRI Data

Brain tumor classification refers to the task of assigning MRI images to clinically meaning-

ful categories. In this dissertation, the primary classification setting involves four classes:

3



glioma, meningioma, pituitary tumor, and ”no tumor”. These categories are commonly used

in publicly available brain tumor MRI datasets and provide useful benchmarks for evaluating

automated medical image analysis methods18–20.

Automated classification methods usually begin by converting raw images into numeri-

cal representations. These representations may be extracted through handcrafted features,

convolutional models, transformer-based models, or hybrid methods. Once image features

are extracted, a model can use them for class prediction, clustering, similarity evaluation, or

downstream decision-making. The quality of the feature representation strongly affects the

quality of the final classification result.

Brain MRI classification is challenging because tumor classes do not always form clearly

separated visual categories. Glioma and meningioma images, for example, may share over-

lapping texture and boundary characteristics. Pituitary tumors may vary in size, location,

and intensity. ”No tumor” images may be easier to separate when the extracted features

capture strong structural differences between normal and abnormal scans. These class-

dependent differences make it useful to study not only final classification accuracy, but also

the organization of samples in feature space.

Medical image analysis also requires caution in interpreting model performance. High

accuracy on one dataset does not guarantee generalization to another dataset or clinical

setting. Differences in imaging protocols, class balance, data quality, and patient population

can affect model behavior. For this reason, studies typically evaluate methods using multiple

datasets to identify more generalized solutions.

1.3 Unsupervised Visual Clustering for Medical Image

Analysis

Unsupervised learning is important in medical image analysis because labeled medical datasets

can be difficult and expensive to produce. Expert annotation requires time and domain

knowledge, and class labels may be unevenly distributed across available datasets. In this

4



setting, clustering-based methods are useful because they can organize samples according to

feature similarity and reveal structure that may not be immediately visible from raw images

alone.

Clustering is a machine learning technique that groups samples according to similarity.

In visual clustering, the samples are images or image-derived feature vectors. For brain

MRI analysis, clustering can organize MRI feature representations into local neighborhoods.

These neighborhoods help reveal whether samples from the same diagnostic class occupy

similar regions of feature space.

Many popular methods use clustering to perform classification tasks16;17;21. Clustering

can be supervised or unsupervised. Supervised clustering uses known labels to guide the

organization of samples. Unsupervised clustering seeks structure in the data without relying

on predefined labels. In this dissertation, unsupervised visual clustering is used to organize

feature representations and evaluate whether clustering structure can support brain tumor

classification. This design is consistent with the broader goal of studying methods that can

extract useful structure from MRI data while reducing reliance on direct fully supervised

classification alone.

1.3.1 Clustering Algorithms

This dissertation evaluates several clustering algorithms popular in the literature. The clus-

tering algorithms examined in this work include the following:

• k-means22. This centroid-based method partitions data into k groups by minimizing

distance to cluster centers. It is simple and widely used, but it can be sensitive to

initialization and may perform poorly when clusters are non-spherical or overlapping.

• Fuzzy c-means23. This method assigns soft membership values rather than hard

cluster labels. It can be useful when samples lie near class boundaries, but it may still

depend strongly on centroid structure.

• k-nearest neighbors (k-NN)24. This graph-based method uses local neighborhood

5



relationships to identify similar samples. Popular for classification, k-NN is used to

form local clusters around selected feature centroids.

• Shared Nearest Neighbor (SNN)25. This method evaluates similarity by compar-

ing shared neighbors between samples. SNN can be useful when direct distances are

less reliable or when local neighborhood structure is important.

• DBSCAN (Density-Based Spatial Clustering of Applications with Noise)26.

This density-based method identifies clusters by grouping points in dense regions of

the feature space. It can identify outliers, but its performance depends on density

parameters and may degrade when clusters have different densities.

• HDBSCAN (Hierarchical Density-Based Spatial Clustering of Applications

with Noise)27. This method extends density-based clustering by building a hierarchy

of density-connected clusters. It can handle more complex structure than DBSCAN,

but still depends on the density organization of the data.

• Spectral clustering28. This graph-based method uses eigenstructure to cluster sam-

ples based on similarity relationships. It can capture non-linear structure but may be

computationally expensive for large datasets.

1.4 Computer Vision Transformers and Quantum Ma-

chine Learning

Computer ViT methods use attention mechanisms to evaluate relationships among elements

of an image-derived representation5. Unlike convolutional models, which primarily empha-

size local spatial features, ViT models can learn relationships across different regions or

feature elements. This property is useful for large datasets, like those used in brain MRI

classification tasks, as tumor-relevant information may not be confined to a single local re-

gion. Broader relationships among image features can help the model distinguish between

visually similar classes.
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In this dissertation, transformer-based modeling is used to evaluate structured representa-

tions derived from clustered MRI features. The model uses this structure to identify whether

samples within a cluster are consistent with the centroid class. This makes transformer-based

modeling useful not only for final classification, but also for evaluating local feature relation-

ships in the clustering stage.

Classical feature extraction remains an important part of this process. Raw MRI images

must be converted into numerical feature vectors before they can be clustered, encoded, or

processed by quantum circuit components. In this dissertation, ResNet-50 is used as the

classical feature extractor. ResNet-50 is a deep convolutional neural network introduced by

He et al.3. It uses residual connections to improve the training of deep networks by allowing

information to pass through shortcut paths.

Quantum machine learning studies how quantum computation can support learning tasks

such as classification, clustering, similarity evaluation, and feature representation8–10. In

near-term settings, quantum machine learning often uses hybrid quantum-classical systems.

These systems combine classical computation with quantum circuit components that operate

on encoded data.

Parameterized quantum circuits (PQCs) are central to many hybrid quantum-classical

methods. A PQC contains trainable parameters that are optimized during training. Classical

data are encoded into a quantum state, transformed by parameterized quantum operations,

and measured to produce outputs that can be used by a classical optimizer.

Fig. 1.1 shows the basic structure of a PQC. The encoding layer maps classical data

into a quantum state. The parameterized layer applies trainable quantum operations. The

measurement layer converts the quantum state into output values that can be used for

model training or prediction. This structure makes PQCs suitable for hybrid models in

which classical feature extraction is combined with quantum-enhanced processing.

Deterministic quantum computation with one qubit (DQC1) is also relevant to this disser-

tation. DQC1 is a restricted quantum computing model introduced by Knill and Laflamme29.

The model uses one clean qubit and a register of maximally mixed qubits. Despite this re-

stricted structure, DQC1 can estimate properties of unitary operators that are useful for
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Figure 1.1: Basic structure of a parameterized quantum circuit, showing the encoding of
classical input data into a quantum state, a parameterized unitary transformation layer, and
a quantum measurement layer.

trace estimation and quantum kernel methods.

The standard DQC1 circuit prepares the clean qubit, applies a Hadamard gate, performs

a controlled unitary operation, and measures the clean qubit. Measurements in the X and Y

bases provide estimates of the real and imaginary components of the normalized trace of the

unitary operator. This trace-estimation property makes DQC1 useful for quantum kernel

methods and similarity evaluation30;31.

DQC1 is used in Chapter 4 to develop DQC1-projected, a clustering method inspired by

DQC1 trace estimation. The method maps feature vectors into unitary form, estimates simi-

larity through a normalized-trace kernel, and uses an entropy-based criterion to guide cluster

assignment. This provides a quantum-inspired alternative to classical clustering methods.

DQC1 is also relevant in the context of NISQ hardware. DQC1 circuits can generate

quantum discord, which may be more resilient to noise than entanglement-dependent quan-

tum correlations32. This does not remove the limitations of current quantum devices, but

it makes DQC1 a useful model for studying constrained quantum computation in hybrid

learning systems.

Current quantum devices remain limited by noise, circuit depth, runtime budgets, and

number of available qubits12;13. These constraints are important, as the experiments in
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Chapter 5 evaluate a system on quantum hardware. The hardware study does not claim that

current quantum devices can replace classical medical imaging systems. Instead, it evaluates

whether selected quantum stages of the proposed method can execute under current device

constraints.

1.5 Problem Statement and Contributions

Automated brain tumor classification requires models that can learn meaningful structure

from complex MRI data while remaining reliable across datasets and execution settings. Ex-

isting classical methods have achieved strong performance, but several limitations remain.

CNN-based models can extract useful image features, but they may not fully capture broader

relationships among samples or image regions. Transformer-based models improve relation-

ship modeling, but they are not designed by default to evaluate quantum-enhanced feature

representations. Classical clustering methods can organize feature vectors, but a fixed clus-

tering algorithm may not perform consistently across datasets with different class balance,

density structure, or visual overlap.

Quantum machine learning introduces additional possibilities for feature representation

and similarity evaluation, but current quantum hardware imposes major constraints. NISQ

systems are affected by noise, limited circuit depth, restricted runtime, and finite qubit

availability12;13. As a result, quantum medical imaging methods must be studied as hybrid

systems rather than as replacements for classical computation.

The problem addressed in this dissertation is the need for a clustering-based brain

MRI classification method that combines classical feature extraction, transformer-based re-

lationship modeling, and quantum-enhanced processing while remaining suitable for both

simulation-based evaluation and constrained hardware-based execution. This problem re-

quires a method with four capabilities. It must form meaningful MRI feature clusters,

evaluate difficult samples within those clusters, adapt clustering behavior to dataset charac-

teristics, and support selected quantum stages on available quantum devices.

The main contributions of this dissertation are as follows:
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1. Development of Proposed Solution. We propose Quantum Transformer for Clus-

tering MRI (QTCM), a hybrid quantum-classical framework for clustering-based brain

MRI classification.

2. Quantum-enhanced cluster evaluation. The proposed method uses quantum cir-

cuit components to evaluate relationships within clustered MRI feature representations

and identify hard or noisy samples, removing them from model training, improving

classification outcomes.

3. DQC1-projected clustering. We introduce DQC1-projected, a quantum method

that uses normalized-trace similarity to improve classification performance. We also

compare the performance of DQC1-projected against other methods in the literature.

4. Comparative evaluation across MRI datasets. We evaluate our initial proposed

solution across multiple datasets using Pairwise F -score, B-Cubed F -score, and nor-

malized mutual information as evaluation metrics.

5. Hardware execution study. We deploy our system on IBM quantum hardware and

identify how runtime limits, device noise, and other constraints affect performance of

the system.

Collectively, these contributions describe our study of unsupervised quantum machine

learning and computer ViT methods for brain tumor classification. They also provide a prac-

tical assessment of how such methods perform under both simulation-based and hardware-

based settings.

1.6 Dissertation Organization

The organization of this dissertation is as follows.

Chapter 1 introduces the motivation, background, technical concepts, and contributions

of the dissertation. It also introduces the major components used throughout the work, in-
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cluding brain MRI classification, unsupervised visual clustering, computer vision transformer

methods, quantum machine learning, PQCs, DQC1, and QTCM.

Chapter 2 presents the related work. It reviews classical and quantum approaches to brain

tumor classification, transformer-based medical image analysis, quantum machine learning,

and quantum-enhanced clustering methods.

Chapter 3 introduces the QTCM framework for visual clustering of brain MRI data.

It describes the model assumptions, cluster construction process, cosine similarity encod-

ing, quantum state feature encoding, objective function, datasets, evaluation metrics, and

experimental results.

Chapter 4 introduces the DQC1-projected method. It also compares DQC1-projected

against several classical clustering algorithms and evaluates the proposed method on the

Brain Tumor Dataset and the Sartaj Dataset.

Chapter 5 evaluates QTCM on IBM Quantum hardware. It describes the hardware

execution method, IBM Quantum Heron backend, batching strategy, experimental settings,

hardware results, and limitations of the device-based study.

Chapter 6 summarizes the dissertation findings, discusses limitations, and identifies future

research directions for quantum-enhanced medical image analysis.

Chapter 7 lists the journal manuscripts submitted from the research presented in this

dissertation.
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Chapter 2

Literature Review

This chapter reviews prior work related to unsupervised quantum machine learning and

computer vision transformer methods for brain tumor classification. The literature is or-

ganized around the major technical areas that support this dissertation: deep learning for

brain tumor MRI classification, computer vision transformers, unsupervised visual cluster-

ing, quantum machine learning, quantum-enhanced clustering, and hybrid quantum-classical

medical imaging systems. The following sections summarize prior studies and identify the

research gaps that motivate the methods developed in later chapters.

Brain tumor classification from magnetic resonance imaging (MRI) has been studied

using a wide range of computational methods. Classical machine learning methods, con-

volutional neural networks (CNNs), transformer-based models, and hybrid deep learning

methods have all been applied to MRI classification and segmentation tasks. More recently,

quantum machine learning methods have been investigated for medical image classification,

quantum kernel estimation, and quantum-assisted clustering. These studies demonstrate the

growing interest in combining classical image analysis with quantum or quantum-inspired

computation. However, existing methods remain limited due to a few factors. Some prior

works use supervised learning methods, which is not always viable for environments where

labeled data is limited or too costly to obtain. Other studies rely on a single clustering strat-

egy that can struggle when classifying input data that differ in characteristics from those
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used to train the model. Tables 2.1 and 2.2 summarize the contributions and limitations of

studies discussed in this chapter.

Table 2.1: Summary of related work in brain tumor MRI classification and transformer-
based medical image analysis.

Reference Contribution Limitations
Mohan and Ramku-
mar21

Employed MobileNet for brain tumor MRI
classification, achieving an F-score of 93%
while optimizing performance for computa-
tionally constrained devices.

Focused on efficiency
under constraint
rather than achiev-
ing the highest
reported perfor-
mance.

