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Abstract

Quantum computing (QC) differs from traditional computing by using quantum bits
(qubits) and leveraging quantum phenomena like superposition, entanglement, and
interference. These properties enable quantum computers to perform parallel compu-
tations, vastly surpassing classical systems. Quantum machine learning (QML) com-
bines QC with machine learning to enhance data processing and classification. This
thesis explores the theoretical advantages and practical applications of QML in health-
care. It begins with a summary of recent advancements, emphasizing QML’s signifi-
cance in the healthcare sector, followed by three key case studies demonstrating its
practical use. The study adopts a systematic literature review approach, including re-
search question formulation and article quality assessment using specific metrics. Of
2,038 records collected, 468 duplicates and 1,053 non-related to healthcare were ex-
cluded, leaving 55 articles from 2019 to 2024 for evaluation. The analysis provides
a foundation for future research, promoting innovative solutions to healthcare chal-
lenges at the intersection of quantum computing and machine learning.

The first case study examines two QML algorithms Enhanced Quantum Support
Vector Machine (E-QSVM) and Quantum Random Forest (QRF) applied to COVID-19
and influenza datasets. After data cleaning, normalization, and scaling, dimensionality
is reduced by selecting the top 10 features using Chi-Square, ANOVA, and classical
models for quantum efficiency. E-QSVM employs a parameterized quantum circuit
with a ZZ feature map to capture complex data relationships, while QRF, implemented
via Pennylane, uses two parallel QPUs, selecting the most accurate output. Results
show E-QSVM and QRF outperform classical counterparts by 1% and 2%, respectively,
with E-QSVM and QRF achieving up to 6% improvement over recent quantum models
for the COVID-19 dataset.

The second case study introduces a quantum version of the Fully Convolutional
Neural Network (FCQ-CNN) for Ischemic Heart Disease (IHD) classification. The
model integrates quantum and classical convolutional layers, a pooling layer, and a
fully connected layer. Parameters are optimized using the Adam optimizer with a
learning rate of 0.001 and a batch size of 32, while binary cross-entropy is used as the
loss function over 100 epochs. Dimensionality reduction is achieved using SVM with
Recursive Feature Elimination (SVM-RFE). Testing on 20% of the dataset yields an
accuracy of 84.6% with a loss of 0.28. When compared to classical models (Optimized-
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CNN and FCNN) and previously published quantum models, the FCQ-CNN shows
accuracy improvements of 8.6%, 12.6%, 3.5%, and 1.8%, respectively.

The third case study explores two quantum models: Quantum K Nearest Neigh-
bor (QKNN) and Amplitude Encoding Variational Quantum Classifier (AE-VQC). Both
models utilize amplitude encoding to transform input data into quantum state ampli-
tudes and were evaluated on datasets with 8, 16, and 32 features, selected through a
feature selection process. QKNN uses the quantum K minimum-finding algorithm to
identify the nearest neighbors, measuring distances between quantum states using fi-
delity and applying a swap test for statistical assessment. AE-VQC comprises a feature
map, variational quantum circuit, measurement circuit, and COBYLA optimizer. The
experimental results demonstrate that both models outperform their classical counter-
parts, with QKNN achieving 3%, 3%, and 0.5% higher accuracy across set of features.
AE-VQC also shows improved accuracy of 0.3% and 0.5% in classifying sarcopenia dis-
ease, while reducing computational complexity.

In summary, this thesis evaluates various QML models, including data pre-processing
and state preparation, across three diffrent case studies involving COVID-19, cardio-
vascular disease, and sarcopenia. The models show improved accuracy over classi-
cal machine learning techniques, highlighting QML’s potential in addressing complex
healthcare challenges efficiently. Despite these challenges like noise and limited re-
sources, the findings contribute to the growing intersection of QML and healthcare,
offering promising avenues for future research.
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Chapter 1

Introduction

1.1 Introduction

In physics, the smallest possible discrete unit of a physical quantity is known as quan-
tum. The term "quantum" in physics refers to the smallest indivisible unit of a physical
quantity. Quantum particles exhibit dual properties, acting as both waves and parti-
cles and are described by quantum theory, which focuses on determining the position
of a quantum particle at a specific location in space [1]. Quantum information science
leverages quantum phenomena, such as entanglement, to manage and process infor-
mation. Utilizing these principles, quantum computers can address computational
challenges at unprecedented speeds [2]. Quantum computing (QC) has gained sig-
nificant attention in the fields of Artificial Intelligence (AI) and information science,
inspiring computer scientists, engineers, and physicists because of its potential appli-
cations [3]. Quantum ML and quantum DL is a subset of quantum AI, which, utilizing
the principles of quantum mechanics [4], can rapidly solve complex problems and pro-
cess and transmit information simultaneously, as shown in figure 1.1.

Recently, quantum computing and machine learning (ML) have attracted consider-
able attention due to their potential to greatly enhance the efficiency of various tasks
compared to classical methods. For instance, quantum computers can solve specific
computational, optimization, and search problems much faster than classical comput-
ers. They can also simulate the behavior of certain physical systems with greater
accuracy, which is particularly useful in fields like healthcare, industrial, communi-
cation and materials science [5]. The integration of ML theory with the principles of
quantum computing has led to the emergence of a new research sub-discipline known
as Quantum Machine Learning (QML) [6]. QML focuses on developing quantum ap-
plications for various ML algorithms, leveraging the computational power of quantum
computers alongside the scalability and learning capabilities of ML algorithms. The
general overview of the QML working process is shown in figure 1.2, which contains
on input dataset, state preparation, quantum model, measurement circuit and pre-
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Figure 1.1: Quantum artificial intelligence is a superset of quantum machine learning
and quantum deep learning.

dicted output. This dissertation focuses on the use of various QML algorithms for the
processing of healthcare data. The main work contains three different case studies,
where case study 1 focuses on Covid-19 disease classification. The work presents the
two QML algorithms, i.e., Enhanced Quantum Support Vector Machine (E-QSVM) and
Quantum Random Forest (QRF), applied to Covid-19 and influenza datasets, which
were collected from different private hospitals. The experimental results show that
the proposed models outperform in terms of accuracy. The competency of the models
is obtained by comparing them with classical models and recently published quantum
models. Case Study 2 focuses on the evaluation and classification of Cardiovascular
disease, where I propose a quantum version of the Fully Convolutional Neural Net-
work (FCQ-CNN), which evaluates the quantum circuit-based technique that was in-
spired by convolutional neural networks, a very successful machine learning model.
Case study 3 deals with the evaluation of sarcopenia disease, which is the condition in
which older individuals experience a gradual loss of muscle mass and function. Here, I
used two quantum models: Quantum K Nearest Neighbor (QKNN) and Amplitude En-
coding Variational Quantum Classifier (AE-VQC). The models were tested using three
sets of experiments with 8, 16, and 32 features, and a feature selection mechanism was
used to determine the most important set of features. The major working principle for
all QML models is shown in figure 1.2.
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Figure 1.2: Working principle of QML model.

1.2 Research Hypothesis and Objectives

This section presents the hypothesis and objectives of the thesis. The hypothesis are
develop based on a thorough analysis of the challenges discussed in the previous sec-
tion and is outlined as follows.

Quantum machine learning is able to outperform classical machine learn-
ing in disease early prediction, including Covid-19, cardiovascular dis-
ease, and sarcopenia, by utilizing quantum properties, a new learning
paradigms to enhance accuracy, and leading to significant advancements
in personalized healthcare and treatment optimization.

In light of the hypothesis mentioned above, the primary aim of this dissertation is to
demonstrate the advantages of quantum computing integrated with machine learning
(QML) for addressing healthcare challenges by comparing it to traditional machine
learning models. To achieve this overarching goal, the following specific objectives
(SOs) have been established.

SO 1: To establish the current state-of-the-art in quantum computing and quan-
tum machine learning, explore their healthcare applications, and examine the
diverse types of medical datasets utilized.

For the above objective, a concise summary of the latest advancements in quantum
computing and quantum ML, drawn from recently published articles in the healthcare
domain, has been compiled. This review adheres to the essential guidelines for con-
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ducting a systematic literature review, which involves formulating research questions
and assessing the quality of articles using defined metrics. Initially, 2,038 records were
collected from multiple databases, with 468 duplicates and 1,053 records unrelated to
healthcare being excluded. An additional 258, 68, and 39 records were discarded based
on title, abstract, and full-text criteria, respectively. Ultimately, 49 articles remained
for evaluation, offering a comprehensive overview of recent literature and enhancing
the current understanding of quantum machine learning algorithms and their appli-
cations in healthcare.

Case Study 1: Covid-19.

SO 2: To determine the pre-processing and data analysis techniques applied to
the Covid-19 dataset.

SO 3: To check the performance of QML models with it’s counterpart classical
models for Covid-19 cases classification.

In this case study, addressing the first objective, a brief analysis of the Covid-19
pandemic has been conducted, emphasizing the societal risks posed by the virus and
exploring pandemic-related statistics. The target dataset was then examined, with
inconsistencies removed, followed by data cleaning, balancing, and normalization.

For the second objective, two QML models, QRF and QSVM models, were employed.
The QRF model was executed using both the PennyLane and IBM simulators. At the
same time, the QSVM was implemented with the Qiskit library and run on the IBM
simulator. Both quantum models were compared to their classical counterparts, and
the results were thoroughly evaluated.

Case Study 2: Cardiovascular.

SO 4: To analyze and understand cardiovascular disease, data types, and the
significance of feature dimensionality reduction.

SO 5: To design and validate a QCNN model that outperforms its counterpart
CNN in the classification of cardiovascular diseases.

For the first objective, cardiovascular disease was briefly studied, and statistics
were gathered from sources such as the WHO and the European Society of Cardiology
to highlight the significance of addressing this disease. The data was collected from a
hospital’s EHR of patients. Preprocessing involved a series of steps to clean, transform,
normalize, and standardize the dataset. Subsequently, feature selection techniques
were applied to improve the predictive performance of the model.

The second objective is addressed by designing a quantum version of a convolu-
tional neural network. Initially, the data is encoded using a feature map with various
gate configurations. A quantum circuit is then employed to create the convolutional
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layer, which is connected to a pooling layer. Finally, a measurement circuit is used at
the output to decode the predicted observable values.

Case Study 3: Sarcopenia.

SO 6: To analyze the data pre-processing, and state preparation for QML mod-
els.

SO 7: To develop and validate amplitude-encoded QKNN and VQC models that
outperform their classical NN and KNN counterparts for the prediction of sar-
copenia.

The process involves data analysis, data pre-processing, and state preparation for
the study of sarcopenia disease. Data analysis is focused on extracting meaningful
insights and identifying patterns within the dataset. Pre-processing ensures that the
data is cleaned, transformed, normalized, and standardized to improve the quality and
accuracy of the analysis. In the context of QML validation, state preparation refers
to encoding the pre-processed data into quantum states for further processing and
modeling.

For this objective, the QML models, VQC and QKNN, were implemented. Initially,
the model’s performance was evaluated using basis encoding, followed by amplitude
encoding. Various sets of key features were utilized for both models, and their results
were compared to those of a classical model to demonstrate improvements in prediction
accuracy.

1.3 Scientific, Social Impact, and Contribution

Following the introduction of the dissertation framework, this section focuses on un-
derscoring the social and scientific implications of the research conducted. QML tech-
niques are believed to improve the diagnosis of various health conditions by leveraging
different data types and modalities. The main issue with classical approaches is the di-
mensionality reduction techniques like PCA and face significant challenges with large
datasets due to high computational complexity (

(
O

(
n3) and O

(
n2), receptively), and

limited ability to capture complex, non-linear correlations. QML addresses these is-
sues by utilizing amplitude encoding, allowing massive datasets to be represented in
quantum states and processed simultaneously through quantum parallelism. Quan-
tum models leverage quantum kernels and variational circuits to map data into high-
dimensional Hilbert spaces efficiently, capturing intricate correlations with reduced
computational overhead. Additionally, quantum distance and similarity computations
are exponentially faster, enabling more efficient clustering and classification while pre-
serving essential data structures, making QML a powerful alternative for handling
complex, high-dimensional data in applications like healthcare analytics. Another im-

5



portant property of the quantum models to explore is quantum supervision, which al-
lows qubits to exist in a combination of both states 0 and 1 simultaneously. In contrast,
classical bits can only exist in a single state, either 0 or 1, at any given time. This fun-
damental difference provides quantum models with significant advantages over classi-
cal models, especially in computational and data processing tasks.

This study proposes three quantum-based methodologies to address various health-
care challenges efficiently. The first approach focuses on the binary classification of
Covid-19 patient data using E-QSVM and QRF models. By integrating both classi-
cal and quantum algorithms, this method enhances computational speed, providing
physicians and caregivers with faster and more accurate diagnostic results. The sec-
ond approach utilizes electronic healthcare records (EHRs) of cardiovascular patients,
employing a QCNN to solve a binary classification problem. The study highlights that
not all variables were necessary, as an effective pre-processing technique was applied
to optimize predictions. This dimensionality reduction allows healthcare providers to
focus on key factors affecting patients, leading to more accurate diagnoses and person-
alized treatment plans. The third methodology involves an experimental analysis of
sarcopenia disease. Here, amplitude encoding is used for dimensionality reduction in
VQC and QKNN models. Three distinct subsets of important features were tested to
evaluate the performance of quantum and classical models. The results demonstrate
superior efficiency and accuracy in quantum models when compared to recent studies
employing similar classical approaches.

1.3.1 Contribution

The primary objective of this thesis is to evaluate complex, real-world medical datasets
using advanced QML and Quantum Deep Learning (QDL) algorithms. The proposed
quantum models demonstrate significant improvements in performance, validated through
comprehensive comparisons with both classical counterparts and recently published
state-of-the-art models. These comparisons primarily focus on accuracy metrics, show-
casing the enhanced predictive capabilities and efficiency of quantum approaches in
addressing complex healthcare challenges. This thesis is based on the following pub-
lished journal articles and conference papers. Furthermore, the thesis clearly outlines
the individual contributions to each publication, providing a detailed account of the
original research, methodological advances, and key findings attribution.

Contribution 1: Ullah, Ubaid, Alain García Olea Jurado, Ignacio Diez Gonzalez,
and Begonya Garcia-Zapirain. "A fully connected quantum convolutional neural net-
work for classifying ischemic cardiopathy." IEEE Access 10 (2022): 134592-134605.

Contribution 2: Ullah, Ubaid, Danyal Maheshwari, Cristian Castillo Olea, and
Begonya Garcia Zapirain. "Sarcopenia risk prediction and feature selection by using
quantum machine learning algorithms." Quantum Machine Intelligence 6, no. 2 (2024):
80.
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Contribution 3: Ullah, Ubaid, and Begonya Garcia-Zapirain. "Quantum machine
learning revolution in healthcare: a systematic review of emerging perspectives and
applications." IEEE Access (2024).

Contribution 4: Ullah, Ubaid, Danyal Maheshwari, Hanna Helene Gloyna, and
Begonya Garcia-Zapirain. "Severity classification of COVID-19 patients data using
quantum machine learning approaches." In 2022 International Conference on Electri-
cal, Computer, Communications and Mechatronics Engineering (ICECCME), pp. 1-6.
IEEE, 2022.

1.4 Research Methodology

This section delineates the methodology employed in the research study presented
within this thesis. This dissertation synthesizes insights from three distinct research
investigations, each characterized by unique designs and methodologies with differ-
ent pre-processing mechanisms. Consequently, each study inherently possesses its
own contextual framework, materials, and procedural approaches. Nonetheless, the
processes described here in figure 1.3 have been adapted to accommodate the specific
requirements of each individual research endeavor.

Figure 1.3: Research methodology followed for all three study cases.

* Sate-of-the-art: The state-of-the-art review encompasses an examination of the
current literature, the development of various algorithms, diverse QML models, and
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the available datasets within the healthcare domain. The knowledge acquired during
this phase will inform the formulation in shaping the hypothesis and facilitating a
subsequent comparison with the empirical results obtained.

* Design and Implementation: Following the analysis of the current state-of-the-
art and the pre-processing of the knowledge acquired in the preceding step, this phase
involves the design and implementation of the various components of the system.

* Experiments and Evaluation: At this stage, comprehensive evaluation meth-
ods are established to rigorously assess the system’s performance. Based on the out-
comes of the validation datasets, the system undergoes iterative redesigns to optimize
functionality and address any deficiencies.

* Result and discussion: This step is dedicated to comparing the obtained results
with the state-of-the-art benchmarks in the field. This comparative analysis is crucial
for validating the research findings and assessing the robustness of the established
hypothesis.

1.5 Thesis Outline

This section provides a detailed overview of the structure and content of the chapters
included in this dissertation. The dissertation follows the PhD by publication format,
meaning that several chapters are presented as articles that have been published in
peer-reviewed journals with impact factors. Each chapter is designed to contribute to
the overall research narrative, showcasing significant findings and discussions that
align with the central theme of the dissertation.

Chapter 1 - Introduction: This first chapter provides the main concept of the
thesis as well as the technique of the defined specific research. Its key objective is to
have clear and simple principles of the carefully designed as well as a broad evaluation
of the carried research study and system development. Furthermore, the hypothesis
and particular desired outcomes provided in this section will perform an essential role
in the entire completion of this study.

Chapter 2 - Literature Review: The second chapter of this dissertation provides
a comprehensive overview of the current state of development in the primary areas
relevant to this research work. It begins with an extensive analysis of quantum com-
puting, including its algorithms and QML models, with a particular emphasis on quan-
tum supervised learning models, which constitute the core focus of this dissertation.
Following this, the chapter explores various types of healthcare data, such as imaging,
biomedical signals, and MHR, with a primary focus on MHR datasets. The thorough
review of the literature in these two domains is crucial for informing the final system
design and enhancing the overall performance of the research study.

Chapter 3 - Case Study1 - Covid-19: This chapter focuses on the implementa-
tion of QML models using a real Covid-19 dataset, offering a comprehensive compari-
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son between quantum and classical models. Additionally, it delves into the innovative
pre-processing and feature selection techniques employed for model evaluation. These
methodologies provide critical insights into the performance and efficacy of the models,
highlighting the advantages and limitations of both quantum and classical approaches
in the context of Covid-19 data analysis.

Chapter 4 - Case Study2 - Cardiovascular: This section details the contribu-
tions of the technical implementation of classical and quantum algorithms to cardio-
vascular disease classification. It explores how these algorithms are utilized to analyze
cardiovascular data, enhancing the understanding and management of the disease.
It also emphasizes the comparative effectiveness of classical and quantum methods,
showcasing their respective roles in improving diagnostic accuracy, prognostic assess-
ments, and therapeutic strategies in cardiovascular healthcare.

Chapter 5 - Case Study3 - Sarcopenia: Chapter 5 presents Case Study 3, which
provides an evaluation of sarcopenia disease using QML models. It offers a concise
overview of the assessment process, highlighting the significance of quantum state
preparation and the application of amplitude encoding in the development and opti-
mization of quantum models. This chapter underscores the importance of these quan-
tum techniques in enhancing the accuracy and efficacy of sarcopenia diagnosis and
analysis.

Chapter 6 - Conclusions: The 6th and final chapter of this dissertation presents
the insights and conclusions derived from the comprehensive evaluation of the research
work. This chapter revisits the specific objectives outlined in Section 1.1, assessing the
extent to which they were achieved throughout the research process. Additionally, it
offers a discussion on future research directions and potential developments based on
the findings of this study, providing a forward-looking perspective on the implications
and applications of the work conducted.
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Chapter 2

Literature Review

2.1 Introduction

Machine Learning (ML) is a rapidly emerging computer field that is fuelled by massive
amounts of data sent, collected, and analyses every day [7]. There are numerous ML
applications and implementations with QC in the real world. The science of QC is ex-
citing and has many practical applications which cover a wide range of topics [8]. The
recent advancement of QC technology has made the processing of large data scale feasi-
ble, with QC demonstrating that it is able to solve challenging tasks much more quickly
than classical computing [9] [10]. Quantum methods for computing offer new concepts
and strategies to the field of machine learning and the development of computer-based
technologies grounded in the principles of quantum theory [11]. The nature and behav-
ior of energy and matter at a quantum level are described by quantum theory, where
QC constitutes a collection of bits that work together to solve problems [12]. In the
field of quantum machine learning, classical machine learning and quantum physics
are combined. A symbiotic link exists between the construction of quantum versions
of machine learning algorithms using quantum computers and the analysis of quan-
tum systems using machine learning algorithms [13]. In the past few years, there has
been notable growth in deep learning and machine learning, with these advanced tech-
nologies having found extensive application across various industries, ranging from
the military, aerospace, and agriculture to banking and healthcare. Models developed
through these methods have been widely adopted in these sectors [14,15].

Recently, the fields of machine learning and QC have been gaining prominence and
expanding opportunities in the field of Artificial Intelligence (AI) [16], and numerous
researchers have successfully applied diverse quantum algorithms to real healthcare
datasets. Among these applications QML stands out as a highly promising field, with
multiple research teams actively engaged in its research [17]. Particularly signifi-
cant is the exploration of novel machine learning approaches that leverage the advan-
tages of QC within the healthcare domain. In this context, supervised learning has
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emerged as a noteworthy QML model that has garnered considerable attention from
both academia and in healthcare. In the case of classification and diagnosing problems,
exponential experimental improvements have been achieved through various contribu-
tions [18]. These include the development of QSVM, VQC, hybrid algorithms, quantum
deep learning models, and error minimization algorithms, as well as pre-processing
techniques. The design and implementation of Quantum Artificial Neural Networks
(QANN) have provided a gateway for the application of additional algorithms in quan-
tum states [19]. Furthermore, there are several methods for encoding classical data
into quantum states that offer advantages such as reduced exploratory costs in terms of
resources and the incorporation of non-linearity in the data [20]. Kernel-based method-
ologies have proven useful in achieving data linearity for linear classifiers. Similar to
classical machine learning algorithms, researchers are also now concentrating their
efforts on establishing comprehensive quantum algorithms capable of solving classifi-
cation problems specific to the healthcare industry. QC techniques have been merged
with classical ML for various applications, with these algorithms using different pri-
vate and publicly available datasets such as the University of California Irvine (UCI)
ML repository, Iris, and MNIST dataset [21] [22].

QML has the potential to revolutionize healthcare by leveraging the power of QC in
order to analyses complex healthcare data and make more accurate predictions [23]. It
can process large and diverse healthcare datasets, including electronic health records
(EHRs), medical imaging data, genomic data, and sensor data, with a view to improv-
ing disease diagnosis and prognosis [24]. EHRs contain a wealth of patient informa-
tion, including medical history, diagnoses, treatments, laboratory results, and so on,
and these comprehensive datasets offer great potential for advancing healthcare re-
search and in improving patient outcomes [25]. QML techniques can be further used
to leverage the power of QC and extract valuable insights from EHRs. Moreover, QML
holds tremendous potential in the field of medical imaging, where it can make a signif-
icant impact. Medical imaging techniques, such as X-rays, CT scans, MRI scans, and
ultrasound, play a critical role in diagnosing and treating various diseases and condi-
tions. However, these imaging processes often require more computational power and
can be time-consuming, leading to delays in diagnosis and treatment [26]. Moreover,
the advent of QML brings the promise of speeding up image processing and analy-
sis, thus revolutionizing the field of medical imaging. By harnessing the principles
of quantum mechanics, quantum algorithms can tackle complex computational tasks
more efficiently than classical algorithms, with this advancement opening up new pos-
sibilities for doctors and medical professionals in providing faster and more accurate
diagnoses. By analyzing these datasets, QML algorithms can identify patterns, cor-
relations, and bio-markers that traditional machine learning algorithms might miss,
leading to more accurate predictions of diseases and their progression [27] [28]. For
simplicity, the hierarchy of the entire chapter is shown in figure 2.1, which further
contain on various sections and subsections.

11



Figure 2.1: Hierarchy model for the entire chapter.

Beside the healthcare, QML has shown immense potential across various indus-
tries. For an instance, in the financial sector, quantum computing is utilized for port-
folio optimization, risk assessment, and fraud detection [29]. By leveraging quantum
algorithms such as the Quantum Approximate Optimization Algorithm (QAOA) [30]
and Monte Carlo methods, it enhances computational efficiency and accuracy [31].
In cybersecurity, quantum cryptography and Quantum Key Distribution (QKD) [32]
have been extensively researched to strengthen secure communications, ensuring ro-
bust data protection against both classical and quantum cyber threats. Additionally,
quantum-resistant encryption techniques are being developed to safeguard sensitive
information from potential quantum attacks [33]. QML models are also widely ap-
plied in material science, utilizing quantum technologies to solve complex challenges
in material design, discovery, and characterization. These models efficiently simu-
late electronic structures and material properties at the atomic level [34] [35]. For
example, Variational Quantum Circuits (VQC) and QAOA assist in determining the
ground-state energy of new materials, accelerating Density Functional Theory (DFT)
calculations used in material design, and enabling defect detection in semiconductors,
superconductors, and nano materials by analyzing quantum states [36]. Furthermore,
QML has been used in addressing climate change challenges through advanced data
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analysis and predictive modeling. Recent studies have explored various applications of
QML in this field, demonstrating its ability to enhance the accuracy of climate models.
Techniques such as VQC, QBoost, and Quantum Support Vector Classification (QSCV)
have been applied to process complex climate data more efficiently, leading to improved
climate pattern forecasting [37]. In flood prediction, the integration of QML with clas-
sical machine learning models has shown promising results [38]. Research conducted
on daily flood events along Germany’s Wupper River indicated that QML models of-
fer competitive training times and enhanced prediction accuracy, underscoring their
potential in climate change adaptation strategies.

Figure 2.2: Prisma diagram for the records selected.
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Figure 2.3: Number of papers from different data bases.

2.2 Materials and Method

This review aims to demonstrate solutions and advancements for the development and
adaptation of various quantum processing methods, quantum machine learning mod-
els, and quantum simulation tools in the healthcare domain. The work serves as an
introduction to this emerging area, along with a review of recent developments and a
presentation of the issues that have yet to be resolved in earlier survey studies [39–42].
In comparison to classical computing (CC), QC is an emerging field. I have focused on
the developments and applications of the previous seven years as a result, and have
contrasted the various approaches used as well as the challenges.