Mohan and Ramku-
mar33

Implemented an Inception V3-based CNN
for glioma brain tumor detection, achieving
an F -score of 98%.

Evaluated on a sin-
gle, relatively small
dataset, which may
limit generalizability.

Padmakala and Ma-
heswari15

Compared ResNet-101 and DenseNet-121
architectures for MRI-based brain tumor
detection, reporting accuracies of 85% and
95%, respectively.

Evaluation was
limited to smaller
datasets, which can
affect reliability
across broader imag-
ing conditions.

Montalbo7 Proposed TUMbRAIN, a transformer-based
method using ViT, MobileViT, and Swin
Transformer components, achieving 97.94%
accuracy.

Transformer-based
methods can in-
crease computational
cost and often re-
quire large training
datasets.

Albalawi et al.16 Introduced a federated learning method us-
ing VGG16 to support brain tumor classi-
fication while preserving patient data pri-
vacy, achieving 98% accuracy.

Added complexity
due to the privacy-
preserving training
structure.

Balasubramanian et
al.17

Developed a Residual Fused Shepherd CNN
(RF-ShCNN) by combining CNN and resid-
ual network components, achieving 93.7%
accuracy.

High training cost
and limited inter-
pretability remain
concerns.

13



Table 2.2: Summary of related work in quantum classification and quantum-enhanced clus-
tering.

Reference Contribution Limitations
Amin et al.14 Integrated a quantum variational classifier

(QVC) with classical feature extraction for
brain tumor detection.

Practical use remains
constrained by quan-
tum hardware limita-
tions.

Pandi and Thiru-
venkadam34

Proposed a hybrid quantum neural net-
work using a parameterized quantum cir-
cuit, achieving 96.97% accuracy.

Restricted to shallow
circuits and limited
qubit counts.

Akinrotimi et al.35 Applied quantum support vector machines
to multimodal brain imaging data, includ-
ing MRI, PET, and fMRI.

Focused on super-
vised classification
rather than unsuper-
vised clustering.

Poggiali et al.36 Proposed a quantum-assisted k-means clus-
tering method using quantum circuits for
distance computation while retaining clas-
sical preprocessing.

Limited by assump-
tions associated with
k-means clustering
and dataset struc-
ture.

2.1 Deep Learning Methods for Brain Tumor Classifi-

cation

Deep learning methods have become central to automated brain tumor MRI analysis because

they can learn image features directly from data. CNNs are especially important in this area

because they are designed to capture spatial patterns, edges, textures, and hierarchical image

features. These capabilities make CNNs suitable for brain MRI classification, where tumor

categories may differ in shape, location, boundary structure, and intensity.

Traditional CNN architectures such as VGG1637, ResNet38, and Inception39 have been

widely applied to MRI classification. These models have demonstrated strong performance

in multiclass classification tasks involving common categories such as glioma, meningioma,

pituitary tumor, and no tumor. Their strength lies in extracting visual features from MRI

images and transforming them into representations that can be used for classification.

Mohan and Ramkumar21 employed MobileNet for brain tumor MRI classification and

14



achieved a 93% F-score. Their method emphasized efficiency for computationally constrained

devices. In later work, Mohan and Ramkumar33 used an Inception V3 architecture and re-

ported an F -score of 98%. This second study shifted attention from computational efficiency

toward classification performance. These studies show that CNN-based models remain com-

petitive for brain tumor classification, but their results also depend on dataset size, model

configuration, and evaluation conditions.

ResNet-based methods are also important in medical imaging because residual connec-

tions allow deeper models to learn stable feature representations. Padmakala and Mah-

eswari15 compared ResNet-101 and DenseNet-121 architectures on MRI brain tumor datasets

and reported accuracies of 85% and 95%, respectively. Their study supports the usefulness

of deep residual and densely connected models for extracting MRI features, while also illus-

trating that model performance can vary substantially across datasets.

Several deep learning methods have combined CNN components with additional models.

Balasubramanian et al.17 introduced a Residual Fused Shepherd CNN (RF-ShCNN), com-

bining shallow CNN components with a deep residual network for brain MRI classification.

Their method achieved 93.7% accuracy across two MRI datasets. Albalawi et al.16 pro-

posed a federated learning method using VGG16 to support brain tumor classification while

preserving patient privacy, reporting 98% accuracy. These studies show that deep learning

methods can be adapted for performance, robustness, and privacy, but they also introduce

tradeoffs in training cost, system complexity, and interpretability.

Although CNN-based methods remain important, they primarily emphasize localized spa-

tial structure. Brain MRI classification may require a model to evaluate broader relationships

among image regions or among extracted feature vectors. This limitation motivates the use

of transformer-based methods and clustering-based analysis, both of which are important to

this dissertation.
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2.2 Computer Vision Transformers for Medical Image

Analysis

Transformer models were introduced to model relationships among elements of an input

sequence using attention mechanisms5. In computer vision, transformer-based methods ex-

tend this idea to image-derived representations. Instead of relying only on local convolutional

operations, computer vision transformers can evaluate relationships across image patches,

feature elements, or structured visual representations.

This property is important for medical image analysis because clinically meaningful in-

formation may not be confined to one local region. Brain tumors may be characterized by

global anatomical context, intensity patterns, shape, boundary irregularity, or relationships

among multiple image regions. Transformer-based models can therefore provide a comple-

mentary modeling strategy to CNNs by emphasizing relationships across broader parts of

the image representation.

Montalbo7 introduced TUMbRAIN, a transformer-based method for brain tumor clas-

sification using ViT, MobileViT, and Swin Transformer components. The study reported

97.94% accuracy across multiple MRI datasets and compared transformer-based methods

against convolutional alternatives. The results support the value of transformer-based med-

ical image analysis, while also highlighting an important limitation: transformer methods

often require greater computational resources and larger training datasets than simpler CNN-

based models.

Other transformer-based medical imaging studies have explored transfer learning, en-

semble structures, and explainable artificial intelligence. Hossain et al.6 investigated vision

transformers, ensemble modeling, transfer learning, and explainable AI for brain tumor de-

tection and classification. These methods reflect the broader trend of adapting computer

vision transformers to medical imaging tasks, where accurate classification must be balanced

with interpretability and computational feasibility.

For this dissertation, transformer-based modeling is important because the proposed
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method does not use attention only for direct image classification. Instead, transformer-

based modeling is applied to structured representations derived from clustered MRI fea-

tures. This distinction is important because the dissertation studies how transformer meth-

ods can support clustering-based brain MRI classification, particularly when combined with

quantum-enhanced components.

2.3 Unsupervised Learning and Visual Clustering

Unsupervised learning is important in medical image analysis because labeled medical data

can be difficult to obtain. Expert annotation requires time, clinical knowledge, and consis-

tency. In addition, available datasets may have uneven class distributions or may not capture

the full variability of clinical MRI data. These constraints motivate methods that can identify

structure in image data without relying entirely on direct supervised classification.

Visual clustering applies clustering techniques to image data or image-derived feature

vectors. In many systems, raw images are first transformed into numerical feature repre-

sentations using CNNs or related feature extractors. Clustering algorithms then group the

extracted features according to similarity. The resulting clusters can reveal relationships

among visually similar samples, identify ambiguous cases, and expose structure that may be

difficult to observe from raw images alone.

Visual clustering can be supervised or unsupervised. Supervised visual clustering uses

known labels to guide representation learning or cluster formation. This can improve cluster

separation when high-quality labels are available. However, supervised clustering becomes

less practical when labeled data are scarce, uneven, or expensive to obtain. Unsupervised

visual clustering instead seeks structure from the feature space itself. This is useful in medical

imaging because it can support analysis of unlabeled or partially labeled data.

In the context of brain MRI analysis, unsupervised visual clustering is useful because

tumor images may contain noise, artifacts, and class overlap. Glioma and meningioma

samples, for example, may occupy nearby regions of feature space because of similarities in

texture or boundary appearance. Clustering-based methods can help identify such difficult
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regions by organizing samples into local neighborhoods. These neighborhoods can then be

evaluated for class consistency, ambiguity, or noise.

Clustering-based analysis is also relevant to quantum machine learning because quantum

kernels, quantum distance measures, and quantum-inspired similarity measures can be used

to evaluate relationships among feature vectors. This connection makes unsupervised visual

clustering a natural setting for studying hybrid quantum-classical medical imaging methods.

2.3.1 Classical Clustering Methods

Classical clustering algorithms provide the basis for many visual clustering methods. Com-

mon approaches include k-nearest neighbors (k-NN)40;41, hierarchical clustering42;43, spectral

clustering40;41;44, partial clustering45, probabilistic clustering46, and density-based cluster-

ing47. Each method groups samples according to a particular definition of similarity, density,

neighborhood structure, or graph connectivity.

The k-means algorithm is one of the most widely used centroid-based clustering meth-

ods22. It partitions data into k clusters by minimizing the distance between samples and

their assigned centroids. Although k-means is computationally efficient, it assumes that

clusters can be represented effectively by centroids. It can therefore struggle when clusters

are non-spherical, overlapping, or unevenly distributed.

Fuzzy c-means extends centroid-based clustering by assigning soft membership values

rather than hard cluster labels23. This can be useful when class boundaries are ambiguous,

as is often the case in medical imaging. However, fuzzy c-means still depends on the structure

of centroid-based clustering and may be sensitive to initialization or overlapping clusters.

Graph-based clustering methods use relationships among samples rather than only dis-

tances to centroids. The k-NN algorithm identifies local neighborhoods based on the closest

samples in feature space24. Shared Nearest Neighbor (SNN) clustering evaluates similarity

using the number of shared neighbors between data points25. These methods can be useful

when local neighborhood relationships are more informative than global centroid structure.

Density-based methods such as DBSCAN and HDBSCAN identify clusters by locating
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dense regions of the feature space26;27. DBSCAN can identify outliers and does not require

the number of clusters to be specified in advance. HDBSCAN extends this idea by build-

ing a hierarchy of density-connected clusters. These methods can be useful when clusters

have irregular shapes, but their performance can depend strongly on density structure and

parameter choices.

Spectral clustering uses graph eigenstructure to cluster data according to similarity rela-

tionships28. It can identify non-linear cluster structure, but it can also become computation-

ally expensive for large datasets. This limitation is relevant to high-dimensional MRI feature

spaces, where both clustering quality and computational feasibility must be considered.

Recent work has also investigated k-NN applications in quantum and classical systems.

Related studies have used graph-based methods48 and transformer-based clustering meth-

ods49;50. Other studies have examined distance choices for k-NN, including Euclidean, Ham-

ming, polar, and Mahalanobis distances51–54. These studies show that clustering performance

can depend not only on the algorithm, but also on the distance or similarity measure used

to construct neighborhoods.

The diversity of classical clustering algorithms motivates the need for adaptable clustering

selection. A method that relies on only one clustering algorithm may perform well on one

dataset but poorly on another. This issue is especially important in MRI analysis, where

datasets can differ in size, class balance, image quality, acquisition source, and feature-space

structure.

2.4 Quantum Machine Learning for Classification

Quantum machine learning studies how quantum computation can be used for learning tasks

such as classification, clustering, feature representation, and similarity evaluation8–10. In

medical imaging, quantum machine learning has been investigated primarily through hybrid

quantum-classical systems. These methods typically use classical computation for image

preprocessing or feature extraction and quantum circuits for classification, kernel evaluation,

or related operations.
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Quantum classifiers are often motivated by the ability of quantum systems to represent

data in high-dimensional Hilbert spaces. Quantum feature maps and quantum kernels can

transform classical data into quantum representations, allowing inner products or similarity

values to be evaluated in a quantum feature space9;55. In principle, this structure can support

classification tasks with complex decision boundaries. In practice, performance depends on

encoding choice, circuit depth, measurement strategy, optimizer behavior, and hardware

constraints.

Amin et al.14 integrated a quantum variational classifier as the decision layer in a hybrid

model for brain tumor detection. Their method used classical feature extraction followed

by a quantum variational classifier for four-class tumor classification. This study is im-

portant because it demonstrates one way quantum circuits can be incorporated into brain

MRI analysis. However, the approach remains limited by scalability and quantum hardware

constraints.

Pandi and Thiruvenkadam34 proposed a hybrid quantum neural network using a shallow

parameterized quantum circuit for brain tumor diagnosis. Their method reported 96.97%

test accuracy. This study shows that parameterized quantum circuits can be applied to

MRI classification, but it also illustrates a common limitation in quantum machine learning:

shallow circuits and limited qubit counts restrict the size and complexity of the models that

can be implemented.

Quantum support vector machines have also been explored for medical imaging tasks.

Rebentrost et al.55 formalized quantum support vector machines through quantum kernel

methods. Akinrotimi et al.35 applied quantum support vector machines to multimodal brain

imaging data, including MRI, PET, and fMRI, for early detection of neurodegenerative

disorders. Their results showed improved performance relative to a classical SVM baseline.

However, this work focuses on supervised classification and does not address unsupervised

visual clustering.

These studies indicate that quantum classifiers are a promising direction for medical im-

age analysis, but they also reveal an important gap. Much of the existing quantum medical

imaging literature emphasizes supervised classification. Fewer studies examine how quan-
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tum or quantum-inspired methods can improve clustering structure, sample organization, or

feature-space similarity in unsupervised settings.

2.5 Quantum-Enhanced Clustering and Quantum Ker-

nels

Quantum-enhanced clustering studies how quantum computation or quantum-inspired rep-

resentations can support the grouping of data samples. This area is relevant to medical

imaging because clustering quality depends heavily on the similarity measure used to com-

pare samples. If quantum kernels or quantum-inspired similarity measures provide useful

structure, they may help organize complex feature spaces such as those produced from MRI

data.

Quantum clustering methods often use quantum circuits to compute distances, evaluate

similarities, or construct kernel matrices. Poggiali et al.36 proposed a quantum-assisted k-

means method in which quantum circuits are used for distance computation while classical

procedures handle preprocessing and centroid updates. This type of hybrid structure reflects

the current state of near-term quantum machine learning: quantum components are used for

selected operations, while classical systems handle the parts of the computation that remain

more practical on conventional hardware.

Quantum kernels provide another route for clustering and classification. In quantum

kernel methods, classical data are encoded into quantum states or quantum circuits, and

similarities are computed using inner products or related measures in a quantum feature

space9. These similarities can then be used for downstream learning tasks. In clustering,

the quality of the kernel is important because it determines how the method represents the

relationship between data points.

Blank et al.56 developed a distance-based quantum classifier with a tailored quantum

kernel based on quantum state fidelity between training and test data. Their method evalu-

ates weighted powers of fidelity values, allowing the kernel to be adjusted through both the
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exponent applied to the fidelity and the weights assigned to training samples. The authors

showed that the classifier is related to measuring the expectation value of a Helstrom op-

erator, connecting quantum kernel classification with quantum states. More recently, Zhao

et al.57 proposed a Quantum Kernel Self-Attention Network (QKSAN) that combines quan-

tum kernel methods with self-attention. In this model, classical data are mapped into a

quantum Hilbert space through a quantum feature map, and the resulting quantum kernel

self-attention score is used to represent relationships between data samples. These studies

show that quantum kernels can be used not only for classification, but also as adaptable

similarity structures for attention-based learning and clustering problems.

Deterministic quantum computation with one qubit (DQC1) is a method relevant to

quantum kernels, as DQC1 can be used to estimate normalized traces of unitary operators29.

Trace estimation can be interpreted as a similarity calculation when feature vectors are

encoded into unitary representations. Ghobadi et al.30 and Karimi et al.31 investigated the

role of DQC1 in machine learning and supervised learning settings. These studies support

the use of DQC1 for trace estimation as a mechanism for constructing similarity values.

Entropy-based clustering is another relevant direction. Jenssen et al.58 studied clustering

using Rényi entropy, where cluster assignments are guided by entropy-based criteria. More

recent DQC1-related clustering work uses similar information-theoretic ideas with quantum-

inspired similarity measures59. This line of work is important because it connects quantum

trace estimation, kernel construction, and clustering objectives.

Despite these developments, quantum clustering remains less studied than quantum clas-

sification in medical imaging. Existing methods often focus on general clustering tasks or on

quantum-assisted versions of classical algorithms. Fewer works address MRI-specific visual

clustering, class overlap, hard samples, and dataset-dependent clustering behavior. This gap

motivates the DQC1-projected clustering method developed in Chapter 4.
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2.6 Hybrid Quantum-Classical Systems for Medical Imag-

ing

Hybrid quantum-classical systems are central to near-term quantum machine learning. Cur-

rent quantum devices are limited by noise, circuit depth, runtime, and the number of available

qubits12;13. As a result, fully quantum medical imaging systems are not practical for large

MRI datasets. Hybrid systems address this limitation by assigning different parts of the

computation to classical and quantum components.

In medical imaging, classical components are commonly used for image preprocessing,

resizing, feature extraction, and data organization. Quantum components are then applied

to selected tasks such as classification, similarity evaluation, or kernel construction. This

design allows quantum methods to be studied without requiring the entire image analysis

task to be executed on quantum hardware.

Amin et al.14 used a hybrid approach in which InceptionV3 extracted classical image

features and a quantum variational classifier performed the final classification. This struc-

ture shows how quantum layers can be added to classical feature extraction. Pandi and

Thiruvenkadam34 similarly used a hybrid quantum neural network with a shallow parame-

terized quantum circuit. These methods demonstrate the potential of quantum components

in medical imaging, but they also depend on limited circuit sizes.

Hybrid quantum-classical methods are also relevant to clustering. Poggiali et al.36 used

classical preprocessing with quantum distance computation for k-means clustering. This

type of design is important because it shows how quantum operations can be inserted into

a larger classical learning process. However, when the clustering method remains tied to a

single algorithm such as k-means, the resulting method may still inherit the limitations of

that algorithm.

The dissertation builds on the hybrid quantum-classical direction by studying clustering-

based brain MRI classification. Instead of using quantum circuits only as final classifiers, the

proposed approach uses quantum-enhanced and quantum-inspired components to evaluate
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relationships within clustered MRI feature representations. This shift from direct super-

vised classification to clustering-based analysis is one of the main distinctions between this

dissertation and much of the existing quantum medical imaging literature.

2.7 Research Gaps Addressed by This Dissertation

The reviewed literature shows substantial progress in automated brain tumor MRI classifica-

tion, computer vision transformers, quantum machine learning, and hybrid quantum-classical

systems. However, several gaps remain.

First, many brain tumor MRI classification methods are supervised or semi-supervised.

Supervised methods can perform well when labeled data are available, but medical labels are

costly and time-consuming to obtain. In addition, high performance on one labeled dataset

does not guarantee generalization to other datasets or clinical settings. This motivates

the study of unsupervised and clustering-based methods that can organize MRI feature

representations with less dependence on direct supervised classification.

Second, many clustering-based methods rely on a fixed clustering algorithm. A single

algorithm may not be suitable for all datasets, especially when MRI datasets differ in class

balance, density structure, size, image quality, and feature-space organization. This limita-

tion motivates the need for methods that can support multiple clustering choices and adapt

clustering behavior to dataset characteristics.

Third, quantum medical imaging studies have focused more heavily on supervised clas-

sification than unsupervised clustering. Quantum variational classifiers, quantum neural

networks, and quantum support vector machines have been studied for classification, but

fewer works investigate how quantum or quantum-inspired methods can improve clustering

structure, local neighborhood evaluation, or hard-sample identification in MRI data.

Fourth, the relationship between transformer-based visual modeling and quantum-enhanced

clustering remains underdeveloped. Computer vision transformers provide a strong mech-

anism for modeling relationships among feature elements, while quantum machine learning

provides tools for representation and similarity evaluation. Existing work has not sufficiently
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explored how these ideas can be combined for clustering-based brain MRI classification.

Fifth, many quantum machine learning studies remain simulation-focused. Simulation is

important for method development, but it does not fully capture the constraints of quantum

hardware. Current devices are affected by gate noise, limited circuit depth, finite runtime,

restricted qubit availability, and queue-based access. These constraints must be considered

when evaluating whether a quantum-enhanced medical imaging method can move beyond

simulation.

This dissertation addresses these gaps by developing and evaluating a hybrid quantum-

classical approach for clustering-based brain MRI classification. Chapter 3 introduces an

initial proposed solution for visual clustering of brain MRI data. Chapter 4 introduces

DQC1-projected, a quantum-inspired clustering method based on normalized-trace similarity.

Chapter 5 evaluates the method on IBM Quantum hardware, providing an implementation

study under current quantum device constraints.
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Chapter 3

Visual Clustering Framework Using a

Quantum Transformer

Portions of this chapter are adapted from the manuscript titled QTCM: A Quantum Trans-

former Framework for MRI Brain Image Clustering, currently submitted to Quantum Ma-

chine Intelligence for review.

D. Couch, X.-B. Nguyen, H.-Q. Nguyen, K. Luu, A. W. Malik, and S. U. Khan, “QTCM: A

Quantum Transformer Framework for MRI Brain Image Clustering,” submitted to Quantum

Machine Intelligence, (2025). Under Review.

3.1 Introduction

Visual clustering refers to the application of clustering techniques to visual data, such as

images or video frames. These techniques group visually related samples and often support

interpretable visualizations of the resulting structure45. Typically, features are extracted

from these input images or video frames using convolutional neural networks (CNNs)3 or

other similar methods. The extracted features are then partitioned into groups so that

relationships between similar and dissimilar samples can be analyzed.

Visual clustering is a well-studied problem48;60. However, the expansion of feasible quan-
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tum computing systems has created new opportunities to study clustering through quantum

and hybrid quantum-classical methods. Clustering tasks have been applied in areas such

as facial recognition44 and medical imaging61. These tasks are also increasingly integrated

into systems used in everyday environments. One example is the Star Alliance Biometrics

touchless facial recognition boarding system, which uses clustering techniques as part of its

passenger identification process62.

The objective of clustering is to partition an input dataset, D, into a set of clusters. Each

data point xi in D is assigned to a cluster, and samples within the same cluster are expected

to be more similar to one another than to samples in other clusters. The number of clusters,

k, may be determined algorithmically or specified by the user, depending on the application.

The desired output is a partition of the input dataset that maximizes intra-cluster similarity

while minimizing inter-cluster similarity.

This optimization process is commonly expressed through an objective function. Classical

approaches to clustering often optimize this objective through iterative methods, including

spectral clustering44, k-means clustering63, hierarchical clustering42, and density cluster-

ing64. These methods seek a partition of the input dataset that minimizes the defined

clustering objective.

Figure 3.1: Given a set of input images, clustering algorithms can assign proximity between
similar images, given a feature encoding to group these images into classes. Our output
shows 2 classes of 3 images each, shown in red and blue.
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3.2 Clustering Choice Based on Input Data Conditions

Visual clustering can be formulated as either a supervised or unsupervised learning problem.

In supervised clustering, each input sample is associated with a known label. In unsupervised

clustering, the input samples are unlabeled, and the model must infer group structure from

the data itself. An example of clustered input features is shown in Fig. 3.1. The two problem

formulations are described below.

3.2.1 Supervised Visual Clustering

Supervised visual clustering operates on labeled datasets, where each image or input sample

is annotated with a known class or identity. The objective is to learn representations that

map visually similar inputs into related clusters based on ground truth labels65. This process

typically uses a loss function that increases intra-cluster similarity while reducing inter-

cluster similarity.

Supervised clustering has been applied to tasks such as species identification66 and hand-

writing detection67. Classical supervised clustering techniques often rely on convolutional

architectures and metric learning. However, these approaches become less effective or unus-

able when labeled data are scarce, unevenly distributed, or unavailable.

3.2.2 Unsupervised Visual Clustering

Unsupervised visual clustering uses unlabeled input data. This formulation is important

because labeled medical imaging data can be expensive, time-consuming, and difficult to

obtain at scale. The clustering problem can be stated as the task of creating k clusters

among D data points, where D > k, subject to a set of constraints. These constraints

require each feature vector to belong to at most one cluster and require samples within a

cluster to be more similar to one another than to samples in other clusters.

In this setting, clustering groups unlabeled data into class cohorts based on feature sim-

ilarity. Improving clustering performance has practical implications for pattern recognition,
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Table 3.1: Notations and their meaning

Symbols Meaning
D Input dataset
N Number of images in dataset
xi ith image in dataset
si Feature vector of ith image
F Set of extracted features
n Total number of qubits
|ψ⟩ Quantum state
C Set of clusters
Ci ith cluster C
ci Centroid of cluster Ci

Si Sequential representation of cluster Ci

S Sequential dataset
K k-nearest neighbors (k-NN) algorithm
k Size of samples within cluster Ci

H Predefined observable
VL(θ) Parameterized layer with L operators
T Transformer block
yi Binary sequence output of Transformer
yhi hth sample of binary sequence yi

ŷ ∗ i,h Ground truth of Transformer output
Wk, ,Wq, ,Wv Weighted key, query, and value matrices
ki, , qi, , vi Key, query, and value attention layer mappings
a ∗ i, j Self-attention coefficient
ρ Density matrix
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language processing, and computer vision. Traditional clustering methods, including k-

means63 and DBSCAN64, can be limited by scalability. Large-scale datasets may become

computationally expensive to process using classical systems alone. Quantum-enhanced clus-

tering provides a potential strategy for exploring these large feature spaces by using quantum

computation within a larger framework.

3.3 Model Assumptions and Problem Description

Magnetic Resonance Imaging (MRI) datasets often contain degraded samples that make

model training more difficult and reduce classification performance. These degraded samples

may include defects caused by noise, collection artifacts, patient movement, or environmental

factors. The proposed system is designed to evaluate MRI data under the assumptions listed

below. The most frequently used notations in this section and throughout the dissertation

are listed in Table 3.1.

1. There is exactly one input dataset D that contains a specified number of visual input

images x.

2. Each visual input image is assigned a unique image identifier. There are a total of N

visual images in the dataset, and xi (1 ⩽ i ⩽ N) denotes a visual image identifier.

3. Each visual cluster is given a unique identifier. There are a total of Cn clusters for a

given value of k.

4. The number of samples per cluster k is set by the user.

5. The number of qubits, n, and transformer blocks, T , in the system is known.

6. For visual clustering, we use a transformer model49. The system creates a sequential

copy of the input dataset D, denoted as S. Subsequent processing steps access this

sequential copy rather than the original dataset. This prevents the original input

images from being overwritten, mismatched, or contaminated during processing.
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The assumptions above define the data objects and model constraints used throughout

the chapter. The next step is to describe how the input images are converted into clustered

representations that can be evaluated by the quantum transformer.

3.3.1 Visual Cluster Dataset

To create a visual cluster dataset, each input image is converted into a classical feature vector

using a feature extractor. These feature vectors are then organized into local clusters using a

centroid-based nearest-neighbor procedure. Each cluster is converted into a similarity-based

sequence that allows the transformer to evaluate relationships between the centroid and

neighboring samples. The resulting classical representation is then encoded into a quantum

state and processed by a parameterized quantum circuit (PQC). Finally, the model is trained

using a binary loss function that penalizes incorrect predictions of whether each cluster

member belongs to the same class as the centroid. The equations presented in this section

define each stage of the proposed visual clustering framework in order.