2.2.1 Search Databases

Papers that fit the criteria for this review include those that (a) concentrate on learning
patient representations, (b) use patient data, such as EHR, images, and ECG signals,
and (c) employ quantum machine learning and quantum deep learning models. In
contrast to other techniques, ML and DL are a practical data-driven solution to build
robust representation simultaneously from a variety of resources, and it is thus note-
worthy that I consider research utilizing QC techniques as one criterion. This is be-
cause QC techniques have unique characteristics that make them a viable data-driven
solution. Keyword searching queries for literature database searches were generated
by applying these criteria, and articles from the past five years from 2019 to 2024 were
extracted from four distinct databases, including Web of Science, Scopus, IEEE Explore
Digital Library, and Springer Nature.

2.2.2 Search String

A systematic search strategy was implemented using a combination of keywords and
Boolean operators (AND, OR) to retrieve relevant articles on Quantum Computing
(QC) and Quantum Machine Learning (QML) in healthcare applications. The search
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queries were constructed using various terms and their combinations. For instance,
keywords such as "Quantum Computing" AND "Quantum Machine Learning" OR "Quan-
tum Neural Network" were used to capture general research on QC and QML. Addi-
tionally, healthcare-specific terms were incorporated using ("Cancer" OR "Oncology"
OR "Tumor") AND ("Machine Learning" OR "Quantum Computing"), as well as ("Di-
abetes" OR "Pancreas") AND ("Quantum Machine Learning") to refine disease-specific
results. Other relevant terms, such as "Cardiovascular Disease" OR "Stroke" OR "Epilepsy"
OR "Alzheimer" OR "Omics" OR "Genomics", were also combined using Boolean oper-
ators to enhance search precision and coverage.

2.2.3 Filtering Criteria

In terms of publication characteristics, we restricted our search to English-language
academic papers and concentrated only on conference proceedings and peer-reviewed
journals (posters and pre-prints were excluded). Only study designs relevant to creat-
ing a quantum ML or quantum DL based on any type of health-related dataset were
taken into account as study features. The study results should also be used to down-
stream clinical prediction evaluations. It is important to note that review papers, pro-
ceeding summaries, and QML articles not connected to healthcare applications were
excluded from the study. By using a snowballing strategy [43], duplicate records were
eliminated and additional records were added, which were gathered based on refer-
ences in the papers and personal readings. From out of the total 2038 records collected
from four open sources database, 468 articles were deleted in the filtering criteria stage
which were most likely duplicated. Additionally, from 1570 records, a further 1034
were eliminated after filtering again, because most of them were not related to QML
or considered to be other data for model evaluation purposes, as shown in figure 2.2.

2.2.4 Eligibility Criteria

Eligibility criteria include three essential reading techniques: reading the title, read-
ing the abstract, and reading the entire article. Following filtering criteria, 272 records
were considered for further processing in order to check their eligibility. I obtained 272
records following the filtering stage, from which 116 more records were eliminated at
the title screening stage because the topic under consideration did not meet our spe-
cific requirements. Furthermore, 68 additional records were excluded after reading the
abstract. Any articles that use classical ML instead of quantum ML, use text datasets,
or are related to industrial, material science, or transportation applications were re-
moved. From the remaining 88 records, 33 records were further excluded in accordance
with the criteria of the full text screening stage, where each study was researched in
full detail to ensure the relevant records. Finally, 55 records were selected based on
three categories: the Electronic Healthcare Record (EHR) dataset, imaging dataset
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records and biomedical signal record, which are the most appropriate for the purpose
of our proposed work.

2.2.5 Inclusion Criteria

Finally, based on the inclusion criteria, 55 records were selected, all of which are re-
lated to QML, QDL, and QC in healthcare applications. The selection also includes
articles that present solutions implemented through software or those that can be
simulated or executed on quantum devices or simulators. Additionally, only records
published between 2019 and 2024 in peer-reviewed journals or conference proceedings
were considered.

2.2.6 Exclusion Criteria

Papers that did not explicitly incorporate QML methods or did not utilize healthcare-
related data were excluded from this review. Additionally, studies that focused solely
on classical machine learning techniques without integrating quantum computing prin-
ciples were not considered. Furthermore, articles lacking biomedical applications or
those primarily discussing theoretical aspects of QML without practical implemen-
tation in healthcare were also filtered out to ensure relevance and specificity in the
review.

2.2.7 Data Analysis

This section contains data scrutiny and data categorization for the records selected.
All the data was analyzed by taking three different strategies into consideration, and
the corresponding complete texts of 55 records that met the necessary requirements
were deemed eligible for review were then evaluated. As a consequence, the following
information was obtained.

2.2.7.1 Year Wise Evaluation

The records selected were assessed based on their respective years with a view to ex-
amining the level of interest among scholars in working with QML over the past few
decades. As shown in figure 2.4, notable contributions in the field of QML for health-
care began to emerge after 2018. In 2019, there were 9 records, followed by 10 in 2020,
9 in 2021, 12 in 2022, 9 in 2023, and up to the present date in 2024 6 articles in total
have been considered in this study.

2.2.7.2 Country Wise Evaluation

Additionally, I also conducted a country-wise analysis of the records selected, as illus-
trated in figure 2.5, and this evaluation generated further interest in the subject by
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Figure 2.4: Number of papers per year.

taking both the publication year and the different geographical locations into consid-
eration. Among the research studies examining the adoption of QML in the health-
care industry, India stands out as the leading contributor with 15 papers, followed by
USA as the second-highest contributor with 8 articles to date. Spain has 7, China
and France has 3, Saudi Arabia, Columbia, Pakistan, Turkey, Iraq and Austria has 2
articles and so on.

Figure 2.5: Mapped the published article in quantum machine learning and healthcare
domain as per country-wise.

2.2.7.3 Type of Selected Articles

Moreover, the articles that were chosen underwent a thorough evaluation based on
type of article, with figure 2.6 illustrating the various types of articles considered in
this study. Out of total records, it was found that 37 records, accounting for approx-
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Figure 2.6: Types of selected published articles.

imately 77%, originated from international journals. Furthermore, 7 records, consti-
tuting approximately 15% of the total, were sourced from international conferences.
Finally, 4 records, making up approximately 8% of the total, were selected from arXiv.

Furthermore, following evaluation and analysis of the desired records selected, I
defined a couple of research questions and proposed a point-oriented quality based
metric as shown in table 2.1 and table 2.2 respectively.

2.3 What is Quantum Computing

The concept of QC was introduced in the early 1980s by Benioff and Feynman, who
stated that quantum-based computers outperformed their classical equivalents when
it came to solving particular problems [44]. Feynman suggested that quantum me-
chanics could be used to solve computational problems by simulating complex quantum
systems with standard quantum systems. This approach allows problems to be solved
that classical computers are unable to solve [45]. Feynman’s idea had a direct impact
on the advancement of QC, and gave rise to the notion of a quantum Turing machine,
also leading to the theoretical proof of the existence of universal models based on quan-
tum mechanics [46]. Quantum algorithms can also be used to ascertain the processing
power of classical computers, with development of one of the earliest quantum algo-
rithms that offered a speed advantage over its classical counterparts being provided
in [47]. The algorithm was designed to probabilistically determine whether a two-bit
function is balanced or constant using just one function call. Researchers have pro-
posed subsequent quantum algorithms in [48] [49] that demonstrate the superiority of
QC over classical computers in solving specific problems. However, these problems are
manually designed, and their practical applications are limited.

QC relies on the principles of quantum mechanics, which employs observable quan-
tum phenomena such as quantum entanglement and quantum superposition and quan-
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Table 2.1: The point guided quality metrics proposed for selected record evaluation.

Type of Metrics S.No Overview Merit Points

Flow of the paper (50 points)

1 A well-explained precise abstract
was provided - a short overview of
the proposed model and datasets
used; the solution to the problem or
an improvement in experimental re-
sults was provided.

0 to 10 10

2 The highlighted problem and back-
ground to it were briefly explained
in the introduction.

0 to 10 10

3 Simulation or optimisation of the
proposed QML model was explained
in detail, with mathematical mod-
elling and diagrams.

0 to 20 20

4 The challenges and limitations of
the work were discussed, and the
methodology adopted to overcome
these challenges explained.

0 to 10 10

Materials presented in the
paper (30 points)

5 Experimental results were dis-
cussed in detail in the form of plots
or confusion metrics; results were
compared to recently published
models.

0 to 10 10

6 Materials used were briefly dis-
cussed, and the type of dataset
used and its availability clearly de-
scribed.

0 to 10 10

7 The code for the proposed work is
publicly available.

0 to 5 5

8 Originality or innovation of the pro-
posed research work.

0 to 5 5

Outcome presentation (15
points)

9 Determining system in terms of ac-
curacy, loss function, and error.

0 to 15 15

Quality Measures (5 points) 10 Number of Citations. 0 to 5 5

tum interference [50]. The quantum entanglement property is a non-intuitive phe-
nomenon, famously referred to by Einstein as "spooky action at a distance," whereby
an entangled pair of electrons always spin in opposite directions and influence each
other through time and space, even when not physically connected. This property pro-
vides quantum algorithms with significantly more power than conventional ones. The
quantum superposition is the property of an electron in which its position cannot be
precisely determined at any given time. Instead, the electron’s position is described by
a probability distribution, where it has a chance to exist in all possible locations simul-
taneously, with varying probabilities. The quantum interference property refers to the
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Table 2.2: Possible research questions.

Question Purpose

Question1: How can quantum machine learning algorithms
be utilised to enhance medical data analysis,
such as improving disease segmentation, classification,
or anomaly detection?

Explore the potential of QML models, such as QSVM,
QKNN, QRF or quantum neural networks, such as QNN,
QCNN in extracting meaningful insights from electronic
healthcare records for diagnosis, treatment planning,
or personalised medicine.

Question2: How can quantum machine learning models be
integrated with classical machine learning approaches to
leveraging the strengths of both in healthcare data analysis?

Research into hybrid approaches that combine classical and
quantum machine learning techniques to exploit the
computational power of quantum algorithms while leveraging
the robustness and interpretability of classical models,
enabling enhanced analysis and interpretation of healthcare data
across various domains.

Question3: What are the fundamental limitations and advantages
of quantum machine learning models in handling healthcare
data compared to classical machine learning models?

Explore the unique properties of quantum machine learning
models, such as quantum superposition and entanglement,
and assess their potential benefits and limitations when
applied to healthcare data analysis tasks,
taking factors such as interpretability, scalability,
and the computational resources required into consideration.

Question4: What are the considerations and methodologies
for evaluating the robustness and generalisability of quantum
machine learning models when applied to diverse healthcare
datasets, including data from different hospitals, regions,
or demographic groups?

Ensure that the models can perform reliably and
accurately across different settings, populations, and
data sources. This evaluation helps identify any biases,
limitations, or performance variations that may arise and
enables the development of more effective and equitable healthcare
applications using quantum machine learning techniques.

Question5: Which types of data can be used for adoption
of a quantum predictive model, and is it feasible to use open access
datasets for evaluating such models? Additionally, what specific
quantum computing devices are applicable for evaluating
QML models using healthcare data?

How can different types of datasets, including private
and open-access datasets, be evaluated for quantum machine
learning models? What are the options available for accessing
quantum simulators, quantum real devices, and quantum processing
units (QPUs) in order to assess the performance of these models with
healthcare data?

ability of an individual particle, such as a photon, to interfere with its own trajectory
and alter its path’s direction. The technology used for constructing qubits, which are
the fundamental units of quantum computers, is rapidly advancing. A quantum com-
puter leverages an unusual observation from quantum physics in which a single bit
can exist in both states of ’1’ and ’0’ at the same time, this unique bit being referred to
as a quantum bit or qubit [51]. By utilizing these principles it builds a highly efficient
computing system that can process multiple data pieces concurrently, resulting in the
ability to handle massive amounts of information in a real-time scenario [52]. The
basic concept of QC is to research into the inherent challenges of data analysis, data
storage and its processing [53], and quantum mechanical systems are established by
encoding information, which is commonly known as quantum information in terms of
the state of a quantum system [54]. The QC development in terms of increasing qubits
is shown in figure 2.7.

There are several differences between CC and QC in terms of capabilities, computa-
tional power and error rates. In CC, information is processed using bits that represent
0 or 1, while QC employs quantum bits or qubits capable of representing 0, 1, or even
both states simultaneously through superposition. CC relies on multiple transistors
to create logical switches and gates, whereas QC utilises quantum dots and supercon-
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Figure 2.7: Quantum development timeline till to date.

ducting loops to create qubits, with several qubits forming a logical qubit. In terms
of scalability, CC’s computing power increases linearly with the addition of more tran-
sistors, while QC’s potential grows exponentially with the inclusion of more qubits.
Moreover, CC operates at room temperature with relatively low error rates and finds
applications in general-purpose computing. Conversely, QC operates under extremely
low temperatures, has a higher error rate, and specialists in tasks such as factoring,
optimisation, and complex processing, as shown in figure 2.8.

2.4 What is Quantum Machine Learning

In quantum machine learning, quantum algorithms have been developed to address
fundamental machine learning challenges while using the computational capability of
QC. The standard approach to achieving this is to modify classical algorithms or their
subroutines so that they may function on a hypothetical quantum computer [55]. Gen-
erally, QC and machine learning is combined in four different ways, i.e, classical data
quantum model, quantum data classical model, classical data quantum model, and
quantum data quantum model, as shown in figure 2.9. In such a scenario, our focus is
on a third "quantum enhanced-machine learning" approach which is most frequently
employed for analysis of classical data using quantum models [56]. In order to im-
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Figure 2.8: Classical computing vs quantum computing.

prove computing speed and data storage, qubits and quantum operations are utilised
in the QML algorithm, and computationally challenging subroutines are handed off to
a quantum device in hybrid approaches that combine classical machine learning ap-
proaches with QC, as shown in figure 2.10. On a quantum computer, such processes
may be more complex and run faster [57–59].

The workflow of QML typically involves several steps, including system backend,
state preparation, feature mapping, unitary gate operation, and quantum measure-
ment, as illustrated in figure 2.11. Feature mapping is the process involving encod-
ing classical data into a quantum state representation. In classical machine learning,
features are usually represented as vectors or matrices, while in quantum machine
learning, these classical features are transformed into quantum states by mapping
them onto qubits. There are various techniques that can be used for feature mapping,
depending on the specific problem and the quantum algorithms available, with one
common approach being to use quantum circuits to transform classical features into
quantum states. Once the classical data is mapped to a quantum representation, a
quantum model is then constructed in order to process and analyse the quantum states.
The quantum model is typically composed of quantum gates, which are operations that
act on the qubits and manipulate their quantum states. Different quantum models can
be employed depending on the specific learning task for example, a quantum neural
network can be constructed using layers of quantum gates to perform computations
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Figure 2.9: Matrix of various QML algorithms.

Figure 2.10: Quantum machine learning intersection.

Figure 2.11: Basic steps of qml model.
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analogous to classical neural networks.

Figure 2.12: Various type of QML models.

The parameters of the quantum gates in the model are adjusted during the training
process to optimise the model’s performance. Likewise, there is the quantum support
vector machine (QSVM), which utilises quantum circuits and quantum algorithms to
perform classification tasks. QSVM maps the input data to quantum states, performs
quantum computations on these states, and uses quantum measurements to classify
new instances.

Eventually, once the quantum model has processed the data, a quantum measure-
ment is then taken to obtain classical output results. In quantum mechanics, when
a quantum system is measured, its superposition collapses into a specific state with
a certain probability, and in the context of quantum machine learning, the quantum
measurement operation extracts classical information from the quantum states and
provides the output for the model. The measurement outcome is typically a classical
bit string representing the result of the computation. Statistical techniques are of-
ten applied to analyse the measurement outcomes and extract relevant information or
make predictions. For instance, in classification tasks, the measurement outcome can
correspond to a class label. It is important to note that the measurement operation
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inherently introduces randomness due to the probabilistic nature of quantum systems,
and so consequently, quantum machine learning models may require repeated mea-
surements or statistical sampling in order to obtain reliable results.

2.5 Quantum Machine Learning Models

QML models are categorised into three basic categories: supervised model, unsuper-
vised and semi-supervised, as shown in figure 2.12 and as follows:

2.5.1 Quantum Supervised Models

Supervised ML is a type of ML where a model learns from labelled training data to
make predictions or decisions. According to this approach, the model is provided with
input data along with corresponding output labels or target values. There are various
supervised machine learning models available, and the choice of model depends on the
specific problem you are trying to solve and the nature of the data. Here are a few
commonly used supervised learning models:

2.5.1.1 Quantum Support Vector Machine (QSVM)

A QSVM is an ML algorithm that combines the principles of QC with the concept of
a classical SVM. It is designed to perform classification tasks on quantum data or to
exploit quantum effects for improved classical SVM training. For its part, an SVM
is a supervised learning algorithm used for classification and regression tasks. Given
a set of labeled training data, the purpose of the SVM is to find a hyperplane in a
high-dimensional feature space that best separates the data into different classes. The
hyperplane is chosen to maximise the margin, which is the distance between the hy-
perplane and the nearest data points of each class. QC, on the other hand, leverages
quantum phenomena such as superposition and entanglement to perform computa-
tions on quantum bits or qubits. Qubits can exist in multiple states simultaneously,
allowing for parallel processing and potentially more efficient algorithms. In a QSVM,
the classical SVM is enhanced using quantum techniques, and the main idea is to
map the input data to a quantum feature space, where the QSVM can perform classi-
fication, and this mapping is done using a quantum kernel function [60]. In classical
SVM, a kernel function computes the similarity or distance between data points in the
input space, while in the case of QSVM, the quantum kernel computes the similarity
or distance between data points mapped to a quantum feature space. The input clas-
sical data is encoded into quantum states by using various quantum algorithms, and
the quantum data is then fed into a quantum circuit that applies the quantum ker-
nel function. This circuit takes advantage of quantum operations and entanglement
to perform computations on the quantum data. As shown in figure 2.13, in the case
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Figure 2.13: QSVM circuit diagram
[61].

Figure 2.14: QNN model.

of quantum kernel computation, measurements are taken on the quantum circuit in
order to obtain classical information and the measurement circuit then extracts the
relevant features from the quantum state.

2.5.1.2 Quantum Neural Network (QNN)

A computational neural network model based on the principle of quantum mechanics
is known as a QNN. In 1995, Subhash Kak [62] and Ron Chrisley [63] independently
published the initial concepts regarding quantum neural computation. Traditional
computers store and process information as binary bits, which can represent either a 0
or a 1. In contrast, quantum computers use quantum bits, or qubits, which can exist in
a superposition of both 0 and 1 states simultaneously. This allows quantum computers
to perform certain calculations much faster than classical computers in the case of cer-
tain types of problems. In QNN, the basic building block is the addition of a quantum
layer, which is analogous to the artificial neuron in a classical neural network as shown
in figure 2.14. The quantum neuron processes and transmits information using quan-
tum operations. Typically, a qubit is used to represent the state of the quantum neuron,
with the state being manipulated using quantum gates. The activation function in a
classical neural network is replaced by a quantum gate, which transforms the state
of the qubit based on the input. Various types of quantum gates can be used, such as
the Hadamard gate, controlled-phase gate, or any other gate that is able to manipulate
the quantum state, and these gates introduce quantum effects, such as superposition
and entanglement, into the computation. Training a quantum neural network involves
adjusting the parameters of the quantum gates to optimise the network’s performance
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Figure 2.15: QKNN circuit diagram [64].

in a specific task. One of the potential advantages of quantum neural networks is
their ability to process and analyse large amounts of data simultaneously, thanks to
quantum superposition. This can be especially useful for tasks such as pattern recog-
nition, optimisation, and machine learning, where large-scale parallelism can provide
computational advantages.

2.5.1.3 Quantum K Nearest Neighbor (QKNN)

Quantum KNN is also a supervised ML algorithm, which uses the quantum properties
(superposition and parallelism) to process the classical KNN classification algorithm.
The QKNN algorithm introduces quantum mechanics principles, specifically quantum
superposition and quantum interference, to improve the performance of the KNN algo-
rithm. It utilises a quantum representation of data and exploits quantum parallelism
in order to perform the distance calculations more efficiently, while the input training
and testing dataset can be converted into vectors. The classical CC method requires n
bit registers for the desired dataset, while the QC needs n qubit superposition quan-
tum states. All of the binary numbers in the datasets can be converted into n qubit
states with the appropriate probability, which reduces storage capacity. As shown in
figure 2.15, the five registers contain five qubits, with the first auxiliary qubit being
operated by Hadamard gate. The second and third registers are used for testing the
dataset, while the fourth and fifth registers are used for training it. In the QKNN
algorithm, quantum parallelism is leveraged to calculate the distances between the
encoded new data point and all the encoded training data points simultaneously, with
this parallel distance calculation being obtained using quantum gates and quantum
circuits. Finally, the class label predicted is determined based on the outcome of the
measurement. The QKNN algorithm assigns the class label that is most prevalent
among the K nearest neighbors in the collapsed quantum state.
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2.5.1.4 Quantum Random Forest (QRF)

A quantum RF is a variant of the classical random forest algorithm that incorporates
principles and techniques from QC. It leverages the power of quantum properties, such
as superposition and entanglement, to enhance performance and capabilities of the
random forest model. In a classical random forest, multiple decision trees are created
and trained on different subsets of the training data, and each decision tree is built
using a random selection of features and employs a majority voting scheme to make
predictions. The final prediction of the random forest is determined by aggregating
the predictions of all the individual decision trees. In a quantum random forest, the
underlying decision trees are replaced by quantum decision trees, which are quantum
circuit representations of decision trees, and these quantum decision trees utilise quan-
tum gates and qubits instead of classical bits and logic gates, as shown in figure 2.16. A
qubit is the fundamental unit of quantum information, and can exist in a superposition
of states, representing both 0 and 1 simultaneously. To form a quantum random forest,
an ensemble of quantum decision trees is created through a process called quantum
bootstrap aggregating or quantum bagging. Multiple copies of the training data are
created, and each copy is randomly perturbed to introduce diversity. Quantum deci-
sion trees are then built on these perturbed copies, and the final prediction is obtained
by aggregating the predictions of all the quantum decision trees through majority vot-
ing.

2.5.1.5 Quantum Long Short Term Memory (QLSTM)

LSTM networks are a type of recurrent neural network (RNN) designed to handle
long-term dependencies in sequential data. They are particularly effective in tasks
such as speech recognition, language translation, and time series analysis. LSTMs are
composed of cells that maintain an internal memory state, allowing them to remem-
ber information over extended time intervals. Each cell is equipped with three main
components: an input gate, a forget gate, and an output gate, and these gates regu-
late the flow of information into, out of, and within the cell. By replacing the classical
neural networks in the LSTM cells with VQCs, the classical LSTM can likewise be
transformed into the quantum state [65]. The QLSTM schematic architecture shown
in figure 2.17 consists of three layers - the data encoding layer, the variational layer,
and the quantum measurement. The input classical vector is converted into a quantum
state by the data encoder layer and the variational layer is the learnable component,
where an optimisation technique is used to update the circuit parameters. Eventually,
the quantum measurements are employed in order to obtain the values required for
further processing.
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Figure 2.16: QRF diagram [85].

2.5.2 Unsupervised Models

Unsupervised learning analyses and clusters unlabeled information using machine
learning algorithms to identify data groupings or hidden patterns without requiring
human involvement.

2.5.2.1 Quantum Principal Component Analysis (QPCA)

Quantum PCA is a QC algorithm that is an extension of the classical PCA technique
used in machine learning and data analysis. PCA is a dimensionality reduction method
whose purpose is to find the most significant features or patterns in a dataset by pro-
jecting it onto a lower-dimensional subspace. The input dataset is transformed into
quantum states by encoding it in the amplitudes of a set of quantum bits (qubits). The
number of qubits required depends on the size of the dataset and the desired precision.
The encoded quantum states are then prepared on a quantum computer using quan-
tum gates and operations, and this step initializes the quantum system in order to
represent the input data. For its part, the quantum PCA algorithm employs quantum
phase estimation to estimate the eigenvalues of the covariance matrix, with this step
being critical in determining the principal components. The eigenvalues are estimated
from the results of the quantum phase estimation, which provides information about
the variance captured by each principal component. Estimated eigenvalues are used to
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Figure 2.17: Schematic architecture of QLSTM [65].

identify the principal components, while the eigenvectors corresponding to the largest
eigenvalues represent the principal components of the dataset. The quantum states
representing the principal components are then measured to obtain classical informa-
tion, although additional classical post-processing may be required in order to finalise
the output and interpret the results.

2.5.2.2 Quantum Generative Adversarial Network (QGAN)

The quantum GAN use two neural networks a generator and a discriminator that are
simultaneously trained are used to generate data that is identical to the original data
used in training. The generator generates fake data that mimics the actual training
dataset, while the discriminator works like a detective, aiming to differentiate between
actual and fake data. The QGAN model is based on the patch approach [66], which em-
ploys a number of quantum generators, each of which is in charge of creating a small
patch of the final output, as shown in figure 2.18. The generator is a quantum varia-
tional circuit comprising alternating layers of single qubit rotation gates and two-qubit
entanglement gates. Additionally, a first layer of Hadamard gates provides a superpo-
sition of all computational basis states with equal weight. In the context of training,
the generator and discriminator are alternately optimised to create a probability that
closely resembles the target distribution, while the discriminator input contains con-
tinuous scalar real data and discrete integral fake data.

2.5.2.3 Quantum Clustering

Clustering is the process of grouping similar data points together based on their char-
acteristics or proximity. Traditional clustering methods, such as k-means, partition
data into clusters based on classical distance measures. In quantum clustering, the
data points are represented as quantum states instead of using classical distance mea-
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Figure 2.18: Schematic diagram of QGAN model [67].

Figure 2.19: K mean clustering vs quantum clustering [68].

sures, and these quantum states can be created using techniques such as quantum
superposition and quantum entanglement. By encoding the data into quantum states,
quantum clustering allows for the exploration of complex relationships and interac-
tions among data points. The quantum clustering algorithm operates by applying
quantum gates and measurements to the quantum states representing the data. These
operations can manipulate the quantum states to reveal underlying patterns and struc-
tures in the data, the goal being to find clusters that have close intra-cluster similarity
and low inter-cluster similarity. figure 2.19 indicates the key advantages of quantum
clustering by handling the high-dimensional and complex data more effectively than
classical clustering methods. Quantum systems can simultaneously process multiple
states and explore a much larger search space, potentially leading to more accurate
clustering results.
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Figure 2.20: Structural diagram of quantum autoencoder [68].