The quantum transformer requires a structured clustered dataset rather than a collection

of independent input images. Feature vectors form the feature set F , which provides the

representation used for neighborhood construction.

Next, the framework organizes individual features into local neighborhoods before they

are processed by the quantum transformer. Each local neighborhood is defined relative to a

centroid, ci. The k-nearest neighbors (k-NN) algorithm, denoted by K, selects the k feature

vectors most similar to this centroid. This produces a cluster Ci, where each row corresponds

to one neighboring feature vector and each column corresponds to one feature dimension:

Ci = K(ci,F , k) ∈ Rk×D, (3.1)

where k is the number of feature vectors within a single cluster, and D is the feature dimen-

sion.

This formulation allows the framework to evaluate smaller groups of visually similar

samples centered around representative feature vectors. These clusters are combined into
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a visual cluster dataset, which serves as the structured input to the quantum transformer.

The method used to construct clusters from the input dataset, including the use of the k-NN

algorithm, is described in Algorithm 1.

Algorithm 1 Constructing Cluster Dataset from Input Dataset

Input: Input image dataset D = {x1, x2, . . . , xn}, classical feature extractor Φ(·), cluster
size k, number of cluster centers M
Output: Clustered dataset C = {C1, C2, . . . , CM}

1: Extract feature set: F = {fi = Φ(xi) | xi ∈ D}
2: Sample M feature vectors from F as cluster centers: {c1, . . . , cM}
3: for i = 1 to M do
4: Compute cosine similarity ei between center ci and all features fj ∈ F
5: Select the top-k most similar features (including ci)
6: Form cluster Ci = {fi1 , fi2 , . . . , fik}
7: end for
8: return cluster dataset C = {C1, C2, . . . , CM}

3.3.2 Cosine Similarity Encoding

Once each visual cluster has been constructed, the framework requires a representation that

captures the relationship between the centroid and its neighboring samples. Cosine similarity

is used because it measures the similarity between high-dimensional feature vectors. This

is useful for image embeddings because visually related samples may have similar feature

directions even when their feature magnitudes differ.

For each cluster Ci, the similarity between the centroid ci and each neighboring feature

vector f
(j)
i is computed to form a sequence of similarity scores. Following49, let h be the

position of an element in the sequential input, e
(h)
i ∈ Rk, and define the cosine similarity

encoding as follows:

e
(h)
i = {similarity(ci, f

(j)
i )}kj=1, (3.2)

where k is the total number of neighboring samples in the cluster, j is the position of a

feature vector within the cluster, f
(j)
i is the jth neighboring feature vector, and ci is the

cluster centroid.
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The resulting sequence provides the transformer with a compact representation of the

local cluster structure. Samples with high similarity values are expected to be more closely

related to the centroid, while lower similarity values correspond to boundary cases, noisy sam-

ples, or visually similar samples from a different class. Cosine similarity encoding transforms

each cluster from a set of feature vectors into a relational sequence that can be interpreted

and processed by the transformer.

3.3.3 Quantum State Feature Encoding

Because the proposed framework includes a quantum circuit component, the classical fea-

ture or similarity representation must be mapped into a quantum-readable form. In this

framework, amplitude encoding is used to encode classical vectors into quantum states. This

encoding method represents a normalized classical vector using the amplitudes of a quantum

state, allowing the quantum circuit to process information derived from the clustered MRI

features.

The number of available qubits is a limiting factor, therefore the encoding method should

represent the classical input using as few qubits as possible while preserving the information

required by the model. To encode a D-dimensional feature vector into a quantum state, the

minimum number of required qubits is n = ⌈log2(D)⌉. Following5, given n qubits, a general

quantum state can be written as:

|ψ⟩ =
∑

(q1,...,qn)∈{0,1}n
cq1,...,qn|q1⟩ ⊗ · · · ⊗ |qn⟩, (3.3)

where cq1,...,qn ∈ C is the amplitude associated with each computational basis state.

In this expression, the coefficients cq1,...,qn encode the classical information into the am-

plitudes of the quantum basis states. This step provides the interface between the classical

feature extraction and clustering stages and the quantum circuit. Once encoded, the result-

ing quantum state can be transformed by the PQC.

After the classical representation has been encoded into a quantum state, the PQC applies

trainable quantum operations to the encoded input. The PQC functions as a learnable
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quantum layer by transforming the encoded input according to trainable parameters θ. Its

output is obtained by measuring a predefined observable H. Following50, the expectation

value of this observable is defined as:

⟨H⟩ = ⟨0|U †(z)V †(θ)HV (θ)U(z)|0⟩. (3.4)

Here, U(z) encodes the input data into the quantum circuit, while V (θ) represents the

trainable parameterized circuit layer. Measuring the observable H produces an expectation

value that serves as the quantum circuit output. During training, the parameters θ are

updated so that this output contributes to identifying consistent and inconsistent samples

within each cluster.

3.3.4 Objective and Loss Functions

The quantum transformer evaluates the internal consistency of each constructed cluster by

predicting whether each neighboring sample belongs to the same class as the cluster centroid.

Given a cluster Ci with centroid ci, an ideal cluster would contain neighboring samples that

share the same class label as the centroid. In practice, MRI datasets often include noisy,

ambiguous, or visually similar samples that complicate this ideal partitioning. These samples

are treated as hard samples because they may be incorrectly grouped with a centroid from

another class.

For each cluster Ci, the quantum transformer produces a binary sequence yi, where each

element corresponds to one sample in the cluster. A value of y
(h)
i = 1 indicates that the hth

sample is predicted to share the same class label as the centroid ci, whereas y
(h)
i = 0 indicates

that the sample is predicted to belong to a different class. Because each cluster member is

evaluated through a binary class-consistency decision, binary cross-entropy is used as the

training objective. With the ground truth output denoted as ŷ h
i , the loss for cluster Ci is

defined as:
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Li(yi, ŷi) = −
k∑

h=1

[
ŷ
(h)
i log(y

(h)
i ) + (1− ŷ

(h)
i ) log(1− y

(h)
i )
]
. (3.5)

Minimizing this loss encourages the model to assign higher probabilities to samples that

share the centroid label and lower probabilities to samples that do not. The loss function

aligns with the framework objective of identifying hard, noisy, or incorrectly grouped samples

within similar clusters.

Collectively, these equations formalize the proposed framework. The cluster construction

equation defines local neighborhoods of visually similar features, while the cosine similarity

encoding converts each neighborhood into a sequence centered on the centroid. The quantum

state equation describes the representation of this classical sequence in a quantum-readable

form, and the PQC expectation equation defines the trainable quantum transformation ap-

plied to the encoded input. The binary cross-entropy loss then trains the model to determine

whether each cluster member is consistent with the centroid label. This method ultimately

identifies which samples are either hard or noisy within each cluster, allowing clustering

performance to improve over similar methods.

Figure 3.2: Framework workflow order: Sequencing Node, Clustering Node, Quantum Node,
Performance Node. Each node performs a specific set of tasks while communicating with
other nodes via a Management Module and Local Storage
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3.4 Framework Architecture

Fig. 3.2 presents the node-based organization of QTCM. This figure shows how the ma-

jor components are organized during execution. The Sequencing Node, Clustering Node,

Quantum Node, and Performance Node each perform a distinct processing function while

exchanging intermediate outputs through the Management Module and Local Storage.

The operating procedure of the framework is initialized by the user as shown in 1a. The

user is prompted for a set of input parameters in 2a that are saved to local storage, as well

as transferred to the various management modules in each of the four nodes, as shown in

3a. These input parameters are used throughout the workflow of the framework, and set

performance characteristics including dataset name, feature extractor type, transformer type

(quantum or non-quantum transformer), specified number of training epochs, testing and

training image split, and value of k for k-nearest neighbor clustering. This framework is mod-

ular in design, where each node and corresponding controls can be modified via user-specified

configuration changes for a given application context (e.g., differing resolution images, color

channels, image size).

The first node to perform tasks in the workflow after user initialization is the sequencing

node. After receiving input parameters from the user, the management module initiates

feature extraction, shown in 4a, on a designated dataset using input parameters for the

extraction method and dataset name. After feature extraction is completed, these features

are sent, alongside corresponding class definitions, to the dataset sequencer, shown in 5a,

to create a sequential dataset, which is the input format the quantum transformer requires.

This sequenced dataset is sent back to the management module, which saves the dataset

and, via local storage, it sends the dataset to the next node in the workflow, the clustering

node.

The clustering node performs visual clustering on the newly sequenced dataset. After

reading input parameters, this node applies a clustering algorithm, shown in 6a, to the

sequenced dataset. In this proposed framework, we utilize a k-nearest neighbors (k-NN)

clustering algorithm on our sequential dataset. This clustered dataset is sent to a validation

36



module to verify if the value for k yielded a valid number of clusters, and thus a valid

clustered dataset, or if the value for k must be changed to continue. The next node in our

architecture, the quantum node, utilizes a quantum transformer to remove noisy and invalid

entries in the clustered dataset created in the previous node. The management module

reads the value for the run type input parameter, and if valid, sends the clustered dataset to

the self-attention and quantum transformer, seen in 7a and 8a. The self-attention module

performs feature encoding and encodes each classical feature vector into the same number

of quantum states. These quantum states are then sent from the self-attention module to

the quantum transformer, where the quantum states are transformed via a Parameterized

Quantum Circuit (PQC), and sent back to the management module.

The last node in the workflow is the performance node, where the denoised clusters are

validated and measured, with three performance metric outputs used to gauge the relative

quality of the clustering method based on the set of input parameters. The first of the two

modules in the performance node deals with cross-validation, as shown in 9a. This section

corrects for overfitting in the framework, and relays information about the current framework

operation to the management module, including k-fold information and testing and training

split values as defined by the user as an input parameter. Next, the clustered dataset is

sent to the performance metric module, seen in 10a, for the final step of the workflow. The

performance metric module applies three performance metric techniques to the dataset to

obtain Pairwise F -score (FP ), B-Cubed F -score (FB), and normalized mutual information

(NMI) values. These values are saved locally, along with the clustered dataset, as framework

outputs and the workflow resets, ready to classify another set of input images.

3.5 Datasets

We used five brain MRI datasets in this section, each containing a varying number of images

and subjects. Each dataset contains four class labels: glioma, meningioma, pituitary tumor,

and ”no tumor”. The datasets used in this work were selected because they are relatively

large, high-quality, and diverse collections created from images collected during real patient
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Figure 3.3: Sample MRI input images from Brain MRI ND-5 (Dataset 1). Each of these
input images belongs to one of the four brain MRI class identities including, no tumor (0),
meningioma (1), glioma (2), and pituitary tumor (3)

visits in hospital settings. They are also commonly used in the literature. Using five datasets

creates a diverse experimental setting for evaluating the robustness of the proposed method.

Example input images, along with accompanying class name and number from one of the

datasets, are shown in Fig. 3.3.

• Brain MRI ND-568: Brain MRI ND-5 (Dataset 1) contains 17,889 images, with

13,928 training images and 3,961 testing images. This dataset was created for use

in machine learning systems performing tasks such as brain tumor classification and

detection. It is the largest of the five datasets used in these experiments.

• Brain Tumor MRI Dataset69: Brain Tumor MRI Dataset (Dataset 2) contains

7,023 images, with a 5,712 training image and 1,311 testing image split. This dataset

contains the typical four brain MRI classes, and is a combination dataset created from

the accumulation of MRI images from three popular, smaller datasets.

• brain-tumor-dataset70: brain-tumor-dataset (Dataset 3) contains 4,292 images, with

3,276 training images and 1,016 testing images. This dataset is considered small for

large-scale MRI applications and was chosen to see what effect having fewer training

38



Figure 3.4: Training and validation performance results of the classical feature extraction
method (ResNet-50) on brain-tumor-dataset (Dataset 3) over 25 epochs. (Left) Training and
validation loss results over 25 epochs. (Right) Training and validation accuracy results

images would have on transformer performance due to lack of sufficient testing or

training data.

• Brain Tumors 256x25671: Brain Tumors 256x256 (Dataset 4) contains 3,096 images

with no testing and training splits explicitly stated. In order to compare performance

with the other datasets, the testing and training images for Dataset 4 were grouped us-

ing a traditional eighty-twenty training-testing split. This dataset, along with Dataset

3, was chosen due to its smaller size.

• Brain Tumor Dataset72: Brain Tumor Dataset (Dataset 5) has 7,023 images with

5,712 training images and 1,311 testing images. This dataset has an identical number

of images in its training and testing image splits as Dataset 2, however the images in

this dataset are from a singular source, rather than being a combination dataset, like

those in Dataset 2.

To create the required sequential feature inputs for the quantum transformer architec-

ture, each dataset was preprocessed before clustering. Feature extraction was performed

independently for each dataset using ResNet-503. Fig. 3.4 shows the training and validation
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Figure 3.5: Confusion matrices for Datasets 2–5. For (a)-(d), the y-axis is the true classi-
fication label and the x-axis is the predicted classification label. Each column represents one
of the four class types (glioma, meningioma, no tumor, and pituitary), respectively, for each
dataset

behavior of the ResNet-50 feature extractor on brain-tumor-dataset (Dataset 3). The loss

and accuracy curves provide evidence that the feature extractor learned a stable representa-

tion before its outputs were used for clustering. This step is important because the quality

of the extracted feature vectors directly affects the quality of the clusters.