2.5.2.4 Quantum Autoencoder

A quantum autoencoder is a quantum machine learning algorithm that leverages the
principles of quantum mechanics in order to perform data compression and feature
extraction. A quantum autoencoder follows a similar principle, but instead of using
classical bits, operates on quantum bits or qubits. Qubits can exist in superpositions
of 0 and 1, allowing for more complex representations and computations. Quantum
autoencoders are typically implemented using quantum circuits and quantum gates,
and their architecture consists of two main components: the quantum encoder and
the quantum decoder, as shown in figure 2.20. The quantum encoder maps the input
data, represented as quantum states, into a lower-dimensional code. This is achieved
by applying a series of quantum gates and transformations to the input qubits, with
the resulting code qubits capturing the essential features of the input data. Once the
input data is encoded, the quantum decoder then performs the reverse process, trans-
forming the code qubits back into an output state that approximates the original input
data. The aim of the decoder is to reconstruct the data with minimal error, while the
reconstruction process involves applying a series of quantum gates and operations that
are the reverse of those used in the encoder. Quantum autoencoders have the potential
to offer advantages over classical autoencoders in certain scenarios, while quantum
systems can capture complex relationships and correlations that may be challenging
for classical systems. Additionally, quantum autoencoders can exploit the properties of
quantum entanglement and superposition in order to represent and process informa-
tion in more powerful ways.

2.5.3 Semi-Supervised Models

Semi-supervised learning is a type of machine learning that builds models using both
an enormous quantity of unlabeled data and a small amount of labeled data.

2.5.3.1 Variational Quantum Classifier (VQC)

VQC is a semi-supervised QML approach that enables the use of NISQ devices to ac-
quire experimental results without the use of extra error-correction methods. This
technique is a hybrid approach whereby the parameters are updated and optimized in a
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Figure 2.21: Block diagram of VQC.

traditional computer, allowing for optimization without improving the coherence times
required. The device’s iterative measurements are used to calculate the cost function,
which is based on a system aimed at reducing errors by integrating noisy measure-
ments in optimization calculations [69]. The amplitude encoding, which maps features
to quantum states, is an appropriate solution for data pre-processing when utilizing the
VQC model, as demonstrated in [70] [71]. The feature map is one of the major compo-
nents which transform data into a quantum system’s potentially higher-dimensional
Hilbert space, making it possible to efficiently compute across non-linear fundamen-
tal functions on the feature space. As shown in figure 2.21, a VQC model contains 3
main components: a feature map that converts classical data into quantum states; a
variational circuit with layers of short depth unitary circuits and θ-parameters that
is iteratively tuned and has been trained by minimizing a cost function in a classical
device; and at the end of the VQC model, a measurement circuit is used which returns
the quantum variable decoded into classical output.

2.5.3.2 Quantum Least Square SVM (QLS-SVM)

A QLS-SVM is a variant of the traditional SVM algorithm. The aim of the QLS-SVM
is to find a linear or non-linear hyperplane that best separates classes in a dataset by
minimizing the squared error rather than maximizing the margin as in the standard
SVM. Like classical SVM, QLS-SVM operates in a high-dimensional feature space. The
input data consists of labeled examples, whereby each example is represented by a fea-
ture vector and belongs to a specific class, and uses a kernel function to implicitly map
the input data into a high-dimensional feature space. This transformation allows the
algorithm to find non-linear decision boundaries in the original input space, formulat-
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ing the classification problem as a constrained optimization problem. The goal is to
minimize the sum of squared errors between predicted outputs and desired outputs,
subject to some constraints. The desired outputs are typically represented as +1 or
-1 in the case of binary classification tasks. To solve the optimization problem, QLS-
SVM employs a technique known as Lagrange multipliers - by introducing these, the
problem is transformed into a dual problem that can be solved more efficiently. The
solution involves finding the support vectors, which will be the data points that lie
closest to the decision boundary. Once the QLS-SVM model is trained, it can be used to
make predictions on new, unseen data, with prediction being based on the sign of the
learned function, which determines the class label. If the output is positive, the sample
is classified as one class, and if negative, it belongs to the other class.

2.6 QML Applications

Healthcare industry has made significant advancements with QC interms of data man-
agement, clinical studies, disease diagnosing, EHR, and medical device inspections.
Moreover, QML is widely been using in various healthcare applications,i.e, molecu-
lar simulation, medical precision, radiotherapy, drug development, clinical trials and
diagnose assistant as shown in figure 2.22. It also offers a significant increase in pro-
cessing capacity, which resulted in improvements in the healthcare industry. Personal-
ized treatment is provided using deoxyribonucleic acid (DNA) [72] sequencing with QC,
and advanced therapies and medications are created using systematic modeling. QC
addresses complex optimization challenges, such as devising effective radiation plans
to eradicate specific cancer cells while minimizing harm to healthy organs and body
parts [73] [74]. Qubit processing allows the quick sequencing and analysis of genomes,
and cloud-based hospital infrastructure migration makes it possible to forecast chronic
disease issues and protect medical data. Integrating QC into healthcare systems brings
a possible advantages, including improving patient management, and medical profes-
sional experiences, reduced costs, and superior patient treatment outcomes [75] [76].

2.6.1 Diagnosis Assistance

QML algorithms are utilized to provide early-stage disease detection, leading to re-
duced healthcare costs and improved diagnosis and treatment. For example, early
detection of cancer and Covid-19 can significantly decrease treatment expenses. While
diagnosis tools such as X-rays, MRIs, and CT scans are expensive computer-aided de-
vices that are evolving rapidly [77], and still facing challenges related to noise, quality,
replicability, and safety. In this regard, QC aids diagnosis by examining medical im-
ages through edge detection and enhancing the diagnosis more quickly. Moreover, cat-
egorizing cells based on biochemical and physical characteristics requires ample space
due to the abundance of predictor variables [78]. These challenges can be addressed by
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Figure 2.22: QML applications in the healthcare industry.

leveraging quantum-enhanced ML techniques such as quantum vector space, which in
turn enhances single-cell diagnosis. The integration of QC enables repetitive diagnosis
and treatment to be avoid and allows for regular monitoring of individual health.

2.6.2 Molecular Simulations

Quantum computers offer a fundamentally different approach to data processing com-
pared to classical computing, which relies integrated circuits for speed. Quantum com-
puters utilize qubits and leverage quantum entanglement, allowing for the develop-
ment of quantum algorithms that exploit quantum phenomena. In the healthcare in-
dustry, quantum computers can be utilized to enhance ML techniques, optimization, AI
techniques for complex simulations. This is particularly valuable in modeling complex
correlations and dependencies among highly interconnected elements, such as molecu-
lar structures where multiple electrons may interact. QML provides an efficient means
of analyzing healthcare processes. Additionally, QC enables complex simulations to be
undertaken that would otherwise be challenging for classical algorithms due to scal-
ing limitations. As the size of the problem increases, classical algorithms often face
exponential increases in resource requirement, while QC offers a potential solution to
managing these challenges effectively.
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2.6.3 Medical Precision

The aim of medical precision is to provide personalized treatment to individual patients
based on their specific diseases. Consequently, in the coming years, patient-focused
medical care will be crucial in dealing with the intricate biological systems of human
beings. However, medical expenses constitute only 10%–20% of healthcare costs, with
the remaining 80%–90% associated with various other factors such as socio-economic
conditions, environmental influences, and challenges related to health behavior. Addi-
tionally, conventional drug-based therapies may not yield effective results in the case
of certain individuals and could even lead to fatal drug reactions. Therefore, early
intervention and preventive measures can improve healthcare goals and reduce ex-
penses through QML and QC techniques. Traditional approaches are reasonably ef-
fective in predicting future risks of disease while rendering noise, low data quality,
small size, and high complexity. Therefore, quantum-based ML techniques enhance
the accuracy of early disease detection. Healthcare practitioners can leverage medical
devices to facilitate disease identification and manage risks through continuous mon-
itoring and providing appropriate treatment. As a result, QML can enhance patient-
centered treatment by continuously streaming data from medical devices, enabling
uninterrupted services to patients to be provided.

2.6.4 Radiotherapy

Radiotherapy is a cancer treatment method that utilities electromagnetic energy to de-
stroy cancer cells and prevent their growth. However, it is a delicate technique that
is essential for meticulous calculations in order to accurately target the disease with-
out causing harm to healthy organs. The administering of radiotherapy involves the
use of highly precise devices that require complex optimization problems to be solved
using a high level of precision. Thus, ensuring precise radiographic procedures en-
tails conducting multiple accurate and sophisticated simulations in order to find an
effective solution. The adoption of QC enables various simulation recommendations to
be implemented, allowing for the concurrent execution of numerous simulations and
facilitating enabling an effective solution to be determined faster.

2.6.5 Drug Development

Medical professionals can now model intricate chemical interactions at an atomic level
thanks to QC, which is essential for medical research, i.e, disease diagnosing, and
treatment. The ability to encode proteins in the human genome and simulate their
interactions with current medication has been made possible by developments in QC,
and applying AI methods to assist in patient diagnosis is becoming more and more
popular. The vast majority of ML techniques currently in use are pattern recognition
techniques, where various ML models are trained utilizing a large amount of patient
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data to create computer-assisted diagnosis systems. QC significantly enhances the
processing of information far more efficiently than conventional computing methods. In
such a scenario, the objective may involve leveraging the aforementioned comparisons
in order to facilitate accurate diagnosis.

2.6.6 Clinical Trials

QC and QML can be used to revolutionize clinical trials in several ways, i.e, quantum
computers can process vast amounts of clinical data much faster, which allows more
complex and comprehensive data analysis, identifying patterns and correlations. Fur-
thermore, QML can optimize clinical trial designs by accurately predicting patient out-
comes and treatment efficacy. This leads to more efficient trials with a higher chance of
success. QC can enhance medical imaging techniques, providing clearer and more de-
tailed images, which are crucial for accurate diagnosis and treatment planning. QML
can process real-time data from clinical trials, allowing for immediate adjustments and
interventions, thereby increasing the safety and effectiveness of trials. QC facilitates
the sharing and analysis of clinical data across different geographical locations, pro-
moting global collaboration in medical research and trials.

2.6.7 Drug Discovery

Novel opportunities for medication discovery are presented by QML and QC. They facil-
itate accurate drug-biotarget interaction modeling by emulating molecular interactions
at the quantum level. Compared to conventional approaches, this sophisticated mod-
eling aids in the more precise prediction of pharmacological features including toxicity
and efficacy. The identification of interesting chemicals, the optimization of medica-
tion formulations, and the customization of treatments to individual genetic profiles
can all be greatly accelerated by quantum algorithms. The pharmaceutical business
could undergo a transformation thanks to this technology, which offers the promise of
personalized therapy quicker, and more affordable in medical development.

2.7 The Emergence of QML in Healthcare

The promise of QML in healthcare is becoming more and more apparent. As health-
care organizations work to enhance patient outcomes and reduce expenses, QML offers
great potential. QC is used by QML, a type of artificial intelligence (AI), to analyse and
predict enormous amounts of data. It relies on the concepts of quantum mechanics,
which perform considerably faster data manipulation than is possible with conven-
tional computing. Considering the complexity and size of the data in healthcare appli-
cations, QML is especially well suited to such applications. Identifying patterns in data
that might normally be too challenging can be found easily using QML - for instance, it
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can be used to identify possible drug targets, find early disease symptoms, and predict
how well treatments would work. Additionally, it can be utilized to examine patient
records and provide individualized therapies.

2.7.1 Medical Healthcare Record (MHR)

Medical Healthcare Records (MHRs) play a vital role in the field of healthcare, provid-
ing a comprehensive and digitized collection of patients’ medical information. With the
advent of cutting-edge technologies like QML models, the importance of MHRs has be-
come even more pronounced in predicting and improving patient outcomes. QML mod-
els have the potential to revolutionize healthcare by offering enhanced predictive ca-
pabilities and personalized treatment strategies. MHRs act as a repository for patient
data, containing a variety of data including medical history, diagnosis, medication, lab
results, imaging studies, and other disease-related parameters. Obtaining longitudi-
nal patient data is one of the main benefits of using MHRs for QML model predictions,
and MHRs offer a comprehensive overview of a patient’s medical history throughout
time, allowing physicians to track the occurrence of diseases and spot patterns that
might otherwise be difficult to pinpoint. Furthermore, MHRs also include a significant
amount of both structured and unstructured data. Unstructured data consists of clin-
ical notes, medical imaging reports, and pathology reports, whereas structured data
consists of information such as demographics, vital signs, and lab values.

Recently, there has been growing interest in utilizing QML models for various
healthcare tasks. These models, such as QSVM, QRF, QNN, QCNN, VQC, QKNN,
and Quantum Decision Trees (QDT), have the potential to reform the healthcare sec-
tor by offering enhanced predictive capabilities and personalized treatment strategies.
In [79], the authors the two QML model,i.e, QSVC and VQC for chronic disease pre-
diction. The models are compared with the previous published studies and claim the
accuracy of 82%. For classifying heart disease, an ensemble learning techniques by
using QNN and QSVM model has been presented in [80]. The cleveland heart disease
dataset has used and obtained a good results for bothe models. Moreover, to classify
cardio disease [81] an optimized QSVM and Hybrid Quantum Multi Layer Perception
(HQMLP) models were combined using a privet MHR cardio dataset, while feature
dimensions were reduced using the wrapper and filter method. The proposed models
are compared to their classical version and their competency ensured, and the distinc-
tion between classical and quantum ML shown in [82]. To classify mellitus diabetes,
the classical SVM and DT models are compared to the Qboost classifier by taking the
kernel PCA method into consideration. The quantum model improves accuracy by
10%-15% by correctly observing the pattern for the desired dataset. In QML, ensemble
learning is a popular ML approach that combines several QML models in order to make
more precise predictions, while in [83], three QML models - QSVC, QNN and VQC -
are combined to undertake ensemble learning in order to classify heart disease. The
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UCI Cleveland dataset is used and the results are compared to the classical ensemble
model, with results demonstrating that the bagging ensemble model is effective in im-
proving quantum classifiers with a view to ensuring accurate prediction. Breast cancer,
which is discussed in [84], is one of the leading causes of death in women worldwide. A
VQC model with amplitude encoding along with an EfficientSU2 circuit made up of a
single qubit layer using CX entanglements was considered for such purpose. The pub-
licly available breast cancer dataset with 2 feature and 4 feature datasets obtains the
greatest accuracy - 95% and 94% - in the case of the quantum VQC model. Moreover,
T. Shahwar et.al [85] Present a hybrid classical–quantum machine learning by consid-
ering a hybrid transfer learning and VQC model for Alzheimer detection. The hybrid
technique proves fruitful in QML for tackling some classification problems, while the
QML framework with classical DL was described in [86], where a PIMA Indian di-
abetes dataset was used for the VQC model, and pre-processing and exploratory-data
analysis was explored and found essential for the purpose of robust prediction. Another
hybrid QNN and hybrid QRF for early heart disease detection using the Cleveland and
Statlog heart disease dataset was also described in [87], with the models having been
evaluated by adopting 10-fold cross validation with different qubits and different lay-
ers, and where the results show the robustness of the models. A systematic investiga-
tion of empirical quantum advantage has been introduced in [88], where the biological
therapies dataset has been used for classification.

Moreover, a quantum-inspired approach with ensemble learning was modeled in
[89], where the Pima Indian dataset was considered for decision-making purposes.
The quantum encoding contains object encoding and an RF classifier is used for en-
semble learning, which results in accurate prediction. A VQC model for heart disease
and breast cancer prediction which takes different encoding techniques into consid-
eration is also described in [238]. During pre-processing a quantum random access
coding (QRAC) was used to map the discrete future, which outperforms in terms of
accuracy compared to the ZZ-FeatureMaping technique. Another contribution using
amplitude encoded VQC and QSVM models for diabetes classification was modeled
in [290], whereby the feature dimension was reduced in pre-processing by taking the
intersection of RF, LR and SVM outputs. [90] demonstrated the importance of the pre-
processing technique for the quantum model and claimed that it reduces model com-
plexity. The quantum version of SVM was used after reducing the dimension of the
breast cancer dataset, which improves prediction accuracy. For its part, the practi-
cal implementation of a kernel based QSVM algorithm to tackle a classification prob-
lem using breast cancer Wisconsin datasets is shown in [91], which demonstrates that
quantum-driven ML could deliver a quantum speedup in solving many challenging
tasks. The results claimed that the quantum computer is much faster than the classi-
cal computer. The hybrid feature selection approach was used in [92], taking quantum
Oracle operation, amplitude estimation and amplitude amplification into considera-
tion for the breast cancer dataset, with results indicating the strong performance and
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major searchability, with a high level of efficiency and less complexity than the clas-
sical method. Most QML models are based on use of the classical model, as discussed
in [93], where various models are used to create a new voting model results in ensem-
ble learning. Furthermore, the diabetes dataset contains the MHR records of various
patients used to evaluate the model; in comparison to classical models, the new quan-
tum model is 55 times computationally faster. The importance of state preparation
for the VQC model is also researched by the authors [94], and the diabetes dataset
was mapped using stock parameters to solve the Noisy Intermediate Scale Quantum
device (NISQ) classification problem. The Poincaré sphere representation is used with
two experiments for 2 qubit and 3 qubit, obtaining the greatest accuracy of 70% and
72% respectively, while the classical quantum hybrid algorithm for supervised binary
classification task was modeled in [95], where a VQC model was used to classify the
UCI ML breast cancer dataset. The highest testing accuracy of 2 and 3 qubits with
2000 shots was recorded as 91% and 73% respectively. The VQC is now garnering a lot
of interest, since it can be used with upcoming quantum computers - the framework,
whereby the classical ML is merged with the VQC model for classification of MNIST
breast cancer dataset, is described in [96], and in the case of back propagation, various
optimizers were used to reduce the loss. The healthcare sector has been further revolu-
tionized using unsupervised models for disease classification. Additionally, three quan-
tum distances prototypes-based clustering models are analyses and compared in [97],
where K-means outperform other clustering approaches. The work concluded that the
quantum version K-means models take logarithmic time while the classical one takes
polynomial time complexity. A quantum-inspired neural network based on fuzzy logic
was also published in [98]; Fuzzy C-Means (FCM) clustering is used in learning, and
neurons are added to the hidden layer in order to constructively develop NN architec-
ture. Lastly, various healthcare datasets - i.e, breast cancer, diabetes, liver disorder,
and heart disease - are taken into consideration, and an overview of medical healthcare
records is shown in table 2.3

2.7.2 Medical Imaging Data

QC provides exponentially higher computational power, which enables large-scale med-
ical imaging datasets to be processed and analyses with increased speed and efficiency.
Complex algorithms for tasks such as image reconstruction, feature extraction, and
classification can be executed more quickly, allowing for faster and more accurate di-
agnoses. For effective processing and analyzing of imaging data, quantum algorithms
can enhance the accuracy of disease detection, image segmentation, and classification,
which can lead to more precise diagnoses and personalized treatment plans. Further-
more, feature selection is a critical step in medical image analysis. Quantum machine
learning algorithms can efficiently explore vast feature spaces and identify the most
relevant and informative features for the purposes of diagnosis, which leads to im-
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Table 2.3: Overview of medical history record articles.

Year
Pub-
lished

Author
Citation

Methodology Used Dataset Used Task Targeted Result Country

2024
M. Munshi
et al. [79]

Consider the two QML models, QSVC and VQC,
use a data pre-processing and dimensionality
reduction techniques.

Health Failure dataset Classification
Obtained 83% accuracy for QSCV and 79%
for VQC model.

India

2024
H. Ghazi Enad
et al. [80]

Consider the two QML models, QNN and QSVM,
use a data cleaning, transformation and
normalization for the input data.

Cleveland HD dataset Classification
Obtained 77% accuracy for QNN and 85%
for QSVM model.

Iraq

2023
D.Maheshwari
et al. [81]

Wrapper and filter technique used for
pre-processing. The wrapper technique consists
of RFE and logistic regression, while mRMR, an
optimized QSVM and a hybrid QML are taken
into consideration in the case of the filter
technique.

Ischemic health disease
dataset

Classification
Obtained 94% accuracy in the case of the
IHD dataset with OQSVM and 93% in that
of the HQMLP model.

Spain

2023
B.Prakash
et al. [82]

Ensemble method used, Qboost classifier,
XGboost, quantum model compared to classical
Kernel PCA, DT, SVM and Bayesian network.

Diabetic mellitus dataset
Classification and
regression

Obtained 73.35% accuracy for Qboost,
68.34% for Kernel PCA-SVM, 69.9% for
Bayesian network and 57.27% for DT
model.

India

2023
G.Abdulsalam
et al. [83]

Three QML models, QSVC, QNN and VQC
combined to undertake ensemble learning to
classify heart disease; an ensemble model is
formed

UCI heart disease
dataset

Binary Classification
Obtained maximum accuracy of 88.52% for
QSVC, 86.84% for QNN, and 86.89% for
VQC respectively.

Saudi
Arabia

2023
S.Diaz-Santos
et al. [84]

A VQC model with amplitude encoding is used;
an EfficientSU2 circuit made up of a single qubit
layer and CX entanglements used

Breast cancer dataset Classification
Obtained 95% accuracy for 2 VQC features
and 94% for 4 features respectively.

Spain

2022
T.Shahwar
et al. [85]

Present a hybrid classical–quantum machine
learning model, Hybrid classical–quantum
transfer learning, used a VQC model

Alzheimer dataset Binary Detection
Obtained training accuracy 99.1% and
classification accuracy 97.2% .

Pakistan

2022
H.Gupta
et al. [86]

A hybrid quantum classical technique with VQC
model is taken into consideration; xploratory
data analysis explored

PIMA Indian diabetes
dataset

Binary classification
Obtained 95% and 74% accuracy for the
proposed model.

India

2022
H.Heidar
et al. [87]

Hybrid quantum NN (HQNN) and hybrid
quantum RF (HQRF) models used.

Cleveland and Statlog
HD dataset

Detection

For Cleveland dataset AUC 96.6% accuracy
obtained, for HQNN model 94.3%, and for
HQRF and statlog model 97.7% and 90.5
respectively%.

Iran

2022
K. Zoran
et al. [88]

Used an empirical quantum advantages, used
classical SVM with function kernel and quantum
models with custom kernels using an IBM,
QSVM model

biological therapies
dataset

Classification
Clained framework represents progress
toward a prior identification of data sets.

Switzerland

2021
MS.Ishwarya
et al. [89]

Quantum inspired approach with ensemble
learning used.and also object encoding with RF.

PIMA Indian diabetes
dataset

Classification
Obtained testing accuracy of 90.5% for
proposed model.

India

2021
H.Yano
et al. [238]

QRAC is used to reduce the number of qubits for
pre-processing; k-fold cross validation with VQC
model and ZZ-featureMaping is taken into
consideration.

Heart disease dataset Classification
Obtained testing accuracy of 85.1%, 83.3%
and 84.2% respectively in the case of
various pre-processing techniques.

Japan

2021
D.Maheshwari
et al. [290]

Important features selected using the
intersection of RF, LR and SVM; a VQC model
with amplitude encoding and QSVM Model used.

Diabetes dataset Classification
Obtained maximum accuracy of 68.7% for
VQC and 74.1% for QSVM model.

Spain

2021
D.Pomarico
et al. [90]

10-fold cross validation used for pre-processing; a
QSVM model used to reduce complexity

Breast cancer dataset
Classification and
detection

Obtained maximum accuracy 69.5% for
VQC and 69.2% for QSVM model.

Italy

2020
S.Saini
et al. [91]

A QSVM and a kernel-based QSVM algorithm
used; a quantum simulator and realtime
quantum process used.

Breast cancer Wisconsin
dataset

Classification
Obtained maximum accuracy of 85% for
KQSVM and 80% for QSVM model.

India

2020
S.Chakraborty
et al. [92]

Hybrid feature selection technique used for
quantum oracle operation, amplitude
amplification, and amplitude estimation.

Breast cancer dataset Classification
Obtained maximum accuracy and F1-score
of 95%, Recall 94% and precision score
95.3% for HQFSA model.

India

2020
D.Maheshwari
et al. [93]

Ensemble learning using various models DT, RF,
Adaboost, Qboost voting model 1 and voting
model 2.

Type 2 diabetes mellitus
dataset

Classification
Obtained maximum accuracy. Recall and
specificity 69% .

Spain

2020
D.Sierra-Sosa
et al. [94]

The importance of state preparation for VQC
model researched; stock parameters used to solve
the NISQ device problem

Diabetes dataset Classification
Obtained maximum accuracy of 70% and
72% for 2 qubit and 3 qubit respectively.

USA

2019
S.Mardirosian
et al. [95]

Classical quantum hybrid algorithm used; VQC
model with 2 qubit and 3 qubit is taken into
consideration.

UCI breast cancer
dataset

Classification
Obtained maximum accuracy of 91% and
73% for 2 qubit and 3 qubit respectively.

Netherlands

2019
ZY.Chen
et al. [96]

VQC model used; various optimisers used to
reduce loss for back propagation.

MNIST breast cancer
dataset

Classification
Obtained maximum accuracy 87% with -1
loss.

China

2019
K.Benlamine
et al. [97]

Three quantum distance prototype-based
clustering models analysed, where K-means
outperforms than other clustering approaches.

UCI breast cancer
dataset

Classification France

2019
OM.Parkash-Patel
et al. [98]

A quantum inspired neural network based on
fuzzy logic is taken into consideration; Fuzzy
C-Means (FCM) clustering also used for learning.

UCI breast cancer,
diabetes, heart dataset

Classification
Obtained maximum accuracy of 99.85%,
98.1% and 94.44%.