The images in each dataset were aligned and cropped to the expected ResNet-50 input

image resolution of 224x224. Fig. 3.5 contains the confusion matrices for Datasets 2–5 after

feature extraction. These matrices show how well the extracted features separate the four
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diagnostic categories before the quantum transformer stage. We highlight a low error rate

between predicted and true labels for each of the four shown datasets. The most common

error across each dataset is with incorrect labels of the meningioma class, which is consistently

the most difficult class label for other similar systems. Class-level errors in these matrices

indicate where feature overlap remains and where later clustering and denoising steps are

most needed.

3.6 Evaluation Metrics

In this section, we deploy our quantum clustering algorithmic approach on five distinct

datasets comprised of brain MRI data. Each of the datasets used in this section was chosen

based on characteristics such as dataset source, image quality, and total number of images.

The number of datasets (five) was selected to provide a variety of input data to better

measure the performance of the system on real-world image data and avoid overfitting on a

single imaging source.

To evaluate the performance of our approach, we use three popular performance metrics,

including Fowlkes–Mallows Score73, B-Cubed F -score74, and normalized mutual information

(NMI)75. Fowlkes–Mallows Score is used to measure the performance of clustering tasks by

calculating the distance between two clusters based on a set of points. This score is computed

by taking the geometric mean of the precision and recall of the point pairs. Fowlkes–Mallows

Score, also called the Pairwise F -score (FP ), is defined as:

FP =
TP√

(TP + FP)(TP + FN)
. (3.6)

Here, TP (true positive) is the number of point pairs in the same cluster in both the ground

truth and the prediction, FP (false positive) is the number of point pairs in the same cluster

in the prediction but not in the ground truth, and FN (false negative) is the number of point

pairs in the same cluster in the ground truth but not in the prediction.

B-Cubed F -score is a popular metric for evaluating clustering performance that focuses
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Table 3.2: Performance comparison using FP , FB, and NMI metrics across multiple brain
MRI datasets. Bold values represent the best performance for each of the three metrics when
compared across the five datasets

Dataset FP Prec. FP Rec. FP FB Prec. FB Rec. FB NMI
Brain MRI ND-568 95.18 93.27 94.21 95.04 94.06 94.55 90.03
Brain Tumor MRI Dataset69 98.16 95.41 96.76 96.50 96.11 96.30 93.70
brain-tumor-dataset70 98.17 97.17 97.67 98.07 96.87 97.46 94.94
Brain Tumors 256x25671 94.52 80.27 86.81 94.74 75.45 84.00 69.63
Brain Tumor Dataset72 91.76 85.90 88.73 91.51 79.31 84.97 71.79

on each individual data point. B-Cubed F -score is similar to Pairwise F -score in that it is

derived from precision and recall, but has a different focus, and is defined as:

FB =
1

N

∑
x

2TPx

2TPx + FPx + FNx

. (3.7)

Normalized mutual information (NMI) is used as an additional clustering quality metric

to measure the agreement between the predicted cluster assignments and the ground truth

cluster labels. Unlike Pairwise F -score and B-Cubed F -score, which are based on precision

and recall, NMI evaluates the amount of shared information between two cluster labelings.

It is defined as:

NMI(Ω, C) =
I(Ω, C)√
H(Ω)H(C)

, (3.8)

where Ω is the ground truth cluster set, H(Ω) and H(C) are the entropies for cluster sets Ω

and C, and I(Ω, C) is the mutual information between Ω and C 76.

3.7 Experimental Results and Discussion

This section presents the evaluation of QTCM against published methods and established

benchmarks. Performance is measured in terms of clustering accuracy using Pairwise F -score

(FP ), B-Cubed F -score (FB), as well as normalized mutual information (NMI).

42



Table 3.3: Clustering results on brain-tumor-dataset (Dataset 3) using the proposed k-NN
quantum algorithm, with k=150. Time is given as HH:MM:SS, measured using an NVIDIA
A30 PCIe GPU

Performance Measurements Value
Pairwise F -score 97.67
Precision 98.17
Recall 97.17
NMI 94.94
Nearest Neighbor Computation Time 00:01:17

Implementation Details. The clustering method is implemented using a consistent

cluster size k = 150 for each dataset observed in this work. For each dataset, we deploy

a k-nearest neighbors algorithm to create a corresponding cluster dataset, and retrain the

clustering model between each experiment to avoid model overtraining. To create a more

realistic and feasible hardware environment, we limited the number of transformers to T =

1 blocks.

Table 3.2 lists the performance of QTCM on five brain MRI datasets. We measured and

recorded performance using Pairwise F -score, B-Cubed F -score, and NMI. Our proposed

method achieves performance with a Pairwise F -score range from 86.81% to 97.67%, BCubed

F -score from 84.00% to 97.46%, and NMI from 69.63% to 94.94%.

Table 3.3 details the recorded values for a complete run of the framework on the brain-

tumor-dataset (Dataset 3). The performance metrics have consistent performance values for

both Precision and Recall, as well as the derived metric Pairwise F -score. This result shows

the framework is both accurate and robust at performing the clustering task on this dataset

and its features.

3.7.1 Dimensionality Reduction

Principal Component Analysis (PCA)77 and t-distributed Stochastic Neighbor Embedding

(t-SNE)78 are used to visualize the structure of the extracted feature space. These meth-

ods reduce high-dimensional feature vectors to lower-dimensional representations, making it
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possible to inspect whether samples from the same class tend to occupy similar regions.

Figs. 3.6 and 3.7 show the reduced feature representations for brain-tumor-dataset (Dataset

3). The PCA visualization in Fig. 3.6 shows clear separation for the no tumor and pituitary

classes, while glioma and meningioma remain more intermixed. This pattern suggests that

some diagnostic categories are easier to separate using the extracted features than others.

The t-SNE visualization in Fig. 3.7 shows stronger class separation, indicating that local

neighborhood structure is more distinct when nonlinear relationships are emphasized. To-

gether, these figures support the use of clustering because they show that the extracted

feature space contains meaningful class structure rather than random dispersion.

3.7.2 Performance per Epoch

To highlight the performance of the proposed method over a number of training epochs, Fig.

3.8 is a record of the performance metric Pairwise F -score (FP ) per epoch for each of the

five MRI datasets used in this experiment. We observe the performance of the framework

improving with increasing number of training epochs, but only to a point. For the three

top-performing datasets (Datasets 1-3), the performance of the framework plateaus after

roughly ten epochs.

Fig. 3.9 reports B-Cubed F -score (FB) across the same training epochs and datasets.

The trends are consistent with Fig. 3.8: Datasets 1–3 stabilize earlier, while Datasets 4

and 5 require a longer training period before reaching their strongest performance. This

agreement across the two metrics is important because Pairwise F -score evaluates pair-level

clustering consistency, whereas B-Cubed F -score evaluates sample-level consistency. Similar

trends in both figures indicate that the observed performance pattern is not specific to only

one metric.

Fig. 3.10 compares clustering performance when the quantum transformer module is in-

cluded against a classical transformer alternative. The two configurations produce similar

results for Datasets 1–3, indicating that both models can form reliable clusters when the

extracted feature structure is already well separated. The difference becomes more visi-
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Figure 3.6: Principal component analysis (PCA) of brain-tumor-dataset (Dataset 3). We
observe a clear separation between the no tumor and pituitary classes, whereas the glioma
and meningioma classes are intermixed

ble for Datasets 4 and 5, where the quantum module improves performance by 2.10% and

4.04%, respectively. This result suggests that the quantum module is most beneficial when

the dataset presents more difficult clustering conditions, such as weaker class separation or

greater feature overlap.

Evaluating the performance of the framework on each of the five datasets used in this

experiment, we observe a similar performance level in Pairwise F -score and B-Cubed F -

score metrics for some of the datasets, namely Datasets 1, 2, and 3. The most likely cause
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Figure 3.7: t-distributed stochastic neighbor embedding (t-SNE) of brain-tumor-dataset
(Dataset 3). We observe each of the four classes having their own distinct location rela-
tive to the other classes with little to no overlap

of this similar performance level is the relatively low number of classes for this type of

application. MRI datasets, especially brain MRI datasets, typically have single-digit class

values with variance found in the number of instances per class rather than in the number

of class definitions. This similarity between datasets for these characteristics leads to similar

performance in clustering tasks across datasets.

These experimental results collectively validate our core hypothesis—a hybrid quantum-

classical transformer architecture can offer tangible advantages in clustering image data
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Figure 3.8: Comparison of Pairwise F -scores (FP ) over training epochs for five MRI
datasets. The two lowest-performing datasets, Brain Tumor Data and Brain Tumors
256x256, require more epochs to reach their highest performance levels than the other three
datasets.

performance over purely classical transformer models. Metric evaluations and benchmarks

from these experiments confirm the approach’s scalability, robustness, and efficiency.

3.8 Summary

This chapter introduced Quantum Transformer for Clustering MRI (QTCM), a hybrid

quantum-classical method for unsupervised visual clustering of brain magnetic resonance

imaging data. The framework combines classical feature extraction, k-nearest neighbors-

based cluster construction, and transformer-based visual processing with quantum state fea-

ture encoding and a quantum transformer designed to identify hard or noisy samples within

clustered image data. Amplitude encoding is used to map classical feature vectors into

quantum states, while cosine similarity encoding preserves sequential and positional struc-

ture across clustered inputs for transformer processing. A binary prediction objective with

cross-entropy loss is used to train the framework to distinguish samples that are consistent

with cluster centroids from those that degrade clustering quality. Experimental studies were
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Figure 3.9: Comparison of B-Cubed F -scores (FB) over training epochs for five MRI
datasets. We observe three datasets plateauing within 10 epochs, whereas Brain Tumor
Dataset and Brain Tumors 256x256 take more (more than 20) to plateau

carried out on five multi-class brain MRI datasets using Pairwise F -score, B-Cubed F -score,

and normalized mutual information to evaluate performance. Consistent performance across

these datasets, together with improvements over a comparable classical transformer-based

approach, demonstrates the benefit of the proposed framework for unsupervised brain MRI

clustering.
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Figure 3.10: Comparison of clustering performance between quantum and classical algo-
rithms on five brain MRI datasets. Dataset order is consistent across subplots, with Datasets
1, 2, 3, 4, and 5 representing Brain MRI ND-5, Brain Tumor MRI Dataset, brain-tumor-
dataset, Brain Tumors 256x256, and Brain Tumor Dataset, respectively. (a) Pairwise F -
score (FP ), (b) B-Cubed F -score (FB)
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Chapter 4

Clustering Using Deterministic

Quantum Computation with One

Qubit

Portions of this chapter are adapted from the manuscript titled Impact of Clustering Strategy

Selection on Brain MRI Tumor Classification, submitted to Quantum Information Processing

for review.

D. Couch, R. Salehi, A. W. Malik, and S. U. Khan, “Impact of Clustering Strategy Selection

on Brain MRI Tumor Classification,” submitted to Quantum Information Processing, (2026).

Under Review.

4.1 Clustering Strategy Selection

This chapter evaluates the impact of clustering strategy selection on brain MRI tumor clas-

sification. MRI datasets may differ in size, class balance, feature distribution, and image

quality. Because of these differences, a fixed clustering method, like the k-nearest neighbors

system shown in Chapter 3, may perform well on one dataset but poorly on another. This

chapter addresses this issue by comparing multiple clustering algorithms under the same
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feature extraction and evaluation conditions. These algorithms are commonly used in the

literature and are detailed in Section 1.3.1.

This chapter introduces DQC1-projected, a method inspired by deterministic quantum

computation with one qubit (DQC1)29. The method is designed to group feature represen-

tations using a quantum-based similarity structure. The performance of DQC1-projected is

compared with several classical clustering algorithms across two public MRI datasets using

Pairwise F -score, B-cubed F -score, and normalized mutual information. The experiments

presented later in this chapter evaluate whether clustering strategy selection affects classifi-

cation performance across different MRI dataset conditions.

4.2 DQC1-projected

This section introduces DQC1-projected, a clustering method inspired by the Determinis-

tic Quantum Computation with One Qubit (DQC1) model. The method is designed to

improve cluster formation by comparing feature vectors through a quantum kernel repre-

sentation. DQC1 is used to estimate global properties of unitary operators through the

normalized trace29. These trace estimates are interpreted as entries of a valid kernel ma-

trix30;31. Clustering is then performed by minimizing the increase of an entropy criterion,

following Rényi-entropy clustering and its DQC1 adaptation58;59.

4.2.1 Problem Setup

Let X = {xi}Ni=1 be a set of d-dimensional feature vectors, where xi ∈ Rd. These feature

vectors are obtained from the MRI images after feature extraction. Dimensionality reduction

is then applied so that each feature vector can parameterize an n-qubit feature map, giving

xi ∈ Rn. The objective is to assign each point to one of K clusters.

Following quantum kernel methods, each feature vector x is encoded into a parameterized

unitary operator U(x) acting on an n-qubit register30;31. Pairwise similarity is then computed

by comparing two unitary encodings. From9, this comparison is represented using a relative
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unitary:

Urel(xi, xj) = U(xi)U(xj)
†, (4.1)

where U(xi) and U(xj) are the unitary encodings of two feature vectors. When xi = xj,

the relative unitary becomes the identity operator. When the two feature vectors differ, the

relative unitary captures the transformation between their quantum encodings. This allows

the similarity between two feature vectors to be evaluated through the relationship between

their corresponding unitary operators.