France
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proved accuracy by reducing noise, irrelevant data, and the risk of overfitting. Image
reconstruction techniques, such as CT scan or MRI, can benefit from quantum ma-
chine learning algorithms, while quantum-enhanced optimization algorithms can im-
prove the quality of reconstructed images by solving complex inverse problems more
effectively. It can also enhance image segmentation - the process involving delineating
different regions or structures within medical images as discuss in [99].The study fo-
cus on the use of quantum kernel and the implementation of hybrid quantum-classical
neural network. Th covid-19 lungs image data has been considered and compared the
results with classical SVM. Quantum algorithms can optimize the segmentation al-
gorithms, leading to more accurate and efficient delineation of organs, tumors, and
other pathological regions. A Hybrid Quantum-Classical Convolutional Neural Net-
work (HQC-CNN) has been used in [100] for brain MRI images segmentation and clas-
sification. For image segmentation it consider bath wise Q-Means clustring and sued
Max-cut approach with adiabatic quantum computation for tumor region extraction.
In such a scenario, neuro-degenerative disease may be diagnosed as in [101], where
the classical AlexNet is used with a VQC model to form a hybrid by taking two MRI
datasets from PPMI and ADNI into consideration. The results indicate that the classi-
cal model helps the quantum model by securing the greatest accuracy of 97% and 96%
respectively. Another improved hybrid model including additional explainable strategy
is described in [102]. To diagnose abnormal activities in breast cancer and knees, a lo-
cal interpretable model explanation is merged with quantum K-means algorithm using
MRI images, and this improved model performed well in terms of accuracy with 92.6%
and 93.7% in the case of breast cancer and knee MRI datasets. A 3D self supervised
quantum inspired NN for diagnosing medical data is introduced in [103], whereby MR
brain images and liver tumor data is used, and a quantum fuzzy logic processes the
information of low level and high level features of the local image in order to form ac-
curate segmentation of the 3D medical data and obtain the greatest accuracy of 99%
and 98.9% respectively. For cervical cancer classification, further quantum inspired
weed optimization with DL is described in [104]. A Gabor filtering is used during pre-
processing, whereby features are extracted using a DCNN based on the SqueezeNet
approach, and a deep variational autoencoder is used and maximum accuracy of 99.07
obtained%. Furthermore, research into feasibility utilizing QML on a real healthcare
dataset is described by S.Moradi et al. [105]. Using IBM hardware the two QML al-
gorithms - i.e, quantum distance classifier (qDS) and simplified quantum kernel SVM
(sqkSVM) - were proposed, and the models were tested using the breast cancer dataset,
bone narrow transplant dataset and heart failure dataset with maximum accuracy of
91% and 87%. For the classification and prediction of COVID-19, [106] provides the hy-
brid quantum-classical convolutional neural network (HQ-CNN) model, whereby the
main model was divided into two categories: quantum and classical. The quantum sec-
tion used a quantum convolutional layer, whereas the traditional network included two
convolutional layers, three maximum pooling layers, and two fully connected layers.
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In the case of the Covid-19 X-ray image dataset, extensive trials showed that current
CNNs perform better. Another 2-qubit quantum CNN model referred to as Javeria
was described in [107], where the encrypted brain tumor data was obtained using the
SHA-256 algorithm. The model consists of two dense layers and a Keras layer with
Softmax activation function. Four brain image datasets - BraTS2018 with 191 sam-
ples, BraTS2019 with 335 samples, BraTS2020 with 335 samples and BraTS2021 with
1251 samples were taken into consideration and maximum accuracy obtained of 98%,
recall 99%, F1-score 98%, and precision 99%. The article [108] describes a quantum-
inspired deep probabilistic learning ordinal regression model for diagnosing medical
images that makes use of the representational strength of deep learning and the in-
herent ordinal information of disease. Two distinct medical image analysis tasks are
used to gauge the model’s performance. Using eye fundus images, prostate cancer is
diagnosed and the degree of diabetic retinopathy estimated, with the model rendering
promising results. A quantum clustering technique is described in [109] to identify
prostate cancer using an MR image brain tumor dataset. For classification purposes,
a prostate radiation protocol with 100 to 170 slice images per patient, minimum pixel
sizes between 256× 256, a resolution plane of less than 1 mm, and slice thickness
ranging from 1 mm to 2 mm were taken into consideration. [110] used conventional
methods to undertake image processing and feature extraction operations on the data,
and then train a VQC model with a 4-qubit quantum processor in order to recognize
CT images of COVID-19-healthy and infected patients. The results demonstrated that
the quantum computer provided a competitive edge in COVID-19 images with clas-
sification accuracy of 90.9% - 97.7%. In order to expand the size of the dataset and
improve accuracy, J.Amin et al. [210] first used a Conditional-GAN (CGAN) to create
CT images, whereby two models - CML and QNN were described for classification of
Covid-19, with different layers, sets of parameters and activation functions. Both the
models performed well and obtained maximum accuracy of 93% and 80% in the case
of the UCSD-AI4H and POF hospital dataset. [111] used quantum circuits to train a
classical neural network termed quantum-assisted NN (qNN), where QNN was exe-
cuted in parallel by a quantum circuit and was discovered to be significantly faster.
Furthermore, orthogonal weight matrices were developed to train quantum orthogo-
nal networks (qOrthNN) in order to avoid gradient explosion and improve accuracy.
Chest X-ray images were also used from PneumoniaMNIST and RetinaMNIST and
maximum accuracy of 86% and 78% obtained respectively. For its part, a locally order-
less tensor network model (LoTeNet) with fewer computational resources using few
model hyper parameters and GPU memory is described by R. Selven in [112], with ac-
curacy of the experimental results for binary classification experiments on the PCam
and LIDC datasets of 94.3% and 87.4% being obtained, respectively. [113] developed
a quantum based on variational algorithms in order to categorise data by employing
quantum feature mapping with a significantly smaller number of training parameters.
The breast cancer datasets were used to train the classifier, and the results (93.7%)
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showed that it performed better in binary and multi classification than the conven-
tional neural network model, whether using linear or non-linear separable data. QNN
implementation is the best solution for the purpose of identifying some specific dis-
eases. [114] demonstrated that there are two distinct components of QML: 1) adding
quantum data to neural networks; and 2) utilising hybrid MIA technology to complete
information about disease identification. For classification and detection of medical
CT Scan images maximum accuracy of 94.3% and 87% was obtained, respectively. In
order to conduct quantum feature selection, [115] suggested a hybrid quantum fea-
ture selection algorithm (HQFSA) that made use of graph theory. The suitability for
dimensionality reduction was ascertained, and then an important set of features ex-
tracted using the Grover algorithm and amplitude amplification method, using the
UCI breast cancer dataset and with the greatest accuracy of 96% being obtained. [116]
used BQ-CNN, a quantum particle swarm optimisation technique that evolves CNN
structure based on binary coding for image classification tasks. On the MNIST im-
ages dataset, experiments showed that the technique improved performance with an
accuracy of 96% and 85% in the case of the CS and MDRBI dataset. The quantum
SVM algorithm, which is claimed to offer exponential speedup for least squares SVM
(LS-SVM), was described with a view to addressing the big-data challenge [117], and
the classification task was accelerated exponentially, demonstrating the algorithm’s
feasibility. The proposed model was evaluated by taking two privet datasets into con-
sideration with an accuracy of 84.9% and 91.4% respectively. Practical applications
for NISQ computers are also possible thanks to hybrid quantum-classical algorithms.
Additionally, the data drive quantum circuit learning (DDQCL) approach is provided
in [118] and can be used to train shallow circuits for generative applications as well as
help characterize the quantum devices. The three Synthetic datasets with 1000 data
points sample has been taken into consideration and get good results other than archi-
tectural circuit design obtained, while a new quantum-based autonomous perception
model (APM) was developed by A. Sagheer et al. [119] to address categorization issues
and boost learning effectiveness. Furthermore, for pattern classification purposes, re-
search was conducted into synthetic and breast cancer datasets, which demonstrated
benefits in terms of computing speed and maximum accuracy of 99% and 98% respec-
tively, and described in 2.4.

2.7.3 Biomedical Signal Datasets

In the healthcare industry, biosignals play an important role in diagnosing some dis-
orders. The term "biosignal" refers to electrical impulses generated by brain neurons,
tissues and muscles, and monitored by biomedical sensors [121]. The brain’s activity
can be monitored by a computer with the use of a BioSignal interface, which comprises
hardware and software [122]. The four main components of the BioSignal system are
filter, control devices, amplifiers and sensors. These signals come from the body and are
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Table 2.4: Overview of imaging articles in healthcare.

Year
Pub-
lished

Author
Citation

Methodology Used Used Dataset Task Targeted Result Country

2024
S. Naguleswaran
et al.. [99]

Quantum kernal method, hybrid quantum classical neural
network, SVM.

Covid-19 lungs
dataset

Classification
Obtained 85% accuracy in the case of
HQCNN, and 80% for SVM.

Australia

2024
S. Kumar Roy
et al.. [100]

Hybrid Quantum Classical Convolutional Neural Network
(HQCCNN), Q-Means clustering and Max-cut approach with
adiabatic quantum computation.

Brain tumor MRI
dataset

Classification,
Segmentation

Obtained 98.3% accuracy with precision
99%, recall 97.7% and F1-score 98.3.

India

2023
N.Alsharabi
et al.. [101]

Classical AlexNet used with quantum VQC model to form a
hybrid model in order to diagnose neuro-degenerative disease.

PPMI MRI, ADNI
MRI dataset

Classification
Obtained 97% accuracy in the case of
Parkinson’s disease, and 96% in that of
Alzheimer’s disease.

Yemen

2023
S.Deshmukh
et al. [102]

Improved hybrid model used including additional explainable
strategy; a local interpretable model explanation is merged
with quantum K-means algorithm.

Breast cancer MRI,
Knee MRI dataset

Quantum
clustering

Obtained 92.6% accuracy in the case of
breast cancer, and 93.7% in that of Knee
disease.

India

2023
D.Konar
et al. [103]

3D self supervised quantum inspired NN is taken into
consideration; a quantum Fuzzy logic technique used

Brain MR and liver
tumor dataset

Segmentation
Maximum accuracy of 99% and 98.9%
obtained for both datasets respectively.

India

2023
AK.Mishra
et al. [104]

Gabor filtering is taken into consideration for pre-processing
while feature extraction using DCNN is based on the
SqueezeNet approach, with a deep variational autoencoder
being used

Cervical cancer image
dataset

Classification Obtained 99.07% accuracy. India

2022
S.Moradi
et al. [105]

Two QML models used: a quantum distance classifier (qDS)
and simplified quantum kernel SVM (sqkSVM),

Breast cancer and
Heart failure dataset

Binary
classification

Obtained maximum accuracy of 91% and
87% for both datasets.

Austria

2022
EH.Houssein
et al. [106]

A hybrid quantum-classical convolutional neural network
(HQ-CNN) model, quantum layer, two convolutional layers,
three maximum pooling layers, and two fully connected layers
used

Covid-19 X-ray
dataset

Classification
Obtainedmaximum 98.6% accuracy, 99%
and recall respectively in the case of the
proposed model.

Egypt

2022
J.Amin
et al. [107]

Proposed 2 qubit QCNN model, data encrypted and decrypted
is held using the SHA-256 algorithm, with two dense layers, a
Keras layer and Softmax activation function

BraTS2019,
BraTS2020,
BraTS2021 brain
MRI

Semantic
segmentation

Obtained greatest accuracy of 98%, recall
99%, F1-score 98%, and precision 99%.

Pakistan

2022
S.Toledo-Cortes
et al. [108]

Quantum-inspired deep probabilistic learning ordinal
regression model, using Deep Quantum Ordinal Regressor
(DQOR)

Eye fundus, Prostate
cancer images

Diagnosis
Obtained testing accuracy of 58.7%, MAE
69.5%

Colombia

2021
J.Reyes Bruno
et al. [109]

Quantum clustering technique used, with prostate radiation
protocol with 100 to 170 slice images per patient being taken
into consideration.

Brain tumor MRI Diagnosis
Obtained good results in terms of
diagnosing brain tumor.

Colombia

2021
E.ACAR
et al. [110]

Conventional method used for feature extraction, then a VQC
model trained with a 4-qubit quantum processor, and quantum
transfer learning used.

COVID-19 image
dataset

Classification
Obtained testing accuracy of 90.9% and
97.7% respectively.

Turkey

2021
J.Amin
et al. [210]

Conditional-GAN (CGAN) used to create CT images, then two
models, CML and QNN, were described using different sets of
parameters and activation functions.

Covid-19 CT Scan
Images

Classification
Maximum accuracy of 93% and 80%
obtained for two Covid-19 datasets.

Pakistan

2021
N.Mathur
et al. [111]

Quantum circuits used to train a classical neural network
termed quantum-assisted NN (qNN); orthogonal weight
matrices were developed for training of quantum orthogonal
networks (qOrthNN).

PneumoniaMNIST,
RetinaMNIST Chest
X-ray

Classification
Obtained maximum accuracy of 86% and
78% for both datasets respectively.

France

2020
R.Selven
et al. [112]

Locally order-less tensor network model used (LoTeNet) to
reduce computational resources with GPU memory

PCam and LIDC
thoracic CT, MRI

Classification
Obtained maximum accuracy of 94.3% and
87.4% for both datasets.

Denmark

2020
S.Adhiksry
et al. [113]

Quantum based on variational algorithm developed for data
categorisation, using quantum FeatureMapping to reduce
training parameters.

Breast cancer dataset
Binary and
Multi
Classification

Obtained maximum accuracy of 93.7%. India

2020
V.Dutt
et al. [114]

QNN model implemented, using hybrid MIA technology to
complete information about disease identification.

Medical CT Scan
Images

Classification
and Detection

Obtained maximum accuracy of 94.3% and
87% respectively .

Spain

2020
S.Chakraborty
et al. [115]

Hybird quantum feature selection algorihm (HQFSA) and
quantum graph theory used; features extracted using the
Grover algorithm and amplitude amplification method

UCI Breast cancer Classification Obtained maximum accuracy of 96%. India

2019
LI.Yangyang
et al. [116]

CNN and binary encoding strategy used; a quantum particle
swarm optimisation technique is also taken into consideration.

CS and MDRBI
Images

Classification
Performed well with 96% and 85%
accuracy for CS and MDRBI datasets.

China

2019
C.Ding
et al. [117]

Quantum SVM taken into consideration for big-data
challenges using least squares SVM (LS-SVM) with matrix
sampling.

Two privet medical
image datasets

Classification
Obtained maximum accuracy of 84.9% and
91.4% respectively.

China

2019
M.Benedetti
et al. [118]

Data drive quantum circuit learning (DDQCL) approach
implemented; shallow quantum circuit used to reduce the
number of training parameters.

Synthetic dataset Classification Model confidence of 95% obtained. UK

2019
A.Sagheer
et al. [119]

Quantum-based autonomous perceptron model (APM)
developed; non-linear classification model.

Synthetic and UCI
Breast cancer

Pattern
recognition and
Classification

Obtained maximum accuracy of 99% and
98% respectively.

Saudi
Arabia
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Table 2.5: Overview of biosignal articles in healthcare.

Year Pub-
lished

Author
Citation

Methodology Used Dataset Used Task Targeted Result Country

2024
M.Kaur Saggi
et al. [130]

Develop a pipeline for data processing, important fetaures
are selected by using RF, used QNN model.

GDC TCGA Dataset Classification
Obtained accuracy of 96% with loss of
o.13.

USA

2024
S. M Tripathi
et al. [131]

Quantum AI-driven Heart Health Framework (QAIHHF),
used QLSTM model, used classical SVM, DT,T=RF and
XGBoost models.

MIT ECG Dataset Classification
Obtained the highest accuracy of 81.5%
for batch size 512

USA

2023
N.Baygin
et al. [132]

LOSCO CV and K-fold CV are taken into consideration for
pre-processing, using feature selection techniques based on
quantum computing.

Mental Arithmetic
EEG Dataset

Classification
Obtained accuracy of 93.40% and 97.88%,
with geometric means of 88.44% and
96.42% respectively.

Turkey

2022
M.Sameer
et al. [133]

Feature extraction using quantum algorithm; hybrid
classical-quantum layers with 1D CNN model; model
training hyper parameters reduced.

Bonn EEG Dataset
Binary
Classification

Maximum accuracy and specificity
obtained of 100%.

India

2022
T.Koike-Akino
et al. [134]

Hybrid quantum classical QNN model implemented, using a
VQC model with classical DNN model,

Stress, RSVP, MI,
EEG, EMG, ECOG
Dataset

Signal
Processing

Obtained maximum accuracy of 87.23%,
95.12%, and 60.22%, respectively.

USA

2022
A.Padha
et al. [135]

Hybrid quantum model used, with learning capacity
increased using a parameterised quantum circuit and a
classical LSTM Model taken into consideration.

SWELL-KW Stress
EEG Dataset

Classification Obtained maximum accuracy of 87.67%. India

2022
S.Sridevi
et al. [136]

Hybrid quantum classical model taken into consideration,
using a quanvolutional neural network and 2D scalogram
technique, with desecrate wavelet transformation

MIT-BIH arrhythmia
ECG Dataset

Classification

Accuracy and operating curve score of a
publicly accessible physio net MITBIH
arrhythmia database recorded as 98%
and 100% respectively.

India

2021
R.Kumar Nath
et al. [137]

Quantum annealing is taken into consideration for
important four feature selection; a Pearson correlation
coefficient among the attribute variable and target variable
used

Respiration, ECG,
foot EDA, hand EDA
Dataset

Classification
Quantum annealing obtained more
promising results than with the classical
technique in optimising training phase.

USA

2020
S.Aishwarya
et al. [138]

Various QML models taken into consideration, using the
VQC model, quantum annealing, hybird quantum classical
NN model

Cognitive stae of
mind EEG Dataset

State mind
Prediction

Obtained greatest validation accuracy of
61.53%.

India

2020
Li.YaoChong
et al. [139]

A hierarchic quantum mechanics-based architecture taken
into consideration for feature selection, using a random
nonlinear kernel from the modified QSVM model.

EEG signal Dataset Classification Obtained maximum accuracy of 95.14% China

2019
S.MR Taha
et al. [140]

Hybrid method and auto regressive model used; quantum
recurrent neural network (QRNN), with model proposed
compared to QNN and Quantum Wavelet NN.

Biomedical EEG
signal Dataset

Classification
Obtained maximum accuracy of 88.28%
with the fastest processing time of 6
seconds.

Iraq

enabled by the machine and encoded, decoded, and processed by body interfaces. Neu-
rons in the human brain produce signals as a result of both reflexive and voluntarily
performed actions [123]. Biosignal accretion methods are further classified as inva-
sive and non-invasive. Invasive procedures such as electrocorticography (ECOG) [124]
involve the insertion of sensors into the human body, while non-invasive data which
does not involve the skin breaking involves an electrocardiogram (ECG) [125], magne-
toencephalography (MEG) [126], electroencephalograms (EEG), and Functional Near-
Infrared Spectroscopy (fNIRS) [127]. ECG examines the electrical activity of the heart
and diagnoses cardiovascular disease, and EEG is used to identify disorders of the
brain, such as Alzheimer [128], while EOG is used to monitors the cornea-retinal of
the front and rear of the human eye and conducts ophthalmological and eye movement
diagnoses. Furthermore, electromyograms (EMG) [129] assess the electrical activity of
prosthetic function as well as the ability of skeletal muscles. For their part, quantum
sensors are devices that exploit quantum effects in order to achieve enhanced sensi-
tivity and precision in measuring physical quantities. Integrating quantum sensors
with ECG or EEG monitoring systems could enable more accurate and detailed data
to be gathered. The high sensitivity and noise reduction capabilities of quantum sen-
sors may contribute to improved biosignal analysis in QML models, mitigated through
the use of silico tests, where quantum computers simulate human beings. ECG and
EEG data include useful information that can be retrieved and used in ML models
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as features. One approach in the context of QML is to use quantum algorithms or
quantum-inspired techniques to extract features from biosignal data, which can then
be supplied to QML models to be analysed and classified. In contrast to MHR and Im-
age datasets, the majority of researchers working on QML also use biosignal data to
identify specific diseases. In [130], the authors proposed a study for classifying multi
omics lung cancer by using QNN model. The results shws that the quantum algorithm
perform well for smaller dataset. Another study propose a framework called the Quan-
tum AIdriven Heart Health Framework (QAIHHF) [131] and use s QLSTM model for
MIT ECG dataset. Furthermore, a paradigm for feature engineering based on QC was
proposed in [132], by employing LOSO and K-fold cross validation, whereby a publicly
available EEG dataset measuring the performance of a mental arithmetic activity in-
cluding 20-channel EEG signal segments is taken into consideration. The data was
collected from 36 healthy right-handed volunteers separated into two groups contain-
ing 10 bad counters and 26 good counters. Using LOSO and 10-fold CVs, the model
obtained accuracy of 93.40% and 97.88%, with geometric means of 88.44% and 96.42%
respectively. A new approach for feature extraction and classification that involves a
1D CNN model using the hybrid classical-quantum layers was proposed in [133]. In
the Bonn EEG dataset for the binary classification task, the proposed model obtained
maximum accuracy and specificity of 100% while reducing model complexity with the
least learning parameters. Additionally, by introducing Gaussian noise into the EEG
signal, the proposed technique’s robustness was also assessed. [134] offers a hybrid
quantum-classical NN model for EEG, EMG, and ECOG analysis that combines a VQC
model with a DNN model. Additionally, it also shows that the proposed QNN delivers
state-of-art performance while maintaining a small number of trainable parameters for
VQC. The model was evaluated using a variety of EEG data sets - stress, RSVP, and
MI - and obtained maximum accuracy of 87.23%, 95.12%, and 60.22%, respectively. A
parameterized quantum circuit is merged with a traditional LSTM model in [135] to
increase the learning capacity and accuracy of predictions, and on a variety of sensor
data from the SWELL-KW [136] dataset, the efficiency of the proposed method was
evaluated with 87.67% accuracy. The time series dataset includes data from worker
information interactions with computers, facial expressions, body postures, heart rates
(variability), and skin conductance, which were captured under various working en-
vironments. According to S. Sridevi et al. [137], discrete wavelet transform is sug-
gested for decomposing ECG signals, and this is followed by computing a 2D scalogram
in order to acquire time frequency features and by applying a convolutional neural
network to categories the scalogram images in order to detect arrhythmia. The accu-
racy and operating curve score of a publicly accessible physio net MITBIH arrhythmia
database were recorded as 98% and 100% respectively. Quantum annealing (QA) is an
innovative method that was introduced in [138] for important feature selection using
physiological signals, whereby four features are extracted from the signal source - res-
piration, ECG, hand and foot EDAs - for the purpose of stress detection. The Pearson
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correlation coefficient among the attribute variable and the target variable is used to
calculate the bias of feature variable, with results demonstrating the promise of quan-
tum annealing in optimising the training phase of a ML classifier, particularly under
situations involving data uncertainty. The cognitive processes of human behavioural
outcomes were taken into account by S. Aishwarya et al, [139], taking into consider-
ation different QML classifiers, i.e, VQC, QA classifier and hybrid quantum classical
NN. These models were compared, and predictions of upcoming cognitive responses
made using EEG data. The preliminary findings of these approaches are shown, and
they are quite positive, with up to 61.53% validation accuracy. [140] describes hierar-
chic quantum mechanics-based architecture for implementing feature extraction and
classification in EEG signals, whereby a quantum state was formed via the quantum
wavelet packet transformation (QWPT) after the classical EEG signal dataset was cre-
ated as a quantum state. The random non-linear kernel from the modified QSVM
model is used to predict the label of the EEG signal and obtained maximum accuracy
of 95.14%. Another novel hybrid method for classifying two types of EEG signals us-
ing an auto regressive model was also described in [141], whereby the key features
from EEG data were extracted using two distinct element extraction approaches. Back
propagation is utilized to train the proposed QRNN model, which is then compared
to QNN and Quantum Wavelet NN. As demonstrated in table 2.5, the experimental
results show that the proposed model obtained maximum accuracy of 88.28% with a
fastest processing time of 6 seconds.

2.8 Discussion

The aim of this section is to address the responses of all the potential research ques-
tions outlined in table 2.2. This involves summarising and evaluating the records
selected from the state of the art, which will serve as a guideline for future researchers
working on QML in the healthcare domain. The quality of each article was ensured
after analysing and evaluating each article based on the information provided in table
5.4. The study encompasses a comprehensive analysis of 49 recent articles published
between 2018 and 2023, and evaluation was conducted by constructing a set of quality
metrics as shown in table 2.6.

RQ1: How QML algorithms can be utilised to enhance medical data anal-
ysis, such as improving disease segmentation, classification, or anomaly de-
tection: As discussed briefly in the state of art, QML algorithms have the potential to
enhance medical data analysis in several ways, including improving disease segmen-
tation, classification, and anomaly detection. The quantum-enhanced feature selection
technique is an important step in medical data analysis, whereby relevant features
are selected with a view to building accurate models. Quantum machine learning al-
gorithms can assist in identifying the most informative features from complex medi-
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Table 2.6: Content of evaluated research articles taken into consideration based on
merit points.