4.2.2 Trace Estimation as a Kernel

The DQC1 model estimates the normalized trace of a unitary operator using one clean

control qubit and an n-qubit register in the maximally mixed state I/2n 29. In this setting,

the control qubit is prepared, a Hadamard gate is applied, and a controlled-Urel operation is

performed. Measuring the control qubit in the X and Y bases provides estimates of the real

and imaginary parts of the normalized trace30;31:

⟨X⟩ = Re

(
Tr(Urel)

2n

)
, (4.2)

⟨Y ⟩ = Im

(
Tr(Urel)

2n

)
. (4.3)

These two measurements describe how the relative unitary contributes to the normalized

trace. In this work, the real component is used to define the DQC1 kernel entry between

two feature vectors:

Kij = k(xi, xj) = Re

(
Tr
(
Urel(xi, xj)

)
2n

)
, (4.4)

which corresponds to the normalized-trace kernel used for DQC1 clustering30. The value Kij

represents the similarity between feature vectors xi and xj after both are mapped into unitary
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form. In this way, the kernel matrix provides the similarity structure used for clustering.

For clustering, it is useful for the similarity values to be nonnegative and normalized.

Following the DQC1 formulation in59, the kernel matrix is transformed using the affine map

M =
1

2
(K + I) , (4.5)

so that Mii = 1. The resulting matrix M is interpreted as a nonnegative similarity matrix.

This matrix is then used to evaluate cluster quality through a Rényi entropy criterion.

4.2.3 Rényi Entropy

Rényi-entropy clustering assigns samples to clusters by minimizing the increase in within-

cluster entropy when a new point is added58. This criterion favors compact clusters whose

members are highly similar to one another. The proposed method uses Rényi order-2 entropy,

which can be expressed in terms of the purity of a density operator59.

Given a cluster C ⊂ {1, . . . , N}, let MC denote the submatrix of M restricted to the

samples in cluster C. This submatrix contains the pairwise similarities among the members

of the cluster. To evaluate the entropy of this cluster, MC is normalized to unit trace:

ρC =
MC

Tr(MC)
. (4.6)

The normalized matrix ρC acts as the cluster-level density representation. Its Rényi-2 entropy

is then defined as:

H2(C) = − log(Tr
(
ρ2C
)
). (4.7)

A lower value of H2(C) corresponds to a more compact cluster because the cluster members

have stronger internal similarity. The term Tr(ρ2C) can be estimated using one-clean-qubit

trace estimation on a block-encoding of ρ2C . In this implementation, Tr(ρ2C) is computed

directly from MC after the DQC1 kernel matrix has been calculated:
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Tr(ρ2C) =
Tr(M2

C)

Tr(MC)2
=

∥MC∥2F
Tr(MC)2

, (4.8)

where ∥MC∥2F is the Frobenius norm. This formulation preserves the Rényi-2 objective used

in prior entropy clustering methods58 while avoiding additional computation beyond the

kernel matrix evaluation.

Following Rényi-entropy clustering58, each point i is assigned to the cluster that produces

the smallest increase in within-cluster entropy. For cluster Ck, this increase is defined as

∆Hk(i) = H2

(
Ck ∪ {i}

)
−H2(Ck), (4.9)

and the final assignment is given by

ℓi = arg min
k∈{1,...,K}

∆Hk(i). (4.10)

This assignment rule places each point into the cluster that best preserves compactness in

the kernel space. As a result, DQC1-projected uses the normalized-trace kernel to define

pairwise similarity and the Rényi-2 entropy criterion to guide cluster membership.

Figure 4.1: Example axial and sagittal brain MRI images from the Brain Tumor Dataset
with corresponding class labels.

4.3 Datasets

A broader description of the MRI datasets used in this dissertation is provided in Section 3.5.

This chapter uses two datasets for evaluation: the Brain Tumor Dataset 18 and the Brain Tu-
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mor Classification (MRI) dataset19, also referred to as the Sartaj Dataset 20. These datasets

are used because they share the same four diagnostic categories while differing in size, class

balance, and train-test composition. This allows the proposed DQC1-projected method to

be evaluated under two related but distinct data conditions.

Fig. 4.1 shows example MRI images with corresponding class labels from the Brain Tumor

Dataset. These examples provide visual context for the classification task by showing the

four diagnostic categories used in the experiments: glioma, meningioma, pituitary, and no

tumor. The visual differences among these categories are not uniform. Some classes show

clearer structural differences, while others share similar visual characteristics. This overlap

is important for the experiments in this chapter because the proposed method is intended

to improve separation among visually similar tumor classes.

The Brain Tumor Dataset is retained from the Chapter 3 evaluation because it provides a

large four-class MRI benchmark with established training and testing divisions. This dataset

has a training-to-testing ratio of approximately 81.4:18.6, close to the 80:20 ratio commonly

found in medical imaging studies79;80. The class distribution is also relatively balanced across

the four diagnostic categories, making this dataset useful for comparing the proposed method

against classical clustering alternatives under stable evaluation conditions.

The Sartaj Dataset provides a complementary evaluation setting. It contains 2,870 train-

ing images and 394 testing images across the same four diagnostic categories. The training

group contains 826 glioma images, 822 meningioma images, 827 pituitary images, and 395

no tumor images. The testing group includes 100 glioma images, 115 meningioma images,

74 pituitary images, and 105 no tumor images. Compared with the Brain Tumor Dataset,

this dataset is smaller and less balanced, particularly in the no tumor category. This dif-

ference is useful for evaluating whether the proposed method remains effective when class

representation differs across datasets.

Figs. 4.4 and 4.5 show the class distributions for the Brain Tumor Dataset and Sar-

taj Dataset, respectively. The Brain Tumor Dataset shows a relatively even distribution

across the four classes, while the Sartaj Dataset shows a more uneven distribution. These

differences provide context for interpreting the later performance results because class imbal-
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Table 4.1: Deep learning feature extraction summary

Layer Dimension Hyperparameter
Input Image 224 × 224 × 3 image type = RGB
Conv 1 112 × 112 × 64 kernel = 7 × 7, activation = relu

Max Pooling 56 × 56 × 64 pool size = 3 × 3, stride = 2
Conv 2 56 × 56 × 256 blocks = 3, filters = [64, 256]
Conv 3 28 × 28 × 512 blocks = 4, filters = [128, 512]
Conv 4 14 × 14 × 1024 blocks = 6, filters = [256, 1024]
Conv 5 7 × 7 × 2048 blocks = 3, filters = [512, 2048]
Average Pooling 1 × 1 × 2048 pooling = global average
Feature Vector 2048 weights = imagenet, top = False

ance can influence clustering behavior, classification outcomes, and the stability of algorithm

comparisons.

The authors of both datasets include information about MRI data collection, image spec-

ifications, and file properties. The images are stored in Joint Photographic Experts Group

(JPEG) format rather than Digital Imaging and Communications in Medicine (DICOM)

format. Although the images are visually grayscale, some are stored with three-channel en-

codings. This variation in image encoding can occur in real medical imaging datasets and

must be handled consistently during preprocessing. To maintain a uniform input representa-

tion, all images are treated as three-channel inputs and resized to 224 × 224 pixels to match

the expected ResNet-50 input dimension.

4.3.1 Preprocessing System Configuration

Selecting ResNet-50 to perform deep feature extraction in this work over other models was

based on its performance in brain tumor classification and similar tasks4;81;82. These works

implemented ResNet-50 as part of a greater system and achieved high accuracy and F1-scores

using these methods.

Our ResNet-50 method was initialized with ImageNet pre-trained weights and the clas-

sification top layer removed (top = False). Input MRI images were pre-processed through

the residual convolutional stages of ResNet-50, consisting of five convolutional blocks. The
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Table 4.2: Performance comparison of our method to state-of-the-art methods on the Brain
Tumor Dataset.

Study Year Method Precision Recall F -score

Mohan et al.21 2024 MobileNet 91% 97% 93%

Mohan et al.33 2024 Inception V3 100% 97% 98%

Gagliardi et al.83 2025 k-NN 98% 97% 97%

Ali et al.84 2025 Fused-feature vector
(FFV)

98.23% 96.52% 97.34%

Vickram et al.85 2025 FFV 98.97% 96% 97.46%

Zamil et al.86 2025 CNN 94% 94% 94%

Ours – DQC1-projected 99.0% 98.3% 98.7%

network transforms the input into high-level feature maps, culminating in a tensor of size

7×7×2048 at the output of the final convolutional block. A global average pooling op-

eration is then applied, reducing the spatial dimension to produce a single fixed-length

2048-dimensional feature vector. Table 4.1 provides a layer level detail of the ResNet-50

configuration used to perform deep feature extraction of the two datasets used in this work.

Table 4.3: Performance comparison of state-of-the-art methods on the Sartaj Dataset.

Study Year Method Precision Recall F -score

Alanazi et al.87 2022 CNN 95.15% 96.32% 95.71%

Başaran88 2022 GLCM 95.27% 99.43% 98.09%

Chitnis et al.89 2022 LeaSE + DARTS 91.49% 91.5% 91.48%

Ravinder et al.90 2023 Net-2 90.0% 97.0% 93.37%

Akter et al.91 2024 CNN and U-Net 78.9% 78.9% 78.9%

Hossain et al.6 2024 IVX16 80.0% 76.0% 75.0%

Ours – DQC1-projected 98.8% 98.2% 98.5%

4.4 Experimental Results

This section details the performance of our proposed method relative to other recent meth-

ods. The comparison used two experimental scenarios and three performance metrics. The
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Figure 4.2: Brain Tumor Dataset confusion matrix. The majority of classification errors
occur in the upper-left region, corresponding primarily to confusion between the glioma and
meningioma classes.

proposed solution demonstrated state-of-the-art results in both dataset environments. Our

experimental approach examined two challenging, multi-class classification datasets that

contain real patient clinical data.

4.4.1 Experimental Settings

This section contains the experimental settings and evaluation metrics used in this work.

We discuss the datasets, experimental settings, and performance metrics in the respective

sections. We conducted our series of experiments using the ChameleonCloud service92. The

experimental setup comprised two Intel(R) Xeon(R) Gold 6126 CPUs at speeds of 2.60GHz,

one NVIDIA Quadro RTX 6000 GPU with 24 GB VRAM and 4,608 CUDA Cores. This

system utilized a Linux operating system, Python 3.11 and associated machine learning
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Figure 4.3: Sartaj Dataset confusion matrix. Although there are few prediction errors shown
in this figure, the most difficult class to identify is Meningioma

libraries including scikit-learn, Qiskit, PyTorch, TorchQuantum, among others.

4.4.2 Performance on the Brain Tumor Dataset

To establish direct comparisons with recent works, we first analyzed performance on the

Brain Tumor Dataset, which contains four diagnostic categories: glioma, meningioma, pitu-

itary, and no tumor. The proposed DQC1-projected model achieves 99% precision, 98.3%

recall, and a 98.7% F -score, shown in Table 4.2. This result exceeds state-of-the-art

methods on the same dataset21;33;83–86. In particular, prior systems achieve strong perfor-

mance using CNNs (Inception V3 with 98% F -score), as well as FFVs (with 97.34% and

97.46% F -scores). Our results demonstrate that our proposed method is comparable to sim-

ilar methods in the literature, supporting the central motivation of improving performance

in settings where label availability may be constrained.
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Figure 4.4: Brain Tumor Dataset class distribution. There is a relatively even distribution,
with No Tumor being the most populous and Glioma the least populous

The confusion matrices in Figs. 4.2 and 4.3 highlight which class definitions were most

difficult to discern in either dataset. For the Brain Tumor Dataset, there were only a small

number of errors in total. Specifically, the dominant number of misclassifications occur

between the glioma and meningioma class labels, with 10 glioma instances incorrectly pre-

dicted as meningioma and 6 meningioma instances predicted as glioma. This pattern is a

common source of error in four-class brain tumor datasets because glioma and meningioma

images can appear more visually similar to each other than to the other classes. A second

error dynamic is observed for meningioma, where 4 samples are assigned to the pituitary

class. In contrast, the no tumor and pituitary categories are classified without any error

for this dataset, indicating that the ResNet-50 embeddings combined with DQC1-projected

clustering yield strong class definitions. This pattern is consistent with the high precision,

recall, and F -score values reported in Table 4.2.
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Figure 4.5: Sartaj Dataset class distribution. While Pituitary, Glioma, and Meningioma
classes have a relatively even number of images, No Tumor has roughly half that number
which can affect system performance

4.4.3 Algorithm Analysis on the Brain Tumor Dataset

Building on the dataset-level performance, we next examine how clustering algorithm choice

affects performance. Figs. 4.6, 4.7, and 4.8 compare DQC1-projected with several classical

clustering baselines. These baselines include k-means, fuzzy c-means, k-NN, Shared Nearest

Neighbor (SNN), DBSCAN, HDBSCAN, and spectral clustering. Across pairwise consis-

tency, per-sample consistency, and information agreement, DQC1-projected produces the

strongest result on the Brain Tumor Dataset. The next highest score is produced by k-NN.

Two observations are notable. First, the classical methods form a distinctly lower per-

formance band across the three metrics. The graph-based approaches, k-NN and SNN,

remain competitive relative to the density- and centroid-based methods. However, they

still underperform DQC1-projected, suggesting that the quantum-based projection reduces

class mismatch. Second, the density-based methods show the largest degradation, which

is consistent with the sensitivity of DBSCAN and HDBSCAN to data density and scale.
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Figure 4.6: Pairwise F-score (FP ) comparison for different algorithms on the Brain Tumor
Dataset. DQC1-projected is the highest performing algorithm while HDBSCAN is the lowest
performing algorithm
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Figure 4.7: B-cubed F-score (FB) comparison for different algorithms on the Brain Tumor
Dataset. DQC1-projected is the highest performing while k-means is the lowest performing
algorithm

The consistent separation across the three metrics indicates that DQC1-projected improves

clustering quality in a manner that is not metric-specific.

4.4.4 Performance on the Sartaj Dataset

We next evaluate performance using the Sartaj Dataset, which differs in size and class balance

and therefore provides a complementary setting for testing the method with different input

data. Despite the shift in class representation ratio in the dataset, our method achieves high
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Figure 4.8: Normalized Mutual Information (NMI) comparison for different algorithms on
the Brain Tumor Dataset. DQC1-projected has the highest cluster quality, while HDBSCAN
had the lowest cluster quality
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Figure 4.9: Pairwise F-score (FP ) comparison for different algorithms on the Sartaj
Dataset. DQC1-projected was the highest performing method while HDBSCAN was the low-
est performing method

performance, reporting 98.8% precision, 98.2% recall, and 98.5% F -score performing

well against the state-of-the-art methods on this dataset6;87–91, shown in Table 4.3. This

result matches the performance for the previous dataset, and highlights a robust solution.

The Sartaj confusion matrix shown in Fig. 4.3 is a strong result with only a few total

errors. A small confusion exists between glioma and meningioma, where two gliomas were

predicted as meningioma while one meningioma was wrongly predicted to be a glioma.

Additionally, four pituitary cases are incorrectly assigned to meningioma (three instances)

and no tumor (one instance). The class label with the fewest errors was the no tumor
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Figure 4.10: B-cubed F-score (FB) comparison for different algorithms on the Sartaj
Dataset. DQC1-projected and k-NN were the two highest scoring algorithms while DBSCAN
was the lowest
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Figure 4.11: Normalized Mutual Information (NMI) comparison for different algorithms
on the Sartaj Dataset. DQC1-projected and k-NN had the highest cluster quality score, while
DBSCAN had the lowest cluster quality

category, which was classified without error in this testing split. These misclassifications align

with clinically known ambiguities. Pituitary tumors may present with a wide range of size

and intensity, while meningioma and glioma share overlapping texture and boundaries. From

a system perspective, the limited number of these mismatch errors and high performance

metric values points to a quality solution correctly identifying important image features.

64



4.4.5 Algorithm Choice Analysis on the Sartaj Dataset

To evaluate whether the observed performance generalized beyond one dataset, we repeated

the algorithm comparison experiment on the Sartaj Dataset, as shown in Figs. 4.9, 4.10,

and 4.11. The performance trends mirror the relationships found in the Brain Tumor Data

figures. DQC1-projected achieves the highest FP , FB, and NMI, with the next highest

performing method, k-NN only slightly behind. This multiple dataset consistency supports

the robustness of the proposed solution.

Comparatively, the more pronounced spread among classical algorithms on Sartaj is

consistent with its class imbalance and reduced sample count relative to the Brain Tumor

Dataset. Under these conditions, centroid-based methods (k-means, fuzzy c-means) may be

negatively biased, and density-based methods (DBSCAN, HDBSCAN) may be less stable.

The performance of DQC1-projected across these datasets highlights its viability on brain

MRI classification tasks.

4.5 Summary

This chapter presented an empirical comparative study of clustering strategy selection for

brain MRI tumor classification. The main contribution is the introduction and evaluation

of DQC1-projected, a DQC1-inspired method, against seven classical clustering alternatives

across two public MRI datasets. The study emphasized benchmarking, clustering behavior,

robustness, class separability, and consistency across heterogeneous MRI feature spaces.

Across both datasets, DQC1-projected achieved the strongest reported F -score among

the methods included in the comparison, obtaining an F -score of 98.7% on the Brain Tumor

Dataset and 98.5% on the Sartaj Dataset, with balanced precision and recall. The confusion

matrices show that classification errors are limited and concentrated in the most challenging

class pairs, while DQC1-projected consistently outperformed classical clustering alternatives

in Pairwise F -score, B-cubed F -score, and normalized mutual information. These results in-

dicate that DQC1-projected improves clustering-based classification performance in a manner
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that is stable across datasets and evaluation metrics.
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Chapter 5

Quantum Hardware Execution

5.1 Introduction

The results presented in Chapters 3 and 4 establish QTCM as a hybrid quantum-classical

framework for unsupervised brain MRI classification, and show that DQC1-projected achieves

state-of-the-art performance on two widely used brain MRI datasets. Those studies, however,

were carried out in simulation and controlled experimental environments. A critical remain-

ing question is whether the same system can be executed on physical quantum processors,

where noise, limited runtime, and resource constraints are unavoidable12;13. In near-term

quantum computing, the practical value of a quantum machine learning method depends

not only on its algorithmic design, but also on its ability to operate under these hardware

limitations8;10;93.

This chapter addresses that question by deploying QTCM on an IBM quantum computer.

In contrast to the simulation-based studies of the previous chapters, the focus here is not

to introduce a new clustering method or to perform broad hyperparameter exploration, but

rather to evaluate the feasibility of the proposed framework on a present-day superconducting

quantum backend. The deployment uses the same two datasets explored in Chapter 4,

the Brain Tumor Dataset 18 and the Sartaj Dataset 19;20, and preserves the same classical

preprocessing pipeline, feature extraction method, and DQC1-based quantum method. In
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this way, the study isolates the effect of moving the quantum portion of the system from

simulation to device-based execution.

Executing QTCM on a physical quantum device required practical adjustments to ac-

count for runtime and resource constraints. The central adjustment was to process each

dataset in smaller batches, allowing the quantum stage to execute within the available IBM

Quantum runtime budget while preserving the structure of the overall model. The detailed

batching procedure is described in Section 5.2.3. The hardware used for these experiments

was IBM Quantum Heron, a 156-qubit device with fixed-frequency qubits and tunable cou-

plers. The device specifications used in this work include an error per layered gate (EPLG)

rate of 2.20 × 10−3 and circuit layer operations per second (CLOPS) of 340,000.

The contribution of this chapter is therefore distinct from those of the previous chapters.

Chapter 3 introduced the original QTCM framework for unsupervised visual clustering, while

Chapter 4 introduced algorithmic comparisons for the proposed DQC1-projected method.

Here, we demonstrate that QTCM can be carried beyond simulation and executed under the

limitations of a physical quantum backend. The results presented in this chapter provide

an implementation study of QTCM and discuss the practical considerations required to

run hybrid quantum machine learning systems for brain tumor classification on available

quantum devices.

5.2 Hardware Deployment Methodology

The experimental hardware deployment preserves the hybrid structure of QTCM described

in the previous chapters. Classical image preprocessing, ResNet-50 feature extraction, and

dataset organization remain classical tasks, while the parameterized quantum circuit stage

is executed on the IBM backend. This is consistent with the design principles of hybrid

quantum-classical learning systems, where classical resources are used for computationally

mature stages and quantum resources are reserved for the circuit-based stage most directly

associated with the learned representation8;11;94. The deployment therefore does not require

altering the structure of the QTCM framework; instead, it alters the environment in which
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the quantum portion of the model is executed.

5.2.1 Execution Workflow

The hardware execution process consists of four stages. First, the system preprocesses the

input MRI images and converts them to feature vectors using the same ResNet-50 feature

extractor3 used in Chapter 4. Second, it groups the extracted features into hardware-feasible

batches. Third, it encodes the batched features into the quantum circuit required by QTCM,

including the DQC1-inspired stage introduced in Chapter 4. Finally, the system collects the

hardware outputs and returns them to the classical processing stages for post-processing

and analysis. This process preserves the organization of QTCM while adapting the quantum

stage to the operational constraints of the backend.

The motivation for this partitioned design is straightforward. Real quantum hardware

remains constrained by noise, variation, and limited runtime availability12;13. For this reason,

the goal of the present deployment is not to move every component of the framework onto

the quantum device, but to execute the quantum portion of QTCM under realistic conditions

while keeping the remainder of the pipeline consistent with the previous sections. This makes

the experiment an implementation study of the quantum stage rather than a redesign of the

framework itself.

5.2.2 IBM Quantum Heron Backend

The experiments in this chapter were carried out on IBM Quantum Heron. This popular

backend provides 156 qubits and uses an architecture based on fixed-frequency qubits with

tunable couplers. In addition to the total qubit count, two device specifications are especially

relevant for this work: an EPLG of 2.20 × 10−3 and a CLOPS value of 340,000. These

characteristics make Heron an appropriate target for evaluating whether QTCM can be

executed outside simulation while still retaining DQC1-based circuit structure.

Although the available qubit count is high relative to earlier generations of hardware,

the full deployment problem is still constrained by factors beyond raw qubit number. These
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Table 5.1: IBM Quantum Heron deployment configuration

Parameter Value

Quantum backend IBM Quantum Heron

Total qubits 156

Qubit architecture Fixed-frequency qubits with tunable couplers

EPLG 2.20 × 10−3

CLOPS 340,000

Available computation window 10 minutes

Execution mode Batched QTCM deployment

include the size of the batched dataset, the number of circuit evaluations required, and the

limited execution time available for each deployment window. As a result, the principal

challenge in this chapter is mapping the circuit within the operational limitations of the

quantum hardware. In this sense, the IBM Heron experiment evaluates the practicality

of executing QTCM on a noisy intermediate-scale quantum (NISQ) system for a medical

imaging task.

5.2.3 Batch Construction for Hardware Execution

Batching is the main mechanism used to make the dataset-level experiments compatible

with the available quantum runtime. Let D denote a dataset containing N MRI images. For

hardware execution, we partitioned the dataset into B disjoint subsets,

D =
B⋃
b=1

D(b), (5.1)

subject to the constraint

|D(b)| ≤ 50, b = 1, 2, . . . , B. (5.2)

The number of required batches is therefore

B =

⌈
N

50

⌉
. (5.3)
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This partitioning was necessary because the available IBM budget of ten computational

minutes did not permit a single end-to-end execution over either dataset in this section.

Using the dataset totals in Chapter 4, this strategy produces 141 batches for the Brain

Tumor Dataset and 66 batches for the Sartaj Dataset. These values are shown in Table 5.2.

Batching changes the scale of each execution unit, but not the structure of QTCM. Each

batch is processed using the same preprocessing, feature encoding, and quantum execution

stages; these stages are applied repeatedly across subsets of the data rather than once across

the complete dataset.

Table 5.2: Dataset batching summary for hardware deployment

Dataset Images Batch size Batches

Brain Tumor Dataset 7,023 50 141

Sartaj Dataset 3,264 50 66

5.3 Datasets and Preprocessing

This hardware study uses the same two datasets evaluated in Chapter 4 so that the results re-

main directly comparable to the earlier simulation-based evaluation. The first dataset, Brain

Tumor Dataset 18, is a four-class MRI dataset containing glioma, meningioma, pituitary, and

no tumor classes, and was selected in Chapter 4 as one of the principal benchmark environ-

ments for evaluation. The second dataset, Brain Tumor Classification (MRI) 19, also called

the Sartaj Dataset 20, provides a second four-class environment with a different dataset size

and class balance. Reusing these two datasets in this section ensures that the real-hardware

experiments have a point of reference with the evaluation methodology already established

for the previous experiments.

Preprocessing was kept consistent with Chapter 4. Each MRI image was resized to

the input dimensions expected by ResNet-50, and deep feature extraction was performed

using the same ImageNet-initialized ResNet-50 feature extractor with the classification head
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removed3. This choice preserved consistency between the simulation study and the device-

based study. The objective of this chapter is not to reevaluate the classical feature extractor,

but to assess whether the quantum stage of the framework can be executed on real hardware

when preprocessing remains unchanged.

Maintaining an identical classical front end serves two purposes. First, it makes the

real-hardware study directly comparable to the simulation-based framework developed in

Chapters 3 and 4. Second, it ensures that any implementation-level differences observed

during hardware deployment arise from the execution environment of the quantum stage

rather than from changes to the feature extraction method or dataset preprocessing. This

is especially important in a hybrid system such as QTCM, where both the classical and

quantum stages contribute to overall system outcome.

5.4 Experimental Settings

The experiments in this section were designed as a feasibility study for QTCM under prac-

tical quantum device constraints. The same DQC1-based method developed in Chapter 4

was used, but execution on the IBM backend required the batching strategy defined in Sec-

tion 5.2.3. As a result, this study places greater emphasis on successful execution than on

metric performance.

Within each experiment, the system completes classical preprocessing and feature or-

ganization before quantum execution, then submits the batched feature sets to the IBM

Quantum platform. This approach ensured that the quantum backend was used only for the

circuit-based stage that constitutes the quantum portion of QTCM. This is consistent with

the literature, where classical resources perform data-intensive operations while circuit-based

quantum components are used for the learned quantum transformation or kernel evaluation

stage8;9;11.

The batch size of 50 images represents a compromise between per-job burden and total job

count. Smaller batches reduce the execution burden of each job but require more submissions,

while larger batches reduce the number of jobs but increase the computational burden of
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Table 5.3: Deployment settings for quantum hardware

Setting Value

Framework Section Vision Transformer (ViT)

Datasets Brain Tumor Dataset, Sartaj Dataset

Images per batch 50

Backend IBM Quantum Heron

Available compute time 10 minutes

Hardware designation IBM-fez

each execution. The resulting configuration is summarized in Table 5.3.

An important implication of these settings is that these hardware experiments should be

interpreted differently from the simulation-based experiments of the previous chapters. In

Chapters 3 and 4, the primary emphasis was on algorithmic performance and benchmarking.