Content of paper Additional Quality Measures
Sr No Reference 1 2 3 4 5 6 7 8 9 10 Merit points Paper quality

1 M. Munshi et al. [79] 9 10 18 8 10 9 0 4 15 4 87 Better paper
2 G. Ghazi Enad et al. [80] 8 8 17 9 10 8 0 4 15 4 75 Good paper
3 D. Maheswari et al. [81] 9 10 18 8 10 9 0 4 15 4 87 Better paper
4 B.Prakash et al. [82] 8 9 17 8 10 6 0 4 14 0 76 Average paper
5 G.Abdulsalam et al. [83] 9 9 16 9 8 9 0 4 14 5 83 Good paper
6 S.Diaz-Santos et al. [84] 8 8 16 9 8 9 0 0 14 5 77 Average paper
7 U.Ullah et al. [85] 10 10 16 9 9 9 0 5 13 3 84 Good paper
8 H.Gupta et al. [86] 10 10 18 9 10 10 0 5 14 5 91 Best paper
9 H.Heidar et al. [87] 9 9 15 8 9 10 0 5 14 2 81 Good paper
10 U.Ullah et al. [88] 10 9 19 8 9 10 0 5 14 3 87 Better paper
11 MS.Ishwarya et al. [89] 9 9 19 10 10 10 0 5 15 5 92 Best paper
12 H.Yano [238] 10 10 18 10 10 10 0 5 15 5 93 Best paper
13 D.Maheshwari et al. [290] 10 10 18 9 10 9 0 5 14 5 90 Best paper
14 D.Pomarico et al. [90] 8 9 16 9 8 9 0 5 13 5 82 Good paper
15 S.Saini et al. [91] 9 10 18 10 9 9 0 5 13 5 88 Better paper
16 S.Chakraborty et al. [92] 10 9 17 10 10 10 0 5 14 5 90 Best paper
17 D.Maheshwari et al. [93] 8 8 16 9 8 10 5 5 13 5 87 Better paper
18 D.Sierra-Sosa et al. [94] 9 8 17 8 8 9 0 5 13 4 81 Good paper
19 S.Mardirosian et al. [95] 8 8 16 8 8 9 0 5 13 1 76 Average paper
20 ZY.Chen et al. [96] 9 8 17 9 8 9 5 5 13 5 88 Better paper
21 K.Benlamine et al. [97] 7 8 17 9 8 9 5 5 13 5 85 Better paper
22 OM.Parkash-Patel et al. [98] 8 9 18 8 9 8 0 5 13 5 83 Good paper
23 S.Naguleswaran et al. [99] 8 8 17 9 8 9 5 5 13 5 86 Better paper
24 S. Kumar Roy et al. [100] 8 9 17 8 9 8 0 5 13 5 83 Good paper
25 N.Alsharabi et al. [101] 9 9 17 8 10 8 0 5 12 3 81 Good paper
26 S.Deshmukh et al. [102] 9 9 15 8 9 10 0 5 14 4 83 Good paper
27 D.Konar et al. [103] 10 10 18 9 10 9 0 5 14 5 90 Best paper
28 AK.Mishra et al. [104] 10 10 19 10 10 9 0 5 15 5 93 Best paper
29 S.Moradi et al. [105] 9 10 18 9 9 10 0 5 13 5 88 Better paper
30 EH.Houssein et al. [106] 10 10 20 10 10 10 0 5 15 5 95 Best paper
31 J.Amin et al. [107] 9 10 19 9 10 9 0 5 15 5 91 Best paper
32 S.Toledo-Cortes et al. [108] 10 9 19 9 9 10 5 14 5 90 Best paper
33 J.Reyas Bruno et al. [109] 8 8 16 9 8 10 0 5 13 1 78 Average paper
34 E.Acar et al. [110] 8 9 15 9 8 9 0 5 12 5 80 Average paper
35 J.Amin et al. [210] 10 10 19 10 10 9 0 5 15 5 93 Best paper
36 N.Mathur et al. [111] 9 9 15 8 9 10 0 5 14 5 84 Good paper
37 R.Selven et al. [112] 9 10 18 10 9 9 0 5 13 5 88 Better paper
38 S.Adhiksry et al. [113] 10 10 18 9 10 9 0 5 14 5 90 Best paper
39 V.Dutt et al. [114] 8 9 18 9 10 9 0 5 14 5 87 Better paper
40 S.Chakraborty et al. [115] 10 10 18 10 10 10 0 5 15 5 93 Best paper
41 LI.Yangyang et al. [116] 10 10 20 10 10 10 0 5 15 5 95 Best paper
42 C.Ding et al. [117] 9 10 18 10 10 10 0 5 15 5 92 Best paper
43 M.Benedetti et al. [118] 10 10 20 10 10 10 0 5 15 5 95 Best paper
44 A.Sagheer et al. [119] 9 10 18 9 9 10 0 5 13 5 88 Better paper
45 M.Kaur Saggi et al. [130] 8 9 18 9 9 10 0 5 14 5 87 Best paper
46 S. M Tripathi et al. [131] 8 9 18 9 9 10 0 5 13 5 86 Best paper
47 N.Baygin et al. [132] 10 10 18 9 9 10 0 5 14 5 90 Best paper
48 M.Sameer et al. [133] 8 9 19 9 10 10 0 5 13 5 88 Better paper
49 T.Koike-Akino et al. [134] 8 8 16 8 8 9 0 5 13 2 77 Average paper
50 A.Padha et al. [135] 8 10 17 8 9 9 0 5 14 3 83 Good paper
51 S.Sridevi et al. [137] 9 10 17 8 9 9 0 5 14 3 84 Good paper
52 R.Kumar Nath et al. [138] 10 9 17 8 8 8 0 4 14 3 81 Good paper
53 S.Aishwarya et al. [139] 8 9 18 9 10 9 0 5 14 5 87 Better paper
54 LI.Yao-Chong et al. [140] 9 9 19 8 10 10 0 5 15 5 90 Best paper
55 S.MR Taha et al.. [141] 9 8 13 8 9 10 0 4 14 5 80 Good paper
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cal datasets, leading to improved disease segmentation and classification. Moreover,
QSVM [141], QRF [142], QKNN [143], QNN [144], VQC [145], and QCNN [146] are
the popular algorithms for classification tasks, and these algorithms can leverage the
power of QC to enhance classification accuracy, enabling diseases or medical conditions
based on patient data to be better identified. Quantum algorithms, such as quantum
k-means [147] or quantum spectral clustering [148], can aid in grouping similar data
points together, allowing for better disease segmentation, which can be particularly
helpful in medical imaging analysis, where accurate segmentation of organs or tissues
is crucial for diagnosis and treatment planning. Detecting anomalies in medical data
is vital for early diagnosis and treatment of diseases. Quantum machine learning al-
gorithms can assist in identifying abnormal patterns or outliers in large-scale medical
datasets, enabling early detection of diseases or unusual patient conditions. By us-
ing the unique quantum effects, such as quantum superposition and entanglement,
these networks can potentially provide enhanced capabilities for medical data analysis
and improve pattern recognition, feature extraction, and classification tasks in medical
data analysis.

RQ2: How QML models can be integrated with classical machine learning
approaches in order to leverage the strengths of both in healthcare data anal-
ysis: Integrating quantum machine learning models with classical machine learning
approaches can potentially leverage the strengths of both in healthcare data analysis.
A hybrid quantum-classical machine learning model combines classical machine learn-
ing algorithms with QC techniques in order to leverage the power of both paradigms.
QC has the potential to process information exponentially faster than classical comput-
ers in certain scenarios, which makes it an exciting field for various applications, in-
cluding healthcare and disease diagnosis. The working process for the quantum model
uses the same classical classical algorithms, the only difference being the data encod-
ing technique. The classical model uses the classical input information of 0 or 1, known
as bits, and processes this data using a classical ML algorithm, providing two exclusive
possible states. In the case of the quantum model, the classical one is first converted
into a quantum state known as qubits using Feature-Mapping through a unitary gate
operation. A quantum feature map utilises a quantum circuit based on the conven-
tional machine learning kernel method in order to represent classical data within the
quantum state domain. In order to classify non-linear data by locating distinct hy-
perplanes, the data is then transformed into a higher-dimensional Hilbert space. The
feature map encodes classical input into a quantum variable by employing N unitary
gates in order to undertake a ground state transformation. A quantum model contains
a quantum layer, quantum circuits, quantum gates, and quantum registers, where the
quantum parameters are used for computation. At the output of the quantum model,
a measurement circuit is used to decode the quantum variable back into classical data.
QML models can be used to optimise complex healthcare systems, such as drug discov-
ery, treatment planning, or resource allocation, by finding the most efficient solutions
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more quickly than the CC method.
RQ3: What are the fundamental limitations and advantages of QML mod-

els are in handling healthcare data compared to classical machine learn-
ing models: Researchers often encounter the persistent challenge of isolation, which
stems from various factors. Quantum decoherence, triggered by heat and light, poses
a significant threat: when qubits are exposed to such conditions, they may lose their
quantum properties, including entanglement, resulting in data loss stored within these
qubits. Additionally, rotations in logic gates of quantum computers are susceptible to
errors. Furthermore, the field of quantum machine learning relies on the utilisation
of computers with extended circuit length and error correction, which entails redun-
dancy for each qubit. QML also faces a limitation concerning the utilisation of a limited
number of data samples relative to the number of qubits available. To accommodate
larger datasets and additional qubits, QC devices necessitate an increased number of
logic gates which, in turn, means that the computational cost escalates and prolongs
model execution time. These limitations can potentially impact the quantum states, as
an incorrect rotation may lead to errors in the final results. Developers of algorithms
for quantum computers must pay close attention to the underlying physics - unlike
classical algorithms that can be developed following the principles of the Turing ma-
chine, designing an algorithm for quantum computers requires a foundation based on
the intricacies of raw physics. There are no straightforward formulas that can directly
relate it to logical operations, making the development process more nuanced and com-
plex. QML enhances computational speed and facilitates data storage undertaken by
algorithms within a programme - it expands learning validation by executing machine
learning algorithms on emerging computing devices known as quantum computers.
The processing of information relies on the principles of quantum physics, which sig-
nificantly diverge from traditional computer models.

RQ4: What the considerations and methodologies for evaluating the ro-
bustness and generalisability of QML models are when applied to diverse
healthcare datasets, including data from different hospitals, regions, or de-
mographic groups: Evaluating the robustness and generalisability of QML models
when applied to diverse healthcare datasets, including data from different hospitals,
regions, or demographic groups, requires careful consideration of several factors. The
first step is data representation, because QML often involves mapping classical data
into quantum states. The choice of data representation can impact the model’s abil-
ity to generalise across diverse datasets, and so it is crucial to select a representation
that preserves the relevant features of the data and is robust in terms of variations
in data sources. Secondly, to evaluate generalisability, it is essential to gain access to
diverse datasets that encompass different hospitals and regions, which ensures that
the model’s performance is not limited to specific subsets of the data and can han-
dle any inherent variations in healthcare data. A proper pre-processing of healthcare
data is then also important, standardising and normalising the data to remove any
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biases or inconsistencies. Additionally, missing data needs to be handled appropriately
to prevent any bias in the model’s performance, and ensemble methods employed by
combining multiple QML models trained on different datasets or with varied initialisa-
tions. Ensemble methods can enhance robustness and generalisability by reducing the
impact of individual model biases and errors. The presence of such biases and errors
to ensure fairness in predictions across diverse groups also needs to be analysed, and
the model’s performance evaluated separately for different groups of datasets in order
to identify any discrepancies or disparities. Performance of the QML model on any
external datasets that were not used during training or model development also needs
to be validated, as this helps assess the model’s ability to generalise completely unseen
data sources. Finally, model interpretability and explainability can be taken into con-
sideration, these being crucial, especially in healthcare applications. Techniques used
to explain the model’s predictions also have to be developed, providing insights into
how the model incorporates different features and influences decision-making.

RQ5: Which types of data can be used for adoption of a quantum predic-
tive model, and is it feasible to use open access datasets for evaluating such
models? Additionally, what specific quantum computing devices are appli-
cable for evaluating QML models using healthcare data: Evaluation of QML
models can be conducted using various types of healthcare datasets. These datasets
can be categorised into two main types: private datasets [81] [85] [88] [290] and pub-
licly available open access datasets [83] [86] [89] [96]. Private datasets are collected
from multiple sources such as hospitals, healthcare facilities, and clinical centres, and
these datasets comprise healthcare images, electronic healthcare records, or biomedi-
cal signals. They contain sensitive and confidential information and are typically not
accessible to the general public. On the other hand, publicly available datasets are
openly accessible to anyone interested in using them for research or analysis. These
datasets also consist of healthcare images, electronic healthcare records, or biomedical
signals, but they do not contain sensitive patient information - they are specifically
created and made publicly available for research purposes, allowing researchers and
developers to test and evaluate their QML models.

There are various QC systems used for executing QML models. For instance, IBM
Qiskit [149] is an open-source QC framework developed by IBM, providing a set of tools,
libraries, and APIs that allow users to create, compile, and run quantum programs on
IBM’s quantum systems. IBM has a collection of quantum processors with varying
numbers of qubits, which are the basic units of quantum information. For its part,
Qiskit supports a range of quantum algorithms and provides a high-level interface
for developing quantum machine learning models, being widely used by researchers,
developers, and enthusiasts in the QC community. There is also D-Wave quantum
annealing [150], which is a specialist approach to QC that focuses on solving optimisa-
tion problems, while Google Cirq [151] is an open-source QC framework developed by
Google that is designed to create, control, and simulate quantum circuits on both uni-
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versal and adiabatic quantum systems. Adiabatic QC is another approach to quantum
computation, where the system slowly evolves from an initial state to a target state
that represents the solution to a problem.

2.9 Conclusions

This work is based on a systematic review, where various QML algorithms that take
healthcare datasets into consideration are reviewed and analysed. Initially, I also gath-
ered a total of 2038 articles from four distinct databases - namely, Web of Science, Sco-
pus, IEEE Digital Library, and Springer Link. These articles covered the specific field
of study and were published between 2019 and 2023. A meticulous evaluation process
was then conducted to ensure impartiality and eliminate any biases. To streamline the
research, I employed several criteria to remove duplicate articles and applied various
elimination measures and quality assessments. As a result, successfully reduced the
initial pool of articles and ultimately identified 49 articles that were deemed highly
relevant to our study, and these selected articles served as the primary focus and foun-
dation for our research. All articles that fit the criteria for this review include those
that (a) concentrate on learning patient representations, (b) use patient data, such as
EHR, images, and ECG signals, and (c) employ quantum machine learning and quan-
tum deep learning models. This systematic review is divided into two parts: creating a
potential research questionnaire and defining quality criteria for the records selected,
which will serve as a framework for future research and development at the interface
of QC and machine learning. Based on the analysis of these papers, I identified several
distinct QML designs and implementations, with the primary focus notably seeming
to be on applying neural networks within the quantum realm. Among the prominent
QML models, I encountered various quantum networks, each serving specific purposes.
These included QSVM, QRF, QKNN, QCNN, QLSTM, and VQC algorithms. Interest-
ingly, these quantum algorithms were extensively explored and tested in the context
of EHRs, medical images, and biosignal healthcare datasets, which indicates a signif-
icant interest in leveraging QC with a view to addressing critical challenges in the
healthcare domain, potentially unlocking new avenues for medical advancements and
diagnostic improvements.

One of the possible limitations of this study is the difficulty in identifying all the
relevant papers that meet our inclusion criteria. The challenge arises from the wide
variety of methods used in healthcare, making a comprehensive search using auto-
mated keyword queries complex. Furthermore, it is important to highlight the fact that
most existing QML algorithms are currently being assessed in classical environments
rather than genuine quantum settings. This limitation is attributed to the scarcity
of quantum-ready data for conducting QML experiments and the effort involved in
converting classical data into quantum data. Consequently, a promising direction for
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future research involves the development of more efficient encoding methods in order
to tackle this issue.
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Chapter 3

Case Study I: Covid-19 Disease

3.1 Introduction

In December 2019 Wuhan, China, a new Coronavirus Disease (Covid-19) were discov-
ered [152]. Covid-19 is highly infectious and did spread easily from China to other
countries, resulting in a global pandemic [153]. It is an infection with Serve Acute Res-
piratory Syndrome Coronavirus-2 (SARS-CoV-2) [154], whose typical symptoms are
fever, dry cough, fatigue and pneumonia. Serve cases can develop acute respiratory
distress syndrome (ARDS), dyspnea, and multi-organ failure additionally [155]. The
main risk factors for a serve case are high age and underlying medical conditions in-
cluding, but not limited to hypertension, obesity, diabetes, cardiovascular disease or
immunosupression [156] [158]. Compared to influenza, Covid-19 has similar symptoms
although which occur usually at a different time period after infection and often more
serve. Furthermore Covid-19 can be accompanied by a loss of smell and taste [159].

In terms of the total number of diagnosed cases, Spain has also been one of the
most affected country in the world. The government officially declared state of alarm
on March 13, 2020, with restrictions aimed to facilitate diagnosis and ensure the proper
treatment of patients. Furthermore, to control the spread of this pandemic, the govern-
ment also imposes lockdown, population isolation, and mobility restrictions [160]. The
number of confirmed cases in Spain in April 2020 were 210773, with 105548 patients
were recovered, over 10300 hospitalized to the intensive care unit (ICU), and 23822
fatalities, which was 11.3% of the global fatality rate [161] [162].

Knowledge of the course of an infection influences immensely the applied and nec-
essary treatment. The authors from [163] considered H-score for having a reactive
hemophagocytic syndrome, which often associate with serve Covid-19 infections. With
medical control values and awareness of risk factors a precise prediction of an infec-
tion’s course should be possible.

Recently, QML became a popular AI technique for medical diagnosis based on clini-
cal data [164]. A wide variety of applications used data-driven approaches with reason-
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able results [165], i.e, Image-based diagnosis [166–168] and sentiments analysis [169]
are just some examples. In such an era, the current paper presents the two efficient
QML algorithms for Covid-19 patients classification. Furthermore, the study discusses
the existing data input, the effective data cleaning technique, and hyper-parameters
optimization of the E-QSVM and QRF models. In addition, an overview of how to
generate a feature ranking by relevance for decision-making and model evaluation is
provided. Both the models are run on the quantum processor (Statevector, Qasm simu-
lator) using the identical data samples (2412 samples and 10 features), and the results
are compared to previously published models.

3.2 Materials and Methods

This section contains the material used for this experiment, dataset description, and
the adopted method, including data cleaning and feature selection for the current ex-
periment.

3.2.1 Materials

The used dataset had 92 features and 6550 entries in total. After removing erroneous
entries the remaining 6357 entries were split in a subset with all hospitalized patients
and a subset with an equal amount of serve and mild infections, which were used for
feature selection. The dataset with hospitalized patients contained 1206 serve and
526 mild cases. For the balanced dataset 680 entries were randomly drawn from non
hospitalized patient, which were supposed to have a mild course of infection.

The data were collected from several public hospital from Baja California during
the first 8 months of 2020. The population consists of 49,7% women and 50,3% men
with an average age of 43 years. The data set contains 4331 infections with a typical
pneumonia, 1969 confirmed Covid-19 cases, 46 patients with influenza and other respi-
ratory manifestations as well as 250 records of identified influenza variants, influenza
with pneumonia or unidentified viruses. The most common prevalent diseases were a
chronic disease with 43%, diabetes and obesity with each 20%.

3.3 Methods

The method section consists of the design and validation of QML models. The section
further contains on important features selection, quantum ML models E-QSVM and
QRF model, its working principle data encoding, veriational circuit and data decoding.
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Table 3.1: 10 most important features from a dataset of hospitalized patients and a
balanced dataset.

Rank Score Feature by dataset of hospitalised patients Score Feature by balanced dataset
1 27 INDICADOR_SOSP_COVID 7 STAY_HOSP_NO HOSP
2 34 RHINORRHEA 26 DIAG_CLIN_PNEUMONIA
3 36 PROSTRATION 46 DESC_TYPE_SAMPLE_1_EXUDADO

PHARYNGEAL/NASOPHARYNGEAL
4 37 DIAG_CLIN_PNEUMONIA 48 PNEUMONIA_RADIOGRAPHY
5 41 DESC_RESULT_CONF2_NEGATIVE 61 ESTANICA_HOSP_INTERNAL MEDICINE
6 42 DESC_TYPE_SAMPLE_1_EXUDADO PHARYNGEAL 82 PAIN_THORACIC
7 43 DESC_TYPE_SAMPLE_1_EXUDADO 86 DYSPNOEA

HARYNGEAL/NASOPHARYNGEAL
8 58 STAY_HOSP_INTERNAL MEDICINE 94 PRECEDED_DIABETES
9 71 PNEUMONIA_RADIOGRAPHY 94 DIAGNOSIS_FINAL_Covid-19

10 74 AGE 104 OCCUPATION_Retired

3.3.1 Feature Selection

From the 92 features 55 features were dropped in the balanced subset for both the
models accordingly. All removed features had either a too low variance, too low en-
tropy, a high Pearson correlation to a kept feature or was equal to or contained by
a kept feature. The used threshold for a high Pearson correlation was |p| > 0.75 as
suggested by Akoglu in [170], whereas a too low variance was considered with 90% of
the entries having the same value for a feature. The remaining 39 (respectively 37)
features were encoded with a One Hot Encoding and used to determine a ranking of
feature importance.

To obtain the desired ranking, a committee is formed with 5 different methods. The
f-value of an analysis of variance and χ2 were calculated and ordered by the assump-
tion that features with a high independence to the target feature are important for
prediction. Additionally a random forest, support vector machine and neural network
were grid searched, trained and afterwards the feature importance or, when feature
importance was not directly applicable, a permuted feature importance determined.
Permuted feature importance means, that a baseline metric with all features was cal-
culated. Moreover, for all features each feature was deleted or permuted to calculate
the metric again and concluding that a huge difference between the newly calculated
metric and baseline metric, means a feature is important for prediction.

After generating 5 rankings by each of the above mentioned methods, a rank was
assigned to each feature also considered the score of the desired feature. By adding up
the rank of each feature from all rankings and sorting with the lowest score being the
best, a final ranking was obtained. This procedure was executed for the dataset with
hospitalized patients and the balanced dataset so that 2 rankings for both experiments
for both the models were obtained. The 10 most important features are listed in table
3.1. Especially the features from the balanced dataset align with the known risk factors
as well as symptoms of serve infections [155] [171].
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Figure 3.1: (a) SVM schematic diagram (b) Non-linear data. (c) A Kernel based tech-
nique [173].

Figure 3.2: Gated circuit diagram of QSVM.

3.3.2 Enhanced Quantum Support Vector Machine

The Support Vector Machine (SVM) is a supervised classical ML model that is used to
categorize new testing vectors into classifications. The SVM model learns from training
samples to classify incoming samples into negative and positive categories. In case of
positive class for training data points x⃗i, SVM creates a hyper-plane with ω⃗.⃗x+ b = 0,
such that ω⃗.⃗x+ b ≥ 1 and for negative class considering the same data points x⃗i it
creates ω⃗.⃗x+ b ≤ −1. This aims to maximize the distance between the two classes
during the training phase. Furthermore, to obtain a fine estimation for classification of
incoming data samples x⃗0, it is reasonable to divide the two classes as much as feasible.
The main objective of SVM is to discover hyper-planes that optimize the distance 2

⃗||W ||
constraint to y⃗i(ω⃗.x⃗i+b)≥ 1. The norm vector ω⃗i is denoted by ω⃗i =∑M

i=1αi x⃗i ≥ 1, where
αi indicates the wight of ith training vector x⃗i. Eventually, the process of selecting the
perfect parameters b and αi is the same as selecting the optimal hyper-plane. The
classification of the new vector can be obtained by using the decision function as [172],

yi(x⃗0)= sgn(ω⃗.⃗x+b) (3.1)

Above the subscripts, ω⃗ and x⃗ indicate the optimal parameters determined from the
optimization technique. Once the ideal parameters have been determined, classifica-
tion will become a linear process. By solving a linear equation using the least-squares
approximation of SVM, the optimal parameters may be determined [172].

S = (x⃗1, y1), (x⃗2, y2), ..., (x⃗M , yM) (3.2)
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Figure 3.3: Block diagram of QRF, where Ua(x,θa) and Ub(x,θb) are the parameterized
circuits and SoftMax is used as an optimizer.

Where M represents the training dataset size with N dimension. To make this
simple, the binary classification problem has been used as an example and reference
to the labels as yi =±1, figure 3.1(a) [173] illustrates the basic concept in a simplified
manner. The Kernel technique considered which helps to generate a hyper-plane in
higher dimensional kernel space. Such tactic shift the non-linearly separable data
samples into linearly-separable data samples [174].

K(X , Z)=φ(x).φ(z) (3.3)

where the function φ(x) represents the mapping feature space into kernel space and
shifting the data samples into higher dimension space for linear separating as shown
in figure 3.1(b) and 3.1(c) [173].

Another supervised ML algorithm is QSVM, also known as the enhancement of
quantum and ML technology [174], which functions in a similar manner to classical
SVM. It also involves using quantum gates and orthogonal transformations to improve
the efficiency of supervised learning algorithms. Moreover, QSVM is also enriched
with some additional techniques, i.e, data encoding techniques, feature mapping, dif-
ferent gates spinning, and executed through a quantum processor. The data encoding
technique converts classical data sample x⃗ into a quantum variables |Φ(⃗x)〉 through a
unitary gate by spinning the qubits to a given value Uφ⃗x |0〉. The measurement opera-
tion has been utilized, which is dependent on the generalized quantum circuit W(θ) as
shown in figure 3.2. Furthermore, an parameterized circuit W(θ) Uφ⃗x |0〉 is considered
to obtain a classified output values of 1 or 0 for each classical input.
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3.3.3 Quantum Random Forest

Quantum ML refers to the idea of implementing the quantum algorithm into the ML
process. It usually uses a ML algorithm to analyze conventional data and execute it
on quantum computer [175]. A random forest algorithm (a sub-category of classical
ML) is an ensemble learning technique that generates a series of decision trees using a
sample of the random chosen training dataset. It is the most popular AI computational
algorithm and has widely been used in classification, regression and other different
kinds of applications [176].

ni j =WJCJ −Wle f t( j)Cle f t( j) −Wright( j)Cright( j) (3.4)

fii =
∑

j :node j splits on feature i ni j∑
k∈ all nodes nik

(3.5)

In above the subscript ni j indicates the importance of j node, WJ is the node j
weighted samples, CJ is the node j impurity value, le f t( j) and right( j) indicates child
node from left and right split on node j respectively. On a decision tree, the relevance
of each feature is computed as above, where f i i shows the importance of feature i and
ni j is the importance of node j. The importance of features can be normalized to a
value between 0 and 1, and can be calculated by dividing some of the important values
of all features [176].

normf i i = f i i∑
j∈all features f i j

(3.6)

RF f i i =
∑

j∈all trees normf i i j

T
(3.7)

Table 3.2: Performance evaluation metrics of the proposed models.

Classifiers Confusion Matrix Performance Evaluation Average Values

Prediction →
Actual ↓

0 1 Precision Recall
F1

Score
Test
Size

Accuracy
F1-

Score

SVM
0 172 70 0.81 0.71 0.76 242

77% 77%
1 40 201 0.74 0.83 0.79 241

E-QSVM
0 171 71 0.83 0.71 0.76 242

78%
78%

1 35 206 0.74 0.85 0.80 241

RF
0 158 79 0.75 0.67 0.71 242

73% 73%
1 52 194 0.71 0.79 0.75 241

QRF
0 188 54 0.73 0.78 0.75 242

75%
75%

1 69 172 0.76 0.71 0.74 241

Finally, in the Random Forest model, the average of all the trees is the most im-
portant property. The total number of trees is divided by the sum of the feature’s
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significance value on each tree. In the above equations, RF f i i is the importance of
calculating feature i from all trees in the random forest model, normf i i j indicates the
importance of normalized feature i in tree j and T is the total number of trees.

In QML, to solve the binary classification problem, the QRF is designed whereas
two IBM simulators (QASM-Simulator, Statevector Simulator) are combined and ex-
ecuted in a parallel manner. The pennylane qiskit packages are considered, where
the function of both the simulators is identical to various trees in the classical RF al-
gorithm. Each simulator produces an individual prediction, and the most confident
simulator prediction is used to create an ensemble model. It demonstrates how the
ensembling allows the simulators to specialize in distinct classes using a pre-trained
model and the PyTorch interface. The diagram depicted in figure 3.3 summarize the
model, where two devices of 10 qubits qiskit.aer (QASM, Satetvector) from PenyLane-
Qiskit plugin is considered for 10 features of data. Rx gate rotations are used to enter
data, and each device has its circuit with its own set of trainable parameters. Both
circuits provide a PauliZ measurement for all of the qubits as an output. Furthermore,
after passing the parameterized data through a SoftMax optimization function, one
dimensional probability vectors corresponding to the binary classes are produced.

Table 3.3: E-QSVM Comparison with Previous State of the Art.

S.No Authors Algorithms Used Methodology Dataset Accuracy

1 H. Li et al [177]
GD-QSVM,
LS-QSVM

Least Square and Gra-
dient Descent

Kaggle
(Blood)

76.8%,
76.6%

2 A. Kariya et al
[178]

QSVM Data Encoding, Used
real quantum chip

OCR 62%

3 Proposed E-QSVM Feature selection,
Optimization

Covid-
19

78%

3.4 Results and Discussions

The experimental results are carried out through a Jupyter notebook with a torch in-
terface. The QSVM in IBM’s framework Qiskit version 0.31.0 and quantum random
forest from PennyLane are used to classify the data, and both are executed in the
given simulator Aer version 0.9.1 respectively. The dataset is balanced and normalized
by using standard-scalar, which normalizes the features by removing the mean and
then scaling it by multiplying all the values by the standard deviation. The Min-max
scalar converts a feature’s minimum value to 0, maximum value to 1, and any other
values to a decimal between 0 and 1. The dataset is further divided into a training set
(80%) and a test set (20%). Each classifier is built using training data, and test samples
are used to compare the classification model’s prediction to the known test labels.
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Table 3.4: QRF Comparison with Previous State of the Art.

S.No Authors Algorithms Used Methodology Dataset Accuracy
1 Maheshwari et

al [179]
SVM, RF,
XGB, and
Qboost

Ensemble Learning Diabetes 69%

2 PennyLane et al
[180]

QRF, and Soft-
Max

Executed two quantum
simulators, Circuit ro-
tations

Iris 72%

3 Proposed QRF Feature selection,
and Optimization

Covid-
19

75%

3.4.1 Experimental Results of E-QSVM

The performance metrics of the proposed E-QSVM along with the classical SVM are de-
picted in table 3.2. In the case of the E-QSVM algorithm, the precision measurements
for class 0 and 1 are noted at 83% and 74% respectively. Likewise, the recall score val-
ues for class 0 and class 1 are recorded at 71%, 85.5%, while the F1 scores for both the
classes are 76% and 80% respectively as mentioned. To summarize the overall compe-
tency, the proposed E-QSVM achieves the average accuracy for the Covid-19 dataset is
noted as 78%, and the classical SVM for the same data sample obtains 77% accuracy
for both the classes. The robustness of the model is assured by comparing it with the
recently published quantum algorithms mostly by considering the clinical datasets,
shown in table 3.3 . For an instant, H. Li et al [177], implemented GD-QSVM and
LS-QSVM by considering the blood data samples and obtained the accuracy of 76.8%
and 76.6% respectively. Similarly, QRF is also compared with [178], which achieved
72% accuracy by considering the optical character recognition (OCR) dataset. Finally,
to summarize, the proposed model is trained with comparatively big data samples and
is more accurate as compared to the existing models.

3.4.2 Experimental Results QRF

The experimental metrics of the proposed models RF and QRF for the Covid-19 dataset
are shown in table 3.2. In the case of the QRF algorithm, the precision score for class
1 and class 0 are noted at 73% and 76% respectively. The recall and F1 score values
for class 1 and class 0 are recorded at 71%, 78%, 74%, and 75% respectively. Our sec-
ond modified classical RF also obtained tremendous results. To summarize the overall
competency, the proposed QRF has an average accuracy of 75% and the classical RF
has 73% accuracy for both the classes. The model’s robustness is confirmed by com-
paring it to previously published quantum algorithms, which are premised on existing
literature provides. For example, D. Maheshwari et al [179], uses the Diabetes dataset
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and adopted en ensemble model, and obtained the highest accuracy of 68.38%. Simi-
larly, the proposed work is also compared with another ensemble model developed by
the PennyLane dev team [180], which achieved 72% accuracy with a small Iris dataset
(150 samples). Eventually, our proposed E-QSVM model has notable results with less
complexity as compared to the existing models and obtained 75% accuracy as shown in
table 3.4.

3.5 Conclusions and Future Direction

In this study, a pipeline for transforming and pre-processing data has been presented
, where QML algorithms may be used to classify it. The proposed E-QSVM, QRF and
the design of efficient pre-processing techniques including data balancing and feature
selection make it more competent to obtain a better prediction. The data about Covid-
19 was obtained from a hospital that included both male and female patients. Here
I utilized the E-QSVM model from the qiskit library and modified it with some addi-
tional hyper-parameters for optimization. The different entanglement and spinning
of the gates ensure better prediction. The proposed QRF is an ensemble model, by
executing the two IBM simulators in a parallel manner. Thus every simulator pro-
duces its prediction, and the ensemble model is built using the best reliable simulator
prediction.

Given the current limitations on coherence time and qubits accessible on current
devices, the proposed work currently focused on the development of supervised QML
approaches. In the future, the current models can be modified by using different data
encoding techniques, such as amplitude encoding and angle encoding.
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Chapter 4

Case Study II: Cardiovascular
Disease

4.1 Introduction

Ischemic heart disease has become a major health concern for many patients due to its
high mortality rate throughout the world [181]. Early diagnosis of cardiac diseases has
the potential to save many lives, whereas routine clinical data analysis presents signif-
icant challenges in identifying IHD disorders such as heart attacks, strokes, heart fail-
ure, etc [182] [183]. The quick rise of coronary heart disease is more common in males
than females, especially in middle aged or older persons which poses a serious risk
to public health and places a heavy burden on global healthcare systems [184] [185].
Additionally, the children in developed countries have an increasing CAD risk [186].
According to the World Health Organization (WHO), every year globally one third of
the population, or around 17.9 million people, die from IHD, with Asia having the high-
est prevalence [187] [188]. The European Cardiology Society (ESC) reported that each
year, 3.6 million adults globally suffer from cardiac disease, and 26 million have been
diagnosed with coronary heart diseases [189]. The various unhealthy behaviors, such
as diabetes, rising cholesterol, obesity, hypertension, an increase in triglycerides, and
others, increase the risk of developing coronary heart disease [13]. Moreover, there
are also other symptoms that the American Heart Association lists, such as difficulty
sleeping, an irregular heartbeat, difficulties breathing, swollen legs, and occasionally
weight gain that happens rapidly, up to 1-2 kg each day [190] [191]. All of these symp-
toms are indicative of various illnesses, including those that affect elderly people, and
are more challenging to diagnose at an early stage.

Currently, echocardiographic stress tests and pharmacological stress tests are used
to diagnose IHD by performing a functional evaluation of the coronary artery. A coro-
nary angiography, which provides information on the anatomical structure of the heart,
is another diagnostic imaging test for CAD. However, because of the complexity of the
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coronary anatomy and the structure of the plaque, there is still a chance that the dis-
ease will be erroneously diagnosed [192]. Additionally, patients may encounter the
possibility of health issues with the use of general anesthesia and contrast material.
Estimating the risk of cardiac failure accurately aids in patient protection and the
avoidance of severe cardiac strokes [193]. Researchers now have access to massive
dataset to create the most precise prediction model thanks to the development of ar-
tificial intelligence and machine learning. When trained on relevant data, machine
learning algorithms are capable of accurately diagnosing diseases [194]. Recent re-
search, which focuses on cardiac disease in both children and adults, highlights the
importance of decreasing mortality from IHD. As a result, it is necessary to investigate
the effects of risk factors, their high prevalence in the general population, their signif-
icant impact on individual cardiac diseases, and their treatment capability to reduce
cardio diseases [195].

Furthermore, the selection of the best features is an essential step to keep in mind
when applying machine learning (ML) techniques for the prediction of a certain dis-
ease. Initially, the input dataset in their current form are inconsistent and contain
missing data, duplicate entries, and other redundant information [196]. In model pre-
diction, it is important to choose the strongest and most important attributes that may
be used for the identification or classification of the targeted disease. For the devel-
opment of accurate prediction, effort should be made to choose the important feature
combinations, which help make the machine learning process more accurate and max-
imize the prediction power of the model [197]. During modeling the predictors for such
diseases, different studies consider different risk factors or features as input for their
models depending on their feature selection techniques [198] [199]. When implement-
ing the IHD prediction models, various factors are taken into consideration, i.e., high
cholesterol, age, chest pain, fasting blood pressure, diabetes, results from a resting
electrocardiogram, exercise induced angina, depression, heart status, maximum heart
rate, family history, poor diet, obesity, alcohol consumption, and inactivity [200] [201].
These factors play an important role in disease classification and detection.

Recently, numerous quantum enhanced machine learning algorithms have been in-
troduced to speed up some specific ML tasks [202] [203]. The use of quantum deep
learning (QDL) and ML models for medical applications has gained significant atten-
tion in the past few years [204] [205]. In addition, various researchers have previ-
ously used different quantum machine learning algorithms [206] [207] by utilizing
real-time healthcare datasets [208] [209]. The academic community and the medi-
cal field have both recently shown their interest in supervised learning [210]. The
quantum supervised machine learning algorithms, i.e, Variational Quantum Classi-
fier (VQC) [211] [212], Quantum Support Vector Machine (QSVM) [213], the robust
pre-processing techniques [214] [215] and error reducing algorithms [216] [217] has
a numerous contributions in coping with the classification problems. Convolutional
neural network models (CNNs) are considered the most successful machine learning
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algorithms for pattern recognition and disease prediction. Furthermore, CNNs have
shown enhanced performance in early disease diagnosis, which is rooted in the concept
of managing the input dataset through numerous representational layers [218] [219].
Many hybrid algorithms use parameterized circuit optimization to reduce the cost func-
tion, which usually consists of the expectation value of an output observable, which is
the same as classical model parameter optimization [220–222]. From the other side,
by using the concept of quantum supremacy, QC has demonstrated its importance for
solving problems. The frequent development of QC in the field of ML can naturally
handle several problems with complicated input correlations that can be exceptionally
difficult for classical computers [223–225]. Moreover, near-term quantum computers
have also shown a tremendous impact from quantum computing on ML [226].

In this research, the aim is to construct a fully connected quantum convolutional
neural network model, demonstrating the application of various methods for early
stage diagnosis of IHD. The proposed model uses a quantum circuit based technique,
which reduces the model’s complexity by reducing the number veriational parameters.
Multiple qubit gates are applied to adjacent qubits in the convolution circuit to find the
hidden state, and the pooling circuit reduces the model complexity by considering the
CNOT gate operation. The dataset used for this work is private, which is provided by
a hospital contains on health record of patients. The desire disease has been classified
by using the labels obtained from the input dataset. At first, I tried to explain how
disease classification works by utilizing the feature extraction method. Later on, to
increase the chances of success, A hybrid model combine with the classical and quan-
tum versions of the convolutional neural network algorithm has been used with the
input dataset, which consists of features related to IHD, i.e., hypercholesterolemia,
smoking habits, antipsychotic drugs, heart failure, and so on. Comparing the proposed
quantum model to a classical Optimized-CNN and FCNN algorithm, the classification
results achieved are quite promising. The primary objective of this research is to pro-
pose a robust model by combining the benefits of quantum computing with CNNs, and
clinical record data is considered a key tool. This results in the least expensive model
for early stage IHD diagnosis. The proposed model helps to enhance the CNN perfor-
mance and ensure the accurate prediction of IHD, and it is also useful to speed up the
diagnosis process for heart patients in the early stages.

4.2 Materials

The dataset used for this research work has been provided by Basurto Hospital of
the Basque Country and includes patient health record information. For patients sus-
pected of having coronary heart disease, the pretest probabilities should be predicted
based on, symptoms, gender, age, BMI, etc. The main patient level data collection
tools in healthcare are EHR, which can also be used for research-related purposes. To
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enhance the pretest IHD risk adjustment more precisely, I examine which EHR fea-
tures have greater connections with heart failure and cardiac problems. The gathered
dataset consists of patient records of both genders collected between 2016 and 2018.
This data was gathered for approximately 2,199,711 patients, among those 43,835 in-
dividuals who needed treatment for chest pain and thoracic pain within the particular
time period. Initially, there were 82 attributes in the dataset, including the targeted
CAD variable, and each variable was either categorical or continuous. The dataset has
42 effective features, are described below [227].

• Catheterization: The process in which a flexible tube is guided through a blood
vessel to diagnose clogged arteries, irregular heartbeats, etc.

• Ergometry: Ergometry is the measurement of human physical performance.

• Echo Stress: A test that uses ultrasound imaging to show how well the heart
muscle works at pumping blood to the body in a stressful situation.

• Echocardiogram: It represents the graphic outline of the heart’s movement.

• ECG: The heart’s electrical activity is recorded by an ECG. It is a frequent and
painless test for identifying heart issues and keeping tabs on heart health.

• Depression: Depression is characterized by a constant feeling of sadness and a
lack of interest. It is a medical illness that affects a person’s mood and ability to
function.

• Alcohol: Alcohol intake causes illness when a person’s body develops a depen-
dence on or addiction to it.

• Drug dependence: A biopsychosocial situation whereby a person’s functionality
is dependent on the consumption, meaning cessation of repeated exposure to a
stimulus.

• Anxiety: Mental health condition which carries excessive anxiety or worries,
about several things such as personal health, work, and social interactions.

• Dementia: Refers to abnormal brain alterations that affect memory, language,
and problem-solving skills in addition to other aspects of thinking.

• Renal insufficiency: Renal failure is a medical condition in which the kidneys
stop working less than normal levels.

• Diabetes mellitus: To put it more simply, diabetes mellitus occurs when there is
an abnormally high level of sugar flowing in the bloodstream of a person.
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• Diabetes type 1: A syndrome when the body is unable to create enough insulin,
causing the blood glucose level to rise too high.

• Diabetes type 2: A condition when the blood glucose level is excessively high
because the body cannot respond to insulin and frequently produces insufficient
insulin.

• Dyslipidemia: The blood’s lipid (fat) content is abnormally high.

• Hypercholesterolemia: Hypercholesterolemia is a type of dyslipidemia that is
described as a high level of cholesterol in the blood.

• Ventricular fibrillation: Refers to a type of arrhythmia, or irregular heartbeat,
affecting the heart’s ventricles.

• Auricular Flutter: Refers to another type of arrhythmia which causes the heart
to beat faster and inefficiently.

• Heart failure: A disorder when the heart is unable to adequately circulate blood
throughout the body.

• Obesity: Overweight and obesity are described as accumulations of abnormal or
excessive fat that pose a health risk.

• Age: Number of years a person has lived

• Antithrombotic agents: Antithrombotic agents are drugs that reduce the forma-
tion of blood clots.

• Acetylsalicylic acid: To avoid blood clots, strokes, and myocardial infarction (MI),
doctors prescribe analgesic drugs that stop platelet aggregation.

• Protonpump inhibitors: Anti acid medications known as proton pump inhibitors
act by lowering stomach acid production.

• Diuretics: Diuretics are drugs that work by increasing the amount of water and
salt that the body excretes in the form of urine.

• Hormonal Contraceptives: A type of birth control that uses hormones such as
estrogen and progesterone by blocking the release of eggs from ovaries.

• Anabolic steroids: A synthetic version of testosterone, which increases protein
within cells, is used for growth muscle stimulation.

• Antigout Preparations: Agents that increase uric excretion by the kidney, de-
crease uric acid production.
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• Immunomodulators: A group of drugs that work includes working on the immune
system directly, by turning down some proteins and turning up others.

• Antidepressants: Refers to the category of medications used to treat anxiety and
depression.

• Antipsychotics: A specific class of psychiatric drug can be acquired with a pre-
scription for treating psychosis.

• Benzodiazepines: Sedative medications like benzodiazepines slow down both phys-
ical and mental functions.

• Cardiac therapy: A program that uses exercises, support, and education for peo-
ple to get recovered from a heart attack, heart surgery, or other heart problem.

• Antihypertensives: A class of medication used for the treatment of hypertension
(high blood pressure).

• Vasodilatadores: Drugs known as vasodilators relax the smooth muscles in the
blood vessels, allowing them to expand.

• Beta blockers: The medications used lower blood pressure. The blocks the effects
of the hormone epinephrine, more often known as adrenaline.

• Calcium channel blocker: A drug that lowers blood pressure by blocking calcium
from entering the heart and artery cells.

• Block SRAA: A system used to reduce blood pressure and slow the progression of
renal disease.

• Antilipidemics: Lipid-lowering agents are a type of medicine used in the treat-
ment of high levels of fats.

• Smoking habit: Starting a smoking habit quickly leads to both a psychological
and a physiological addiction.

• Hypertension: The medical syndrome known as hypertension causes persistently
high blood pressure in the arteries.

4.3 Method

The method section contains the process of data cleaning, the selection of important
features, and the proposed model as shown in figure 4.1. The data cleaning consists of
removing the unwanted information, and feature selection consists of a wrapper and
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Figure 4.1: The complete block diagram of the proposed methodology.

filter technique, where the wrapper is accomplished by using SVM along with RFE, and
then the MRMR filter is used to avoid feature duplication. The proposed model further
consists of the quantum state, data encoding and decoding, and different layers, as
briefly discussed below.
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Table 4.1: Dataset before and after pre-processing.

Parameters Dataset before
cleaning

Dataset after
cleaning

Total samples 33372 33372
Features 82 42
Type Categorical Categorical
Output IHD IHD

4.3.1 Data Cleaning

Data cleaning involves correcting or deleting inaccurate, corrupted, improperly format-
ted, inoperable, and redundant data from a dataset. When combining different infor-
mation sources, there are various possibilities for data duplication or labeling errors.
In such a context, I have removed 10,463 patients who had no additional diagnostic
testing from the dataset, so 5379 (16.1%) out of the 33,372 remaining patients who
had CAD during the desired time period are considered. The dataset has been cleaned
by removing all the duplicate and irrelevant variables, eliminating nulls and inoper-
able variables, converting data types, and handling the missing values. Due to null
fields, which indicate they do not contain full information for some of the records, the
20 variables that did not match the criterion were deleted.

Similarly, in the elimination of duplicate variables, the 14 variables that have 0 val-
ues and make no contribution to the model’s prediction were also eliminated. Patient
admission and discharge dates, patient IDs, and other irrelevant information were also
removed since they were not informative. The essential feature between each pair of
variables was chosen using a threshold. Subsequently, the clean dataset contains 42 at-
tributes, including the targeted CAD variable as depicted in table 4.1. The information
on the patients who had various therapies, such as cardiac therapy or catheterization,
was also included. Moreover, risks associated with various addictions, including alco-
holism, certain medicines or pharmaceuticals, including antithrombotic agents, proton
pump inhibitors, and anabolic steroids, as well as specific health issues, including di-
abetes mellitus, obesity, and hypertension, were taken into account. The dataset after
the cleaning process, which has 42 effective features, where all the features are cate-
gorical, is shown in table 4.2.

4.3.2 Feature Selection

The technique uses a feature selection procedure to choose the minimum possible in-
put parameters while creating a predictive model. It is preferable to decrease the size
of input parameters, which minimizes the computational cost of the model and, under
certain conditions, improves its performance. In this research, the SVM and RFE were
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Table 4.2: The effective 42 features after cleaning.

Name of Feature Treatment Variable-type
and Values

Catheterization Catheterization proce-
dure

Categorical 1/-1

Ergometry Ergometry study Categorical 1/-1
Echo stress Stress Echocardiography Categorical 1/-1
Echocardiogram Echo-cardiogram Categorical 1/-1
ECG Electrocardiogram Categorical 1/-1
Depression Diagnose depression Categorical 1/-1
Alcohol Alcoholism Categorical 1/-1
Drug dependence Drug dependence Categorical 1/-1
Anxiety Anxiety disorder Categorical 1/-1
Dementia Dementia Categorical 1/-1
Renal insufficiency Renal failure Categorical 1/-1
Diabetes mellitus Insulin Categorical 1/-1
Diabetes type 1 Type 1 diabetes Categorical 1/-1
Diabetes type 2 Type 2 diabetes Categorical 1/-1
Dyslipidemia Dyslipidemia Categorical 1/-1
Hypercholesterolemia Hypercholesterolemia Categorical 1/-1
Fibrillation-palpitation Ventricular fibrillation Categorical 1/-1
Flutter Auricular flutter Categorical 1/-1
Heart failure Cardiac insufficiency Categorical 1/-1
Obesity Reduced-calorie diet Categorical 1/-1
Age Age at notification Categorical 1/-1
Antithrombotic Agents Antithrombotic agents Categorical 1/-1
Acetylsalicylic Acid Acetylsalicylic acid Categorical 1/-1
Proton-pump inhibitors Proton-pump inhibitors Categorical 1/-1
Diuretics Diuretics Categorical 1/-1
Hormonal contraceptives Hormonal contraceptives Categorical 1/-1
Anabolic steroids Anabolic steroids Categorical 1/-1
Antigout preparations Antigout preparations Categorical 1/-1
Immunomodulators Immunomodulators Categorical 1/-1
Antidepressants Antidepressants Categorical 1/-1
Antipsychotics Antipsychotics Categorical 1/-1
Benzodiazepines Benzodiazepines Categorical 1/-1
Cardiac therapy Cardiac therapy Categorical 1/-1
Antihypertensives Antihypertensives Categorical 1/-1
Vasodilatadores Vasodilators Categorical 1/-1
Beta blockers Beta-blockers Categorical 1/-1
Calcium-channel block-
ers

Calcium-channel block-
ers

Categorical 1/-1

Block SRAA SRAA blockage Categorical 1/-1
Antilipidemics Lipid-lowering Categorical 1/-1
Smoking habit Smoking Categorical 1/-1
Hypertension Hypertension Categorical 1/-1
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Table 4.3: Selected 20 important features.

Ranking Importance Name of variables

6 0.040610 Catheterization
22 0.013607 Ergometry
18 0.018645 Echo Stress
10 0.024103 Echo-cardiogram
11 0.021145 ECG
13 0.015723 Diabetes millitus
15 0.018850 Hypercholesterolemia
16 0.015983 Fibrillation-palpitation
17 0.014562 Obesity
1 0.285714 Age
3 0.084274 Antithrombotic agents
16 0.015029 Proton pump inhibitors
13 0.016108 Diuretics
31 0.017277 Benzodiazepines
32 0.285714 Cardiac therapy
35 0.089991 Beta blockers
36 0.016288 Calcium channel blockers
37 0.030682 Block SRAA
38 0.076089 Antilipidemics
39 0.016268 Hypertension

used in combination with a maximally relevant minimal redundancy (MRMR) filter to
minimize the input data dimensions. The goal of the MRMR technique is to choose a
group of features that are both highly relevant and minimally redundant for identi-
fying different classes of cardiovascular diseases. For an instant, let D = {

xi,k
}

n×K is
the expression matrix for the entire dataset, where xi,k is the i th feature of sample k,
n represent the total features and K is the total number of samples. So the feature
expression for kth sample would be xk =

(
x1,k, x2,k, . . . , xn,k

)
, xi =

(
xi,1, xi,2, . . . , xi,K

)
is i th

feature expression, and G = {1,2, . . . ,n} may represent the feature index set. Further-
more, for binary classification, yk = ℓ ∈ {+1,−1} represents the target class values for
the k samples by considering +1 and -1, respectively. In a subset S ⊂G, the relevancy
Rs of the features is given as [228],

RS = 1
|S|

∑
ℓ

∑
i∈S

I(ℓ, i) (4.1)

I(ℓ, i)=∑
xi .

p (ℓ, xi.) log
p (ℓ, xi)

p(ℓ)p (xi)
(4.2)
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Where I(ℓ, i) indicates the mutual information among the class label ℓ and feature i.
In a subset S, the mutual information can be used to determine the redundancy of
feature i with other features and provide the following value [228].

QS,i =
1

|S|2
∑

i′∈S,i′ ̸=i
I
(
i, i′

)
(4.3)

For feature ranking, SVM-RFE was first presented by Guyon et. al [229], which rates
the quality performance of the feature subsets for the modeling technique being uti-
lized as a black box evaluator. In essence, the recursive feature elimination technique
ranks the features by recursively removing the un-useful features and creating a model
based on the remaining ones. The following are the variables of the weight vector w of
the SVM that provide the ranking score [230].

w =∑
k
αk ykxk (4.4)

The MRMR filter may not produce reliable performance when used alone since the
classifier operates independently and is not included in the feature selection process.
The selected 20 rank wise important features are shown in table 4.3, where the redun-
dancy between the features is not taken into account. By adding an MRMR filter to
SVM-RFE, with hope to improve the model’s performance by reducing the number of
relevant features that are used more than once. This will also make it easier to classify
things.

4.3.3 Fully Connected Quantum-Convolution Neural Network
(FCQ-CNN)

The Quantum Convolution Neural Network (QCNN) has distinguished itself as one of
the machine learning models that perform very well in pattern recognition. The quan-
tum convolution layer can be applied after the data has been encoded into a quantum
system. In order to achieve a pure quantum state, a circuit of featuremap has been
used for data encoding in the computational basis states, with the number of samples
in the probability amplitudes. The subsequent layer, which consists of O(log(n)) lay-
ers for n input qubits, creates a shallow circuit depth. The desired quantum model
structure is capable of avoiding one of the most significant problems connected with
parameterized quantum circuit-based algorithms [231]. These architectures seem to
be uniquely connected to the tensor network, which offers an easy way to investigate
many body physics neural networks, and their interactions. The gradual reduction of
the quantum bits is equivalent to the Maxpooling process in CNN. Transnational in-
variance is a key feature of the QCNN architecture that requires parameterized quan-
tum gate blocks to be similar throughout a layer. The resulting quantum state derived
from the I th layer of QCNN can be described as [232].
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∣∣ψi (θi)
〉〈
ψi (θi)

∣∣=TrBi

(
Ui (θi)

∣∣ψi−1
〉〈
ψi−1

∣∣Ui (θi)†
)

(4.5)

The primary objective of the QCNN model is to learn relevant data for accurate predic-
tion of quantum states and their associated labels. At quantum state, the encoded data
is denoted by |xin〉. The features are extracted layer by layer using transformations in
parameterized quantum circuits. Quantum measurements on certain qubits are car-
ried out towards the output of the model, which determines the expectation values that
represent the classification results as shown in figure 4.2. The proposed FCQ-CNN
model is relatively similar to conventional CNNs, the only difference is that it addi-
tionally consists of a quantum layer. The complete diagram of the proposed model is
shown in figure 4.3, which contains quantum layers, convolutional layers, Maxpooling
layers, and a fully connected layer.