Here, the primary emphasis is on whether the quantum component of QTCM can be executed

faithfully on a real device while preserving the same framework structure. The primary

outcome is a successful implementation and validation.

5.5 Experimental Results and Discussion

This section discusses the execution of QTCM on the two brain MRI datasets introduced in

Chapter 4. Because the batching strategy has already been defined, the discussion focuses

on feasibility, behavior, and dataset-level differences. The principal result of this chapter

is that QTCM, originally developed and benchmarked in simulation, executes on an IBM

quantum backend while preserving its structure.

5.5.1 Deployment on the Brain Tumor Dataset

The Brain Tumor Dataset represents the larger of the two datasets and therefore provides

the more demanding test of hardware feasibility. Its 7,023 images produce 141 batches

under the configuration in Table 5.2. This makes the dataset useful for evaluating whether
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repeated execution across many smaller subsets can preserve the preprocessing and quantum

execution structure from previous experiments.

The successful execution of the Brain Tumor Dataset workload was significant because

it showed that QTCM could be mapped to an IBM quantum backend for a multi-class MRI

dataset under the batching and runtime constraints used in this study. The classical stages of

the framework remained unchanged, and the quantum stage was transferred from simulation

to the IBM backend without requiring a redesign of the algorithm. This result indicates that

the quantum transformer portion of QTCM is not limited to simulation and can be executed

as a hardware-based stage under the constraints considered in this experiment.

The deployment also highlights the practical limitations of real-hardware execution. The

larger dataset size required more batch repetitions, which increases runtime budgets. In

simulation, the framework can be studied over broad parameter sweeps and repeated trials.

On hardware, the available computation window imposes a stricter design constraint. The

importance of the deployment on the Brain Tumor Dataset therefore lies in establishing that

QTCM can be executed on a real backend for a dataset of realistic scale in medical imaging.

5.5.2 Deployment on the Sartaj Dataset

The deployment on the Sartaj Dataset provides a second point of validation with a smaller

total image count and class distribution. This dataset serves as a complementary test of

hardware portability. Whereas the Brain Tumor Dataset deployment emphasizes a larger

number of batches, the Sartaj Dataset study emphasizes whether the same deployment

strategy remains effective when applied to a smaller brain MRI dataset without reduced

framework performance.

Because the Sartaj Dataset contains fewer total images, it requires fewer batches than

the Brain Tumor Dataset. The same preprocessing, batch size, and DQC1 method are

used for both tests. The second dataset therefore evaluates whether the hardware execution

procedure remains consistent when the total number of required batches is lower.

The hardware execution on Sartaj Dataset is also important because it mirrors the role
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Table 5.4: Hardware deployment performance of QTCM on IBM Quantum Heron using
Brain Tumor Dataset and Sartaj Dataset

Dataset Pairwise F -score (FP ) B-Cubed F -score (FB) NMI

Brain Tumor Dataset 89.7 90.0 90.9

Sartaj Dataset 90.1 90.5 91.6

this dataset played in Chapter 4. In that chapter, Sartaj Dataset served as a complementary

benchmark to Brain Tumor Dataset, showing that DQC1-projected was a generalized solu-

tion beyond a single dataset environment. In this experiment, the successful classification

of the Sartaj Dataset validates that the real-hardware execution of QTCM is reproducible

across more than one clinically relevant brain MRI dataset.

Table 5.4 lists the clustering performance of QTCM when deployed on IBM Quantum

Heron. Across both the Brain Tumor Dataset and Sartaj Dataset, the framework maintains

consistent performance under real-hardware constraints, with all three evaluation metrics

remaining near 90%.

5.6 Observations on Batching and Hardware Constraints

Several practical observations emerge from the hardware-based experiment. First, the batch-

ing strategy defined earlier determines the scale at which QTCM can be executed on the

selected backend. The batch size of 50 images keeps each execution unit small enough for the

device constraints while still allowing the complete dataset to be evaluated through repeated

runs of the system.

Second, the deployment reinforces the importance of the hybrid design of QTCM. The

classical stages, including image preprocessing and deep feature extraction, absorb the com-

putational burden associated with large MRI datasets. The quantum hardware is used

selectively for the circuit-based stage. This division is consistent with the broader liter-

ature on quantum machine learning in the noisy intermediate-scale quantum (NISQ) era,

where hybrid methods are often the most realistic strategy for practical applications10;12;34.
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Rather than replacing the full method with a purely quantum model, QTCM uses quantum

hardware only where quantum computation is central to the proposed design.

Third, the deployment illustrates the gap between algorithmic success in simulation and

operational success on hardware. A method can achieve strong clustering behavior un-

der simulation and still require substantial engineering adaptation for use on a real device.

Batched execution, runtime budgeting, and hardware workload management are the primary

concerns in these experiments. Each of these factors is also a primary consideration for quan-

tum engineers deploying and testing their systems. These do not diminish the framework;

rather, they show the practical steps required to move a hybrid quantum-classical system

toward real deployment.

Finally, the IBM Quantum Heron results provide evidence that current hardware can

execute a constrained hybrid quantum-classical medical imaging experiment. This result is

important, but its scope is limited. The experiment shows that selected quantum stages

of QTCM can be executed on a superconducting backend; it does not show that current

quantum devices can independently support purely-quantum MRI classification.

5.7 Limitations of the Hardware Execution Study

The hardware-based results in this chapter should be interpreted as an implementation study

rather than as evidence of full-scale clinical readiness or quantum advantage. The primary

contribution is to show that the quantum stage of QTCM can be executed on IBM Quantum

Heron under practical device constraints. The results do not establish that current quantum

hardware can replace classical medical image classification systems, nor do they show that

the full computational burden of MRI classification can be shifted to a quantum processor.

Several limitations affect the interpretation of the results. First, the hardware experiment

relies on batching because the full datasets cannot be executed as single quantum workloads

within the available computation window. Although batching makes device-based execution

possible, it also changes how the dataset is processed. Each batch is evaluated independently,

and the final results reflect aggregated behavior across repeated executions rather than end-
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to-end execution over the complete datasets, as in the experiments detailed in Chapters 3

and 4.

Second, the hardware execution is constrained by the characteristics of the selected back-

end, including gate noise, runtime limits, circuit depth restrictions, and queue-based access.

These constraints affect the number of circuits that can be executed and limit the extent of

repeated trials, hyperparameter variation, and statistical analysis. As a result, the hardware

results should be viewed as evidence of executable behavior under one practical configura-

tion rather than as a complete characterization of performance across devices or operating

conditions.

Third, the evaluation is limited to the two MRI datasets used in Chapter 4. These

datasets provide useful benchmarks because they differ in size and class distribution, but

they do not capture the full variability of clinical MRI data. Additional validation on larger,

more diverse, and independently collected neuroimaging datasets would be required before

stronger claims could be made about a generalized solution.

Finally, the comparison between simulation and hardware execution is affected by dif-

ferences in runtime, noise, and resource availability. The near-90% hardware metric values

reported in Table 5.4 show that the method remains operational under device constraints,

but they should not be interpreted as a direct replacement for the higher simulation-based

results reported in earlier chapters. Instead, the hardware study demonstrates that selected

stages of the proposed hybrid method can be executed beyond simulation, while also high-

lighting the engineering constraints that must be addressed before larger-scale deployment

is practical.

5.8 Summary

This chapter executed the Quantum Transformer for Clustering MRI (QTCM) framework

on IBM Quantum hardware. The experiment preserved the hybrid quantum-classical struc-

ture developed in the previous chapters, including preprocessing, clustering, and quantum

transformer denoising. By applying the batching strategy introduced in this chapter, the
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quantum stage was executed on a 156-qubit backend without altering the central design of

QTCM. These experiments provide an initial demonstration of hardware-based execution for

a hybrid quantum machine learning system applied to brain tumor classification.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

We presented and evaluated Quantum Transformer for Clustering MRI (QTCM) as a hybrid

quantum-classical method for unsupervised brain tumor classification. The results in Chap-

ter 3 show that QTCM can produce strong clustering performance across multiple brain MRI

datasets. Across the five datasets evaluated, QTCM achieved a Pairwise F -score of 97.67%,

B-Cubed F -score of 97.46%, and NMI of 94.94%. These findings indicate that the proposed

method can identify meaningful structure in extracted MRI feature representations without

relying only on supervised class labels.

The results in Chapter 3 also show where the quantum transformer component is most

useful. For datasets with strong features, the quantum and classical transformer configura-

tions produced similar results. For more difficult datasets, however, the quantum transformer

component improved clustering performance by 4.04%. This suggests that the proposed

quantum component is most beneficial when the clustering task includes more hard or noisy

samples.

In Chapter 4, we introduced the DQC1-projected method. The results show that cluster-

ing algorithm choice has a measurable effect on performance. Among the evaluated meth-

ods, the DQC1-projected method produced the strongest results and outperformed the other
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tested methods. On the Brain Tumor Dataset, the method achieved 99.0% precision, 98.3%

recall, and a 98.7% F -score. On the Sartaj Dataset, it achieved 98.8% precision, 98.2% recall,

and a 98.5% F -score. These findings show that DQC1-projected improves cluster quality

and resulting classification for this task.

In Chapter 5, we demonstrated that our method can be executed on IBM Quantum

hardware. The hardware experiments produced near-90% clustering metric values on both

tested datasets, with Pairwise F -score, B-Cubed F -score, and NMI values of 89.7%, 90.0%,

and 90.9% on the Brain Tumor Dataset and 90.1%, 90.5%, and 91.6% on the Sartaj Dataset.

These results show that the quantum stage of the framework can operate on quantum hard-

ware while preserving the overall structure of the proposed method.

The hardware results also clarify the current practical limits of the approach. Real-device

execution required batching, and the results were constrained by device noise and runtime

limits. Overall, the results show that QTCM can support accurate unsupervised computer

vision transformer methods, that DQC1-projected clustering improves performance across

benchmark datasets, and that the quantum ViT portion of QTCM can be executed on

present-day IBM Quantum hardware under practical constraints.

6.2 Future Work

This section summarizes several future research directions that can extend the presented

work. Chapter 3 introduces Quantum Transformer for Clustering MRI (QTCM) as a hybrid

quantum-classical method for unsupervised visual clustering of brain MRI data. Future work

can further study which conditions the quantum transformer provides measurable advantages

over a classical transformer. This can include evaluating QTCM on datasets with greater

image noise, stronger class overlap, and more uneven class distributions. Additional work

can also improve cluster construction by using variable cluster sizes, centroid selection, or

methods that identify hard and noisy samples before processing.

Chapter 4 evaluates multiple clustering methods and introduces the DQC1-projected

method. Future work can examine additional dimensionality reduction strategies to de-
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termine which components most strongly affect cluster compactness and class separation.

The DQC1-projected method should also be evaluated on larger and more diverse MRI

datasets to determine whether its performance remains stable outside those studied in the

Chapter 4 experiments. Another useful extension would be a dataset-aware clustering selec-

tion method that recommends a clustering algorithm based on measurable properties of the

extracted feature space.

Chapter 5 demonstrates that the quantum ViT of QTCM can be executed on IBM

Quantum hardware. Future work can extend this hardware study by testing across multiple

quantum backends with different noise levels, number of qubits, and runtime constraints.

Since batching is currently required for real-device execution, future research should also

examine class-balanced batches, feature-aware batches, and adaptive batch sizes to improve

the stability of the results.

More broadly, future work should validate QTCM on larger, independently collected,

and multi-institutional MRI datasets. This would help determine whether the proposed

method generalizes across differences in scanner type, imaging protocol, and image resolu-

tion. Extending the method to volumetric MRI or multi-sequence MRI data, such as T1,

T2, contrast-enhanced T1, and related imaging methods, would also provide a more robust

medical imaging evaluation.
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Chapter 7

Publications

This chapter lists the journal manuscripts submitted from the research presented in this

dissertation.

7.1 Submitted Journal Manuscripts

1. D. Couch, X.-B. Nguyen, H.-Q. Nguyen, K. Luu, A. W. Malik, and S. U. Khan,

“QTCM: A Quantum Transformer Framework for MRI Brain Image Clustering,” sub-

mitted to Quantum Machine Intelligence, (2025). Under Review.

2. D. Couch, R. Salehi, A. W. Malik, and S. U. Khan, “Impact of Clustering Strategy

Selection on Brain MRI Tumor Classification,” submitted to Quantum Information

Processing, (2026). Under Review.
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Appendix A

Acronyms

Acronyms

CLOPS circuit layer operations per second

CNN convolutional neural network

CUDA Compute Unified Device Architecture

DARTS differentiable architecture search

DBSCAN density-based spatial clustering of applications with noise

DICOM Digital Imaging and Communications in Medicine

DQC1 deterministic quantum computation with one qubit

EPLG error per layered gate

FB B-Cubed F-score

FP Pairwise F-score

FFV fused-feature vector

fMRI functional magnetic resonance imaging

FN false negative
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FP false positive

HDBSCAN hierarchical density-based spatial clustering of applications with noise

k-NN k-nearest neighbors

MRI magnetic resonance imaging

NISQ noisy intermediate-scale quantum

NMI normalized mutual information

PCA principal component analysis

PQC parameterized quantum circuit

QTCM Quantum Transformer for Clustering MRI

QVC quantum variational classifier

ResNet-50 50-layer residual network

SNN shared nearest neighbor

SVM support vector machine

t-SNE t-distributed stochastic neighbor embedding

TP true positive

VGG16 Visual Geometry Group 16-layer convolutional neural network

ViT Vision Transformer

VRAM video random-access memory
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