Figure 4.2: Working process of quantum model.

4.3.3.1 Quantum Layer

The quantum layer contains quantum circuits, quantum gates, and quantum regis-
ters, where the quantum parameters are used for computation. The quantum layer
further contains a parameterized quantum circuit, quantum feature mapping, and a
measurement circuit, as briefly discussed below.

4.3.3.1.1 Parameterized Quantum Circuit In a parameterized quantum circuit,
real-time classical processing and synchronized quantum operations on quantum data
are performed simultaneously. It is composed of several quantum variables, quantum
gates, and a measurement circuit that uses the classical data from conventional com-
puters under certain conditions, as shown in figure 4.4. The qubit, which has two
fundamental states denoted by |1〉 and |0〉 respectively, is the basic information storage
unit. Contrary to conventional bits, which can only accept one value at a time, the
qubits, can be in any superposition state [280].

|ψ〉 =
[
α

β

]
∈C2 (4.6)
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Figure 4.3: The complete FCQ-CNN model’s layer-wise overview contains a quantum
layer, a convolutional layer, a maxPooling layer, a fully connected layer, and a measure-
ment circuit. The quantum layer further contains a parameterized quantum circuit,
quantum feature mapping, and a cost function updated by an optimizer.

In the above equation
∣∣ψ1〉 , · · · ,

∣∣ψn〉
can be used to represent the quantum states of n

qubits in a quantum circuit. The fundamental of the linear space of any n qubit in a
quantum state is as, {|00 · · ·0〉, |00 · · ·1〉, |11 · · ·1〉}. The quantum state |Ψ〉 in linear space
can be described by using the superposition state [280].

|Ψ〉 =
2n−1∑
i=0

αi|i〉,αi ∈C (4.7)

where |i〉 represents the quantum state defined by the binary form of i. Quantum gates
can control the states of qubits in quantum computing. A unitary transformation U ,
where UU† = I describes the development of a closed system in quantum theory. A
quantum gate that performs a unitary transition U for a quantum system in its initial
state

∣∣ψ0
〉=∑2n−1

i=0 αi|i〉, acts like matrix-vector multiplication [232] .

U
∣∣ψ0

〉=U
2n−1∑
i=0

αi|i〉 =
2n−1∑
i=0

βi|i〉 (4.8)

4.3.3.1.2 Quantum Feature Mapping A quantum feature map uses a quantum
circuit derived from the traditional machine learning kernel approach to encode clas-
sical data in the quantum state space. To find a separate hyperplane that classifies
nonlinear data, the data are mapped onto a higher-dimensional Hilbert space. Feature
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Figure 4.4: Parameterized quantum circuit.

map that encodes classical input xi into a quantum variable |Ψ (xi)〉 by performing
ground state |0〉n transformation using n number of unitary gates [233].

uφ(x)=Uφ(x)H⊗nUφ(x)H⊗n (4.9)

Uφ(x) = exp

(
i

∑
S⊆[n]

φs(x)
∏
i∈S

Pi

)
(4.10)

Where the Hadamard gate is denoted by H, the subscript Uφ(x) indicates a diagonal
gate (unitary gate) on the Paulifeature basis, and (Pi) is the feature space. Finding a
separate hyperplane in the new space is necessary since the unitary operations in the
initial state pushed the data up to the high dimension of the feature space. The size of
the data determines how many qubits are necessary, and unitary gates Uφ(x) are used
to encode the data by changing the angle to particular values.

4.3.3.1.3 Quantum Measurement The measurement circuit does a critical evalu-
ation to assess the number of classes. The information about the quantum system is
not immediately accessible, so a quantum measurement circuit must be used to obtain
it. This procedure is analogous to taking multiple samples from the distribution of fea-
sible cognitive base states, determining the approximate value, and then assessing the
class possibilities by taking a final measurement. For instance, executing a projective
measurement on a qubit with Z observable in the state |φ〉 = α|0〉+β|1〉 leads to the
generation of -1 and 1, with probabilities of p(1)= |α|2 and p(−1)= |β|2. The outcome of
the measurement circuit is stochastic, and with each measurement, the quantum state
is converted to one of two intermediate states |0〉 and |1〉 accordingly. Repeated mea-
surements have been taken to obtain the most precise information possible about the
desired outcome. The following is an expression for the expected value of a particular
measurement observable output Z of state |φ〉 [234].

〈Z〉|φ〉 ≡ 〈φ|Z|φ〉 = |α|2 −|β|2 (4.11)

Where Z ≡
[

1 0
0 −1

]
, such that 〈Z〉 ∈ [−1,1] and 〈φ| = (|φ〉)†.
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4.3.3.2 Convolutional Layer

During the learning process, a convolutional layer is usually known as the most impor-
tant component of a CNN. It consists of multiple filters (or kernels), and the parame-
ters must be learned throughout the training process. The filter size is usually smaller
than the actual dimension of the input data, and the activation map is created by the
convolution of filters with the input volume. The convalutional layer output volume is
achieved by overlaying the depth dimension along with each filter activation map. On
the other side, the layer defined by the quantum convolution layer has properties sim-
ilar to those of the classical convolution layer. The quantum convolution layer works
with filters in the same way that the traditional convolution layer does. It applies a
filter to the data that comes in and makes feature maps out of new data.

For an instance, consider n number of layers l, if X l is the input, K l is the ker-
nel size, and f : R 7→ [0,C] with C > 0 is a nonlinear function, then the output for l
would be f

(
Xℓ+1) = f

(
Xℓ∗Kℓ

)
. The input layer X l and kernel size K l stored in the

QRAM, and the quantum algorithm is used to obtained a quantum state
∣∣ f

(
X̄ℓ+1)〉, for∥∥ f

(
X̄ℓ+1)− f

(
Xℓ+1)∥∥∞ ≤ 2Mϵ for each precision parameter ϵ> 0 and η> 0, and can be

defined as follows: 
∣∣∣X ℓ+1

j − f
(
Xℓ+1

j

)∣∣∣≤ 2ϵ if f
(
X̄ℓ+1

j

)
≥ η

X ℓ+1
j = 0 if f

(
X̄ℓ+1

j

)
< η (4.12)

The execution time of the algorithm for each iteration may be,

Õ

 1
ϵη2 · M

p
C√

E
(
f
(
X̄ℓ+1

))
 (4.13)

The above E
(
f
(
X̄ℓ+1)) is the average value of the quantum state, and Õ is the polylog-

arithmic hide factor that depends on input and kernel size. Furthermore, the kernel
size is determined by the Polly logarithmic factor, which allows the QCNN to work with
deeper kernels. In forward propagation, the loss function L is determined by the out-
put of QCNN. For binary classification, the Binary Cross-Entropy has been considered
a loss function and may be calculated based on the formula shown below.

L =− 1
m

m∑
i

(yi ∗ log(p (yi))+ (1− yi)∗ log(1− p (yi))) (4.14)

Here, m shows the number of samples starting from i, the probability of true sam-
ples, or class 1 is represented by p (yi) and p (1− yi) indicates the probability for class
0 respectively. In the case of back-propagation, a quantum circuit can be successfully
characterized with a fully connected quantum neural network that has symbolic sim-
ilarity with the classical neural network, except that the activation function is not
assigned to all nodes. Furthermore, the quantum circuit’s input may be one of the
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2n (where n is the number of qubits) having an amplitude of 1. Like traditional deep
learning, minimizing error back-propagation is also important for quantum circuits.
The gradient of the weights is determined via the back-propagation method by using
parameter shift and the chain rule [235] [236] of a partial differential to propagate the
gradient back from the network output. Back propagation updates the weights in a
manner that reduces the loss by providing the nodes with lower error rates and higher
weights, and vice versa. This allows it to learn how much of the overall loss each node
is accountable for contributing. The quantum gates and quantum state |ψ〉 are rep-
resented by complex values for error back-propagation in the simulation of quantum
computing. The output

∣∣ψout
〉

may be stated as follows when
∣∣ψin

〉
is the input for n

qubits and W(θ) is the applied quantum circuit parameter network [232].

W(θ)
∣∣ψin

〉= 2n−1∑
j=0

c j
θ
| j〉 = ∣∣ψout

〉
(4.15)

In above, the state | j〉 amplitude probability is denoted by c j
θ

and
∣∣∣c j
θ

∣∣∣2 = p j
θ

shows the
observation probability of state | j〉.

4.3.3.3 Pooling Layer

Pooling layers seeks to continuously reduce the dimensionality of the representation,
which reduces the computational cost and number of parameters for the model. In in-
put, the pooling layer scales the dimension of every activation map by using the "MAX"
function. The majority of CNNs apply 2-by-2-dimensional kernels in steps of 2 along
the spatial dimensions of the input using max-pooling layers. This keeps the depth vol-
ume at its actual size while scaling the activation map down to 25% of its original size.
Due to the pooling layer’s destructive characteristics, there are two frequently utilized
methods for max-pooling. The stride and filters of the pooling layer are usually set to
3 and 3, respectively, allowing the layer to extend throughout the maximum range of
input spatial dimensions. Additionally, overlapping pooling may be used with a stride
and kernel size of 2 and 3, respectively. Because pooling is destructive, if the kernel
size is greater than 3, the model’s performance will usually go down.

4.3.3.4 Fully Connected Layer

The output from the last pooling or convolutional layer is passed through to the fully
connected layer after being flattened. The fully connected layer is composed of a col-
lection of dependent nonlinear functions, each of which is made up of a perceptron
or neuron. The neurons perform a linear transformation on the input vector using a
weight matrix. After the several convolutional and pooling layers in a quantum envi-
ronment, the amount of qubits has decreased with the implementation of the FC layer.
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The desired qubit circuit has been used in the case of a relatively small system to ac-
complish the classification. The highly entangling circuits, which include CNOT gates
and universal single-qubit gates with basic cells composed of n(n+1) and n(n−1), are
considered for the FC layer. Each CNOT has a variable indicating whether it is active
or inactive and working as a unitary gate [290]. The two-qubit universal gate operation
is shown in figure 4.5.

Figure 4.5: Two qubits universal gate operation.

To obtain the prediction values, the FCQ-CNN model last step involves measuring
a certain number of output qubits. The measurement circuit converts the quantum
variables |0〉 and |1〉 back into binary variables, 0 and 1. The mapping of expected
values to classification outputs may be carried out in various ways. Formally, the FCQ-
CNN model’s output for the input xin is expressed as f (θ, xin). In general, measuring
one qubit and using the expected value as the output f (θ, xin) ≡ 〈Z〉 is a easy way for
binary classification tasks. Then, as a result, 〈Z〉 ≥ 0 represents the classification of
samples into class 1, and 〈Z〉 < 0 denotes classifying the sample into class 0.

4.4 Experimental Results

This section contains the experimental results that demonstrate how the actual quan-
tum convolutional neural network performs when applied to classify diseases using the
cardiovascular dataset. The TensorFlow Quantum platform is used for the simulation
of the proposed model. Initially, there are 42 attributes in the cardiovascular dataset
that are associated with IHD. However, due to resource constraints faced by the quan-
tum computing simulation environment, the features are limited to 20 features, and
the total number of samples considered for the desired experiment is 2000. The Torch
interface, Qiskit, Keras, and Cirq libraries are used to implement the models in the
Python 3 environment. An application programming interface (API) is used to run the
proposed FCQ-CNN model on the IBM state-vector simulator. The features are en-
coded by using a PauliFeature map, where the layer of the Hadamard gate along with
entangling blocks maps the classical data into quantum variables. The quantum cir-
cuit is rotated with a depth of 10, and a measurement circuit is used to decode the data
again into classical 0,1. All models use a Relu activation function for the input and
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hidden layers, while a Sigmoid function is used for binary classification on the output
layer.

Figure 4.6: Comparison of testing accuracy of all models.

4.4.1 Hyperparameter Tuning

It is possible for neural networks to learn complex correlations among their inputs and
outputs. Although many of these correlations will be visible during training but not
in actual test data because of sampling noise. This problem could result in overfitting,
which would decrease the model’s capabilities for prediction. In short, it is quite diffi-
cult to avoid the overfitting issue and obtain the generalized prediction of the proposed
model. For this work, I applied several optimization techniques for hyperparameters
to get the best possible set. The input dataset is first normalized by using min-max
and standard scalars, which scale the data in a defined range of 1 and 0. The data are
then encoded using different feature maps, such as the PauliFeature map, ZFeature
map, and ZZFeature map, with circuit depths of 5, 10, and 15, where the PauliFeature
map with a circuit depth of 10 was found to be the best for our model. The model
has been evaluated by using various loss functions, and for our binary classification
task, Binary Cross-Entropy produced promising results. The effective epochs for the
FCNN, Optimized-CNN, and FCQ-CNN models are 100, 60, and 20, respectively. This
is because beyond a certain point, the models’ accuracy does not increase and remains
constant, as shown in figure 4.6. During the training process, Adam (adaptive opti-
mization techniques) is used for 100 epochs, which outperformed stochastic gradient
descent (SGD) in terms of optimal performance. The model is initially run using three
different learning rates (0.01, 0.001, and 0.0001) with separate batch sizes (16, 32, and
64), and it gets good results by considering learning rate 0.001 and batch size 32. The
number of filters for each layer is 128, 64, and 32, respectively, where each filter size is
3. The input and hidden layers are equipped with the Relu activation function, and the
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Table 4.4: Set of optimal hyperparameters of each model.

Hyperparameters FCNN model Optimized CNN
model

Proposed model

Learning rate 0.001 0.001 0.001
Optimizer Adam Adam Adam
Batch size 32 32 32
No of epochs 100 60 20
Loss function Binary crossentropy – –
Activation function
for dense layer

Relu Relu Relu

Activation function
for output layer

Sigmoid Sigmoid Sigmoid

output layer uses the Sigmoid function. The model is trained with the training dataset,
the weights with the lowest training loss are saved, and the prediction performance on
the labeled test dataset is assessed. Finally, the desired optimal weights are used for
class prediction of the test dataset. Table 4.4 indicates the optimal hyperparameter
values used for each model.

4.4.2 Comparison of FCQ-CNN model with FCNN and Optimized-
CNN Models

The competency of the proposed FCQ-CNN model is obtained by comparing it with
the classically optimized-CNN and FCNN models by considering the cardiovascular
dataset in terms of testing accuracy and testing loss, respectively, as shown in table
4.5. The classification accuracy of each model is obtained by considering the same hy-
perparameter optimization, which also ensures a fair comparison. It is important to
keep a small number of nodes in the input layer of all models to be trained properly
with a limited number of parameters. The FCNN model contains one input layer with
20 nodes, two dense layers with 32 and 16 nodes, and an output layer with 1 node
for binary classification, respectively. Likewise, the optimized-CNN contains the input
layer, two convolutional layers, and two maxpooling layers with the same number of
nodes. In the case of FCQ-CNN, after the quantum layer there is a convolutional layer,
a maxpooling layer, and a fully connected layer. The input layer, the hidden layer, and
the convolutional layer of all models use the Relu activation functions, while the output
layer uses the sigmoid function, which converts any input to an output between 0 and
1 for the classification of cardiovascular diseases. The output of the model sigmoid pre-
dicts one value for class 0, if ŷ < 0.5 and for class 1, if ŷ > 0.5, where ŷ is the predicted
output of the model. The model is trained with 1600 (80%) samples out of a total of 2000
samples, and 400 (20%) samples are used for testing purposes. An Adam optimizer is
used, where the learning rate is considered to be 0.001 for each model. Figure 4.6
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shows the testing accuracy of FCNN, Optimized-CNN, and FCQ-CNN models, where
the highest testing accuracy achieved by FCQ-CNN is 84.6%, Optimized-CNN accu-
racy is 80.4% and FCNN has 79.2% accuracy, respectively. Likewise, the calculated
loss comparison is indicated in figure 4.7, which also shows that the proposed FCQ-
CNN model has the lowest training loss and has a value of 0.24, the optimized-CNN
has a loss value of 0.3 and the FCNN model has a calculated loss of 0.4 respectively.
In the comparison of the Optimized-CNN and FCNN models, the reason for the high-
est accuracy and low error rate of Optimized-CNN is due to the selection of the best
subset of hyper parameters. Moreover, the Optimized-CNN model seems more robust
than the FCNN model because of its shared-weights architecture, comparatively small
set of parameters, and characteristics of translation invariance for binary classification
problems. In the FCNN model, each node in the dense and flattened layers is connected
in the network by utilizing the most trainable parameters, which reduces the model’s
performance and increases its computational cost. On the other hand, the FCQ-CNN
has the highest test accuracy and lowest test loss of the two models (optimized-CNN
and FCNN). The FCQ-CNN model loss seems more stable after 30 epochs, this is due
to the quantum network’s quick learning convergence, which requires a comparatively
smaller iteration to achieve the flattening of the loss function and accuracy. The test-
ing and training times cannot be compared, because simulating a quantum network
naturally takes a long time and demands the numerical equivalent of quantum com-
putation. In the end, the quantum algorithm does a better job at IHD classification
tasks than a classical algorithm and offering advantages for a large amount of data.

Figure 4.7: Comparison of testing loss of all models.

two quan
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Table 4.5: Comparisons of FCQ-CNN with Optimized-CNN and FCNN models.

Parameters FCNN model Optimized-CNN
model

Proposed model

Dataset Cardiovascular Cardiovascular Cardiovascular
Total samples 2000 2000 2000
Total test samples 400 400 400
Total train samples 1600 1600 1600
No of layers 4 5 5
Testing accuracy 79.2% 80.4% 84.6%
Testing loss 0.4 0.3 0.28

Table 4.6: Comparisons of FCQ-CNN with previous published quantum models.

Parameters Maheshwari et.al PennyLane
team et.al

Yano at.al Kerenidis
at.al

Proposed model

Dataset Synthetic, Sonar,
Diabetes

Iris Breast-Cancer,
Heart Disease

MNIST Cardiovascular
Disease

Used Model QSVM, VQC QRF VQC,
VQC+QRAC

QCNN FCQ-CNN

Total features 10, 10,13 10 9, 13 8 20
Number of classes 2,2,2 3 2, 2 2 2
Training samples 400, 166, 2121 125 146, 243 60,000 1600
Testing samples 100, 42, 531 25 50, 60 10,000 400
Total size 500, 208, 2651 150 196, 303 70,000 2000
Model accuracy 94%, 75%, 76%,

71%,-74.5%, 69%
72% 69%-73%, 82%,

85%
82.8% 84.6%
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4.5 Discussion

The proposed FCQ-CNN is also compared with recently published quantum models,
such as the Quantum Support Vector Machine (QSVM), the Quantum Random Forest
(QRF), the Quantum K-Nearest Neighbor (QKNN), and the Quantum Convolutional
Neural Network (QCNN). The table 4.6 shows that the proposed FCQ-CNN is more
competent than the existing quantum models in terms of high test accuracy, least com-
plexity, and low computational loss. Numerous studies on quantum-enhanced methods
have been carried out to tackle issues with machine learning. For an instant [237],
presented various QML approaches, i.e., QSVM, VQC, and amplitude-encoding VQC,
by considering the three different datasets. The highest accuracy for the UCI dia-
betes dataset is achieved at 74.1%, 68.7%, and 74.5% for QSVM, VQC, and amplitude-
encoding VQC, respectively. The algorithms are executed by using the IBM simulator
and the Qiskit framework [214]. Similarly, comparing our results to those of a lit-
erature review of the ensemble learning approach proposed by the Pennylane project
team [238]. It uses two different Quantum Processing Units (QPUs), forest.qvm and
qiskit.aer, each working as a separate cluster of trees. For identifying three different
groups, 150 samples from the iris dataset were employed. A PauliFeature map is used
to convert the classical data, and RX gate rotation is used to determine the depth of
the circuit. For both the training and testing datasets, the ensemble model predicted
results are recorded as 83.2 percent and 72%, respectively. The model’s reliability is
verified by comparing it with YANO et.al [239], which exploits quantum random access
coding to effectively map such discrete features into a finite amount of qubits for VQC.
The goal of the work is to show that QRAC can speed up VQC training by lowering its
settings and minimizing the number of qubits required for the mapping. The models
are evaluated using UCI breast cancer and heart disease data with 286 instances and
9 features and 303 instances and 13 features, respectively. The models work well and
obtained the maximum accuracy of 72% and 88% for VQC and VQC-QRAC for both
datasets. The quantum CNN completely replicates the classical CNN by supporting
non-linearities and pooling operations. A new quantum approach with ℓ∞ norm and
new quantitative research algorithms in the context of information processing is intro-
duced by Kerenidis et.al [240]. For classification, the MNIST datasets’ classification us-
ing numerical simulations has been considered, which demonstrates the effectiveness
of the QCNN in a real-world scenario. The model achieved the highest test accuracy
82.8% and 74.8% and error rates of 0.51 and 0.77 with ℓ= 0.01,0.1 respectively.

In summary, our proposed FCQ-CNN model offers significant results on the car-
diovascular dataset and is competitive with recently published different quantum ma-
chine learning models [237], [238], [239] and [240].
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4.6 Conclusions

Quantum machine learning and data science have interesting future uses thanks to
fully parameterized quantum convolutional neural networks. In this paper, a com-
prehensive benchmark of the FCQ-CNN is presented for handling the classification
tasks on classical data. The FCQ-CNN algorithm can be customized using a variety
of factors, including the design of parameterized quantum circuits, quantum filters,
pooling operators, classical data pre-processing techniques, quantum feature mapping,
optimizer, and cost functions. The data used for this experiment comes from public
hospital and is based on healthcare records relating to heart disease. In the first stage,
the data is cleaned by eliminating any redundant and irrelevant variables, nullifying
inoperative variables, converting data types, and handling missing values. Combining
a support vector machine (SVM) with recursive feature elimination (RFE) as a wrap-
per, and a maximally relevant minimal redundancy (MRMR) filter, the important 20
features are selected. The input classical data has been converted into quantum vari-
ables using quantum feature mapping (PauliFeature map). Using the IBM state-vector
simulator, the model is tested with 20 qubits of QCNN for the binary classification of
cardiovascular datasets, which reduces the number of free parameters. The gener-
alized FCQ-CNN architecture put forward in this study has an input layer with 20
nodes and two quantum filters. For the input layer and convolutional layer, a Relu ac-
tivation function is used, while the output layer has a sigmoid function to accomplish
binary classification. A measurement circuit is used at the output layer to decode the
quantum variables. The model has been tested using several optimizers and learning
rates, and it produced statistically significant results using the Adam optimizer and a
learning rate of 0.001. Despite the limited number of free parameters, the FCQ-CNN
model achieved the highest testing accuracy of 84.6% in all instances for cardiovascu-
lar datasets. The proposed model results were also compared to the optimized CNN
and FCNN models, and it was noticed that FCQ-CNN performed slightly better than
both classical models under the same training conditions for the same data samples.

The primary limitation of this work is the use of a small number of data samples
compared to a small number of qubits. The quantum computing device requires more
logic gates to use larger datasets and more qubits, which increases the computational
cost and prolongs the model execution time. These limitations might have an impact
on quantum states, where a wrong rotation might cause an error in the result. In the
future, a universally fault-tolerant quantum computer will be needed to efficiently han-
dle issues like integer factorization and unstructured database search. This computer
will need millions of low-error, long-coherence-time qubits.
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Chapter 5

Case Study III: Sarcopenia Disease

5.1 Introduction

Sarcopenia is considered to be a dangerous health hazard in terms of social, clinical,
and economic aspects. It is characterized by decreased muscle mass and function as a
result of nutritional deficiencies and decreased physical activity and is more common in
elderly people [241]. The word "sarcopenia," derives from the Greek words "poverty of
flesh," was first used by Irwin Rosenberg in 1989 to describe an age-related loss of lean
body mass that affects independence, nutritional condition, and mobility [242]. Sar-
copenia is becoming more common, which is a result of global population ageing [243].
As reported by the WHO, around 600 million people over the age of 60 were estimated
to exist in 2000, and by 2025, this number is expected to rise 1200 million [244]. It also
causes a variety of senile decays, including falls, physical disabilities, depression, frac-
tures, poor quality of life, and even death [245]. Sarcopenia has recently been identified
as a distinct disease entity and is becoming more common as the world’s population in-
creases. According to numerous studies, sarcopenia is related to a variety of chronic
and metabolic diseases [246]. Muscle mass falls as levels of physical activity drop for
a variety of reasons, eventually resulting in a vicious cycle of sarcopenia-related dis-
ease [247]. Therefore, despite addressing other conditions that may induce sarcopenia,
a sufficient diet with high protein content, physical activity, and anti-inflammatory
drugs are needed. However, the changes in physical activity are asymptomatic, and
there is potential for early screening. Therefore, in the framework of preventative and
predictive medicine, developing an efficient sarcopenia screening tool for the elderly
population is essential to raise the chance of early identification and treatment [248].

Despite the significant clinical importance of sarcopenia, it is still misdiagnosed and
poorly treated. Currently, there are no specific diagnostics toll available for screening
it, due to the incomplete understanding of the biology of sarcopenia [249]. An earlier
observational study revealed that sarcopenia may be correlated with inflammatory in-
dicators such as tumor necrosis −α factor, interleukin-6, and reactive protein [250]. Re-
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cent research has raised the possibility that several biomarkers connected to skeletal
muscle alterations and neuromuscular junctions may be used to predict the develop-
ment of sarcopenia [251]. These indicators must be collected by intrusive blood testing,
and they are not sufficiently accurate to identify sarcopenia. The majority of patients
with cachexia will suffer from the loss of muscle mass and strength typical of sar-
copenia, however, sarcopenia patients, such as those with sarcopenic obesity, may not
experience cachexia [252]. Frailty occurs from cumulative deficiencies reducing total
functional reserve, which can cause hospitalizations, functional reliance falls, weight
loss, and other negative effects [253] [254].

Currently, the conventional techniques are used to measure muscle strength and
mass including computed tomography (CT), Dual Energy X-ray Absorptiometry (DEXA),
and Magnetic Resonance Imaging (MRI) [255–257] which is insufficient for diagnosing
sarcopenia. Despite their extensive applications, these clinical exams appear to be
underutilized in this environment due to the expensive equipment and lack of acces-
sibility. Additionally, highly skilled medical staff are needed to operate the devices/e-
quipment used in these kinds of clinical tests. Moreover, to overcome this restriction,
EHRs [127] have gained popularity recently, enhancing the accuracy of prediction es-
sential for sarcopenia analysis. There are significant possibilities for both epidemiolog-
ical and clinical research using these routinely created longitudinal databases [258]. It
includes details about individual patient health status and is an electronic represen-
tation of their medical record [259]. Because of its enormous size, EHR generally have
great statistical significance and are used to classify the population. The reliability of
the data may be further improved by linking several EHR parameters, which poses
a serious obstacle in the healthcare research application. Therefore, it is possible for
data elements that could be important for research to be misclassified, inadequately
described, or absent, which might result in systematic quantitative error [260].

The capacity of machine learning is quickly approaching the limit of classical com-
puters because of the continuous growth of data. One of the most common computing
models for modulating quantum information for computation is quantum computing,
which is dependent on the law of quantum mechanics [261]. Due to quantum com-
puting, the field of QML has been investigated. QML is sufficient to solve a num-
ber of challenging issues with classical computers because of quantum phenomena,
i.e, quantum entanglement, tunneling, quantum superposition [262] [263]. The in-
clusion of quantum computing into conventional machine learning can increase com-
putational efficacy and decrease complexity [264]. Many quantum-enhanced machine
learning algorithms have recently been introduced to accelerate some particular ML
tasks [265] [266]. Accurate and quick diagnosing and precise treatment are essential
to providing high-quality of care, and QML offers exceptional processing speed [267].
Quantum computing enables healthcare professionals to find correlations, offer diag-
noses, and suggest viable therapies [268]. The technology makes it possible to analyze
massive amounts of clinical information and provide patient centered care [269]. The
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Table 5.1: Physical measurement, type, level and code used in the dataset.

Features Type Level Code

Mobility-score Normal
Mild cognitive impair-
ment
Moderate impairment
Serious impairment

≥ 24
23-19
14-18
≤ 14

1
2
3
3

Mini-Nutritional Normal
Malnutritional-risk
Malnutrition

24-30
17.5−23
≤ 17

1
2
3

Lawton Total-dependency
Severe-dependency
Moderate-dependency
Mild-dependency
Independent

0-1
2-3
4-5
6-7
8

1
2
3
4
5

Norton Normal
Obvious-risk
High-risk

> 14
≤ 14
≤ 12

1
2
3

Charlson (Predicts
mortality risk)

Low-risk
High-risk

< 3
≥ 3

1
2

Barthel Independent
Mild-DEP
DEP-MOD
DEP-SEV
Total-DEP

100
91-99
61-90
21-60
0-20

5
4
3
2
1

medical industry is being revolutionized by quantum computing, which reduces the
cost of uncertain treatments, where a single molecules can be seen using a very accu-
rate representation produced by quantum imaging technology [270].

5.2 Materials

This study is based on data from the geriatrics department of the Tijuana General Hos-
pital and focuses on the prevalence of sarcopenia in elderly people. In 2017, there were
85,259 older residents (aged between 65 and 90 years) in Tijuana, where 65% of them
received medical care at the hospital. The hospital served people with limited financial
resources [271]. In the descriptive observational research, a group of adults suffering
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Table 5.2: The desired risk factor for both sarcopenia and chronic diseases.

Risk factor for sarcopenia Risk factor for chronic diseases

Physical inactivity Chronic pain
Low weight by birth Diabetes mellitus
Female gender Mood disorder
Genetic predisposition Heart failure
Lifestyle Liver failure
Constitutional Cognitive impairment
Weightlessness Chronic inflammatory diseases
Low protein intake Short breathing
Being bedridden Cancer
Malnutrition Kidney failure
Inanition Catabolic effect of drugs
Smoking habit Osteoarthritis
Living condition Obesity

from mild to severe sarcopenia were assessed. The required sampling size was de-
termined by factoring in the assumed prevalence by using bioimpedance assessment
in older people, which was 17%, and assuming a 5% error margin and 95% confidence
range. These parameters determined that 166 individuals were required to achieve the
desired outcomes [272]. The dataset contains information on patients from various ar-
eas of Baja California, such as Rosarito, Tecate, Tijuana, and Ensenada. Patients who
were willing to participate in the investigation and have been diagnosed with mild to
severe acute sarcopenia signed an informed consent. The research did not include any
patients who were reliant on either psychological or physical huddle. Elderly people
do not engage in any physical exercise, which is referred to as being "sedentary. At the
Tijuana General Hospital, geriatricians made the sarcopenia diagnosis based on the
medical histories of patients. The study used patient electronic health histories while
taking into account a variety of factors, including, age, (mini nutritional assessment
(MNA) validated test), functional capacity (Lawton and Barthel), socio-demographic
and biochemical information, pharmacology, malnutrition, psychological tests, and the
weighted body index with specific comorbidity (Charlson). The risk factors for sarcope-
nia and other chronic illnesses are shown in table 5.2.

Initially, the dataset contained 251 patients EHRs, considering 84 different at-
tributes. Both genders are taken into account, where total womens are 180 (65%) and
total mens are 71 (35%) of the total dataset, where the average age of each individual is
considered 79 years as shown in table 5.3. Machine learning algorithms which predict
the patient’s sarcopenia level utilizing the available data about them, were applied to
determine the level of sarcopenia in these adults. The physical measurement, type,
level and code used in the data set are briefly explained in table 5.1.
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Table 5.3: Assessment criteria for both genders.

Assessment Females Males

Gender 65% 35%
IMM (Immune mediated myositis) < 6.1 kg/m2 < 8.5 kg/m2

Hand grip strength (lbf) < 20 < 30
Walking speed (m/s) < 0.8 < 0.8

5.3 Methods

The method section contains steps for cleaning the raw dataset, important feature
selection techniques, and quantum state preparation, and QML models, i.e, QKNN,
AE-VQC as briefly discussed below.

5.3.1 Data Cleaning

The dataset cleaning involves a set of procedures that are used to ensure that the data
is accurate, consistent, and complete as shown in figure 5.1. Here are the general steps
involved in the cleaning process for our sarcopenia dataset.

• Inspect the data: This step involves examining the data to understand its struc-
ture, content, and quality. This will help you identify any issues that need to be
addressed.

• Handle missing data: Missing values are handled by removing the rows or columns
with null values.

• Remove duplicates: All the redundant and duplicated information has been re-
moved.

• Handle inconsistencies: Check the inconsistencies in the data, such as typos er-
ror, or inconsistent formatting. Standardize the data to a common format to
ensure consistency.

• Normalize the data: The data has been normalized to make all the elements lie
between 0 and 1 thus bringing all the values of numeric columns in the dataset
to a common scale.

5.3.2 Feature Selection

The important features have been selected by using Random Forest (RF) with Recur-
sive Feature Elimination (RFE) and Logistic Regression (LR) with RFE and finally, an
intersection has been used to select the three most important subsets of features as
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Figure 5.1: Data cleaning process.

shown in figure.5.2. The RF classifier generates a large number of decision trees to
rank the significance of each predictor that makes up a model. The best predictor is se-
lected and split by each node of a tree, which considers a different subset of randomly
chosen predictors. The best predictor is determined by lowering the impurity of the
node and measuring the estimated response variance. In the range implementation of
RF, this criteria is regarded as the default technique applied to regression trees. Each
tree is created using a randomly selected bootstrap sample, which is used as a train-
ing set to predict the data in the second sample of testing set. This sample is made
up of around two-thirds of the total observations. The predictions for each variable
are combined across all trees, and the remaining samples’ mean square error (MSE)
is calculated. To assess each RF performance, the remaining samples MSE and per-
centage of variance are used. I have compared the importance scores obtained after
running RF once and after running it repeatedly in order to determine whether RF
with RFE was superior to RF alone. The RFE, as described by Guyon et al [273], is es-
sentially a backward selection of the predictors. It computes a relevance score for each
predictor by creating a model using the whole set of predictors. The RF-RFE approach
involved using RF to establish the initial significance scores, recursively deleting the
variables with the lowest importance scores from the data set, then ranking the re-
maining variables in order of highest importance score accordingly. After removing the
least significant predictors, the model is rebuilt, and importance scores are calculated
again. In reality, this determines the size and number of each feature subset to be eval-
uated. Based on the importance rankings as show in figure 5.3, the important features
are chosen using the subset size that optimizes the performance requirements.

In parallel, logistic regression with RFE is also considered for important feature
selection. The goal of logistic regression is to determine the probability that the de-
sired observation belongs to a specific class. In logistic regression, it’s important to
choose all the desired features before attempting to predict the target variable. These
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Figure 5.2: Important feature selection process.

Table 5.4: Dataset before and after pre-processing.

Parameters Raw dataset Clean dataset Balanced
dataset

Total samples 251 231 162
Features 53 41 41
DataType Categorical Categorical Categorical
Output Binary Binary Binary

methods involve iteratively fitting the model with different subsets of the input fea-
tures and evaluating the performance of the model on a validation set. The features
that contribute the least to the model’s performance are then removed, and the pro-
cess is repeated until a desired level of performance or a specified number of features
is achieved. Finally, the intersection strategy has been used, which makes the use of
common features from each of the given individual classifiers. Both the classifiers ex-
tracted the three important feature subsets,8 features, 16 features, and 32 features as
shown in figure.5.4, figure.5.5 and figure 5.6 respectively are further used to train the
final models.

5.3.3 Quantum State Preparation

Quantum state preparation is the process of creating a specific quantum state in a
quantum system. A quantum state can be described by a mathematical object called a
wave function or state vector, denoted as |Ψ〉. The state vector contains all the infor-
mation about the quantum system, including the probabilities of measuring different
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Figure 5.3: Features importance criteria for whole dataset.

outcomes from a measurement. Quantum state preparation involves choosing the ap-
propriate basis states and coefficients to create a specific quantum state. This process
can be achieved through the application of quantum gates and other quantum opera-
tions. The general equation for preparing a quantum state is give as below [274],

|Ψ〉 =∑
ci |Ψi〉 (5.1)

where ci is the complex coefficients and
∣∣ψi

〉
indicates the input data into the quantum

system. The basis states represent the possible states that the system can be in, and
they form a complete orthonormal state. To prepare a specific quantum state, I choose
the appropriate basis states and coefficients. Lets suppose, to prepare a qubit in the
state [274],

|Ψ〉 = |0〉+ |1〉 (5.2)
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Figure 5.4: Selected 8 important features

Figure 5.5: Selected 16 important features.

where |0〉 and |1〉 are the basis states of the qubit. This state is called the superposition
state of |0〉 and |1〉. To prepare this state, a need to apply a quantum gate called the
Hadamard gate to the initial state |0〉. The Hadamard gate is defined as, which is
considered the desired state of |Ψ〉 [275],

H|0〉 = 1/p2|0〉+1/p2|1〉 (5.3)

In order to analyze data for QML models, it is important to convert classical data into
quantum data. This can be done by representing the classical data as training data in
a quantum format as [275],

Fn = {(∣∣ψ1
〉

, y1
)
, . . .

(∣∣ψi
〉

, yi
)
, . . . ,

(∣∣ψn
〉

, yn
)}

(5.4)

The above
∣∣ψi

〉
is the quantum state for label yi data stratification of Fn,

∣∣ψi
〉 ∈ C2d

and
yi ∈ {c1, c2}. Multiple techniques exist for converting classical data into quantum data
in high dimensions, such as basis encoding and amplitude encoding. These methods
allow the classical data to be embedded into the quantum data format.

5.3.3.1 Basis Encoding

The most common method for encoding classical data into a quantum state is basis
encoding. It is used to convert n bit binary string x into a n qubit quantum state
|x〉 = |ix〉, where |ix〉 indicates the computational basis state. The approach establishes
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Figure 5.6: Selected 32 important features.

a connection between the computational foundation of n-qubit data points and n-bit
classical data points, like for the classical data (1001) the corresponding four qubit
quantum state |1001〉 via following equation [290].

|D〉 = 1p
M

M∑
m=1

∣∣xm〉
(5.5)

Whereas, D is classical data, D = {x1, x2, ....., xM} that creates binary vector, xm =
{bm

1 ,bm
2 , ...bm

N },bm
i ∈ {0,1}, i ∈ { 1,2, ...., M} and M is the number of attributes.

5.3.3.2 Amplitude Encoding

The key concept of the amplitude encoding is to converts the classical data into quan-
tum state amplitude. As seen below, classical data strings are converted to quantum
amplitude variables using a normalized classical vector.

x =


x1

x2

·
·

xn
n

 (5.6)

The normalized ∥x∥2 =∑
i |xi|2 = 1, classical input x having length N can be converted

into n-qubit quantum state amplitude, where n = ⌈
log2(N)

⌉
. Each input corresponds to
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Figure 5.7: Circuital topology of basis encoding.

Figure 5.8: Circuital topology of amplitude encoding.

a quantum state whose computational basis’s amplitudes are represented by the input
vector, as shown below [282].

ψx =
N∑

i=1
xi i (5.7)

where ψ ∈ Hilbert space (H ) and
∑

i |xi|2 = 1.

|ψ〉 = R
(
vi,β

)
|q1 . . . qs−1〉 |qs〉 (5.8)

The state |ψ〉 is considered a cascading circuit rotated in Ry gate rotation. The Ry

gate is rotated for n number of features, where n indicates the binary power of the input
feature vector. The circuital diagrams of basis encoding and amplitude encoding are
indicated in figure.5.7 and figure 5.8. For simplicity, here I consider a 3 qubits circuit
to distinguish the basic difference between the two schemes. The amplitude encoding
has been considered for all three groups of qubits (n = 3, 4, and 5) that correspond to
the three groups of feature vectors (v = 8, 16, and 32) as shown in figure 5.9. In order to
construct the state |ψ〉, multiple types of circuit depth or gate rotation are utilized. In
contrast to basis encoding and angle encoding, which required one qubit per dimension,
and probably used a large number of qubits for higher dimension samples, this results
in a loss of information or coherence in a NISQ device. Amplitude encoding, on the
other hand, requires log(N) qubits with time complexity O(N), where N = 2n and n is
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Figure 5.9: Number of qubits required for basis encoding and amplitude encoding.

the number of required qubits) for any n number of features, which assists in reducing
the coherence issue in such devices.

Figure 5.10: An overview of KNN algorithm.

5.3.4 Quantum K Nearest Neighbor Algorithm (QKNN)

K Nearest Neighbor (KNN) is a popular supervised machine learning technique. The
concept behind its operating mechanism can be summed up as follows: Provide a test-
ing sample, locate its closest k neighbors using some distance measure, and then clas-
sify the sample based on the information obtained from these neighbors. Generally, the
majority voting approach is taken to complete the algorithm, and the test samples are
given the K nearest neighbors leading category tag as a label. figure 5.10, shows how
the KNN algorithm works, when K = 3, the testing sample (represented by a red star) is
classified as belonging to the green dot (class B) category. However, when k = 6, the test
sample is referred to as the blue dot (class A), because now that contains the majority
of this category. In the KNN algorithm, the value of K is a key factor, as a change the
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value of K the classification outcome changes accordingly. However, this simplistic as-
sumption contradicts actuality, particularly in the Big Data situation, because in large
datasets, unexpected outliers, i.e., polluted data, may results in erroneous assessment.

Figure 5.11: Block diagram of QKNN model.

5.3.4.1 Searching K Nearest Neighbors

One of a KNN’s high time complexity features is searching K-nearest neighbors. For
the unsorted search issue, a novel concept is presented with the introduction of the
Grover algorithm. To determine the K-minimum values, Dürr presented a quantum
algorithm [276] in 2004. In 2019, Miyamoto [277] used another concept to offer a
quantum algorithm for finding K-minimum values. Finding K-minimum values in M
data can be accomplished by both of their strategies with a time complexity of O(

p
kM).

In the same way that classical KNN does, the QKNN uses the algorithm of quantum
K minima finding to find the test states for K closest neighbors. First, the distance
is computed in a quantum state, then a random K indices from set M are selected. A
parameter t is considered which is used to find the K values which are supposed to
be less than t. Utilize the binary search to identify the threshold index t minimum
algorithm record that satisfies the requirement that the number less than t be near to
K . To find out if the condition is satisfied, the quantum counting method is employed.
Later utilizing the quantum Grover search algorithm [276], the indices are substituted
in set M with new indices (that are not in set M) and continue to do so until the top k
neighbors are identified as shown in figure 5.11. The most important step in this pro-
cess is to set up an oracle that can perform the desired Grover operation in a quantum
state. The oracle has to be able to perform calculations of the form Fy′ > Fy and verify
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Figure 5.12: SWAP test circuit [280].

that y′ ∉ A. To create such an oracle, the fidelity is first extracted using the Swap test
and encoded as the amplitudes of a quantum state. The fidelity is encoded as digital
states after an analog to digital conversion of the amplitudes.

5.3.4.2 SWAP Test

The swap test is a type of quantum algorithm that can be implemented in order to
produce a statistical assessment of the level of fidelity F(ψ,φ)= |〈ψ |φ〉|2 among the two
arbitrary n qubits. Figure 5.12 depicts a control swap (CSWAP), which is comprised of
three registers, and its operation can be described as [279],

CSWAP |0〉|φ〉|ψ〉 = |0〉|ψ〉|φ〉
CSWAP |1〉|φ〉|ψ〉 = |1〉|φ〉|ψ〉 (5.9)

In order to combine the three states |0〉|φ〉|ψ〉 respectively, the implementation of
the swap test between state |φ〉 and state |ψ〉 requires three registers. Finally, at the
circuit end, the measuring probability for the primary register is determined, where
the difference between Pr(0)−Pr(1) provides the desired level of fidelity [279].

Pr(0)= 1
2
+ 1

2
|〈ψ |φ〉|2

Pr(1)= 1
2
− 1

2
|〈ψ |φ〉|2

(5.10)

5.3.4.3 QKNN Classification

The proposed algorithm has the capability of classifying quantum states without their
explicit classical description, where circuits are required to create these states. The
model uses 2n quantum states, where n is the number of qubits. The Swap test and
expansions of quantum analog to digital conversion techniques were employed in the
model to build an oracle, allowing us to limit the quantum KNN problem. When de-
termining similarity, the fidelity and dot product are used, and fidelity can be applied
to classify data. Let’s say that H is the n qubit Hilbert space with a size of N = 2n,
and call the state represented by |ψ〉 ∈H the unknown test state whose label must be
assigned as [280],
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{∣∣φ j
〉

: j ∈ {0, . . . , M−1}
}⊂H (5.11)

Where H is a set of M train states whose labels are known to us. For simplicity,
let us suppose that M = 2m where m is considered a positive number. The goal is to
identify the K nearest neighbors among the train states, and then label |ψ〉 based on
the results of a majority vote. It is possible to define the fidelity as F j ≡ F

(
ψ,φ j

) =∣∣〈ψ |φ j
〉∣∣2 between the test state and the jth train state [280].

F = [F0, . . . ,FM−1] (5.12)

The subscript M is the length of the table that includes all of the fidelities together
with the test state |ψ〉 and all of the train states

{∣∣φi
〉}

. Additionally, the dot product
X (u,v) ≡ 〈u | v〉 can be used to construct the QKNN algorithm in place of the fidelity
method. The dot product is more helpful when dealing with real-valued vectors, which
is typically the case in practical applications. In order to use fidelity with QKNN, a
swap test must be performed between the test state and the train state while both
are in superposition. This swap test must use analog encoded fidelity information
Fi and the algorithm for a quantum analog to digital converter. The QkNN with is
considering the dot products, and the swap test is replaced with the Hadamard test.
By evaluating the overlap between the test state and a superposition of all training
states, I perform the Hadamard test and analog-encode the dot product data X i, and
then utilize a variant similar to the real quantum analog to digital converter (QADC)
technique to digitize the data.

Figure 5.13: Block building of variational quantum classifier.
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5.3.5 Amplitude Encoding Variational Quantum Classifier (AE-
VQC)

The variational quantum classifier (VQC) is a supervised QML method that is often
used to solve classification problems in the noisy intermediate scale quantum (NISQ)
device. It is an important QML technique that is used to distinguish between inter-
esting physics events and background events, allowing one to get the experimental
results without using extra error-correction methods. The VQC model is based on the
idea that classical information is encoded into a quantum states, processed using quan-
tum techniques, and then a measurement circuit is used to get the classical predictions
as shown in figure 5.13. The parameters are optimized and updated using a classical
computer in this hybrid approach, which speeds up the optimization process without
requiring longer coherence times. After the variational circuit, the qubits’ state can
be expressed as |ψ(θ)〉, where θ represents the quantum gates’ parameters, which are
equivalent to weights in neural networks. The cost function, which is based for error
mitigation by integrating noisy data in optimization computations, is computed using
the device’s repeated measurements. Based on quantum circuits that are challenging
to replicate conventionally, the quantum approach maps classical input data into a
large quantum feature space.

5.3.5.1 Quantum Feature Mapping

Quantum feature mappings’ basic idea is derived from the traditional machine learn-
ing kernel technique, which involves non-linearly mapping a dataset into a higher-
dimensional space to identify a hyperplane that may be used to classify non-linear
data [238] [289].

UΦ(x) =
∏
d

UΦ(x)H⊗nUΦ(x)H⊗n (5.13)

A quantum feature map functions as a representation of the quantum kernel Φ :
X →H , where H represents the quantum Hilbert space. I define a PauliFeatureMap
for n-qubits generated by a unitary operation and considering the conventional Hadamard
gates operation [281].

UΦ(x) = exp

(
i

∑
S⊆[n]

φS(x)
∏
k∈S

Zi

)
(5.14)

Where |φ(⃗x)〉〈φ(⃗x)|, a Hilbert space vector, represents the quantum states and φ(⃗x)
represents the classical feature vector. The subscript H stands for the Hadamard
gate, Uφ(x) is a diagonal gate (unitary gate) on the Paulifeature basis, and (Zi) for
the feature spacing. The requisite qubit count is directly correlated with the data
dimension. By varying the angle to specific values, the data is encoded via the uni-
tary gates UΦ(x). Several feature maps, including FirstOrderExpansion φSx 7−→ xi,
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SecondOrderExpansion φS : x 7−→ (π− xi) (π− xi), and SecondOrderPauliExpanssion
φS : x 7−→ sin(π− xi)sin(π− xi) [282] [283], are considered.

The feature map is identified by a data-encoding technique, which can be accom-
plished via a non-trivial or arbitrary state preparation quantum circuit and requires a
time delay O (2n). Before generating the state of amplitude encoding, the data is con-
verted to corresponding angle representations using multiple controlled rotations. The
input vector is used to construct the angle θ, vi represents the ith classical sample, and
β and is the angle determined by the inverse sine of the classical input dimensions.

5.3.5.2 Variational Quantum Circuit

A hybrid quantum-classical method that combines the advantages of quantum and
classical computing known as variational quantum circuit. A classical computer is
used to optimizes that particular type of quantum circuit which consist of tunable pa-
rameters. The procedure involves setting up the states, doing the measurement, and
parameterize the input x of the variational quantum circuit according to the number of
parameters θ. The three fundamental elements that compose a typical quantum vari-
ational circuit are: an initial state, also referred to as the zero state or vacuum state;
a quantum circuit parameterized by a set of free parameters θ; and an observable B̂ at
the output. Furthermore the observable consists of each wire local observable or set of
wire in the circuit. The expectation values of one or more of these circuits, maybe with
some traditional post-processing, for a particular task the scalar cost is defined as,

f (θ)= 〈0|U†(θ)B̂U(θ)|0〉 (5.15)

Where the cost function is used to optimized the circuit free parameters θ = (θ1,θ2, . . .).
A classical optimization method probes the quantum device to train variational cir-
cuits. Typically, the optimization process is an iterative approach that looks for im-
proved parameter θ choices at each stage. The variational form of a typical VQC model
along with feature map and the encoding circuit with CNOT, RY and RZ gates are
shown in figure 5.14 and figure 5.15 respectively.

Figure 5.14: Circuital overview of typical VQC with feature map.

103



Figure 5.15: A variational circuit.

5.3.5.3 Measurement Circuit

A quantum measurement circuit is utilized to carry out a definitive measurement in
order to evaluate the class possibilities. The measuring procedure is equivalent to se-
lecting numerous samples from a distribution of possible computational base states
and computing the average value. The final purpose circuit is then elaborated by using
PauliFeatureMap and an EfficientSU2, where the circuit depth are consider 2. The
purpose of training is to find out the parameter values that will optimize a given loss
function. A quantum model can be optimized in a similar manner to that of a tradi-
tional neural network. In both cases, I calculate the gradient of the quantum circuit
by running the model forward and figuring out the loss function. In order to find the
difference between our predictions and the actual data, which is represented as a loss
function value, the trainable parameters can be updated using gradient-based opti-
mization techniques as a loss function during training.

5.3.5.4 Optimization

When the measurements are ready, an optimization procedure is used to update the
quantum variational circuit’s parameters. The cost function’s value is reduced by train-
ing the circuit parameters using the classical loop. The Constrained Optimization by
Linear Approximations (COBYLA) optimizer has been considered [284], which uses a n
+ 1 fundamental (n being the number of features) to produce successive linear assump-
tions of the cost function, improving these assumptions in a trusted region at each
stage. COBYLA is a numerical optimization technique which is used for constrained
challenges in which the objective function’s derivative is unknown.

5.4 Experimental Results

In this study, the experiments are carried out on a classical device by using Python
3.9.11 with the Qiskit 0.37.0 version. StandardScaler and MinMaxScaler were im-
ported from Sklearn 1.0.2 to standardize the input shape for the model to the range (-1,
1). For the QKNN model, the QKNeighborsClassifier is imported from qlearnkit 0.2.0
with qiskit-machine-learning library 0.3.1, qiskit-terra 0.23.0, and qiskit-aer 0.10.3.
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Table 5.5: Comparison matrix of proposed models QKNN and AE-VQC with classical
KNN and classical NN for all datasets.

Dataset Classifiers
Confusion Matrix Performance Evaluation Average Values

Prediction Class →
0 1 Precision Recall F1-score Test Size Accuracy F1-score

Actual class ↓

Dataset 1
(8 Features)

Classical KNN
0 11 5 65% 69% 67% 16

67% 66.9%
1 6 11 69% 65% 67% 17

QKNN
0 10 7 77% 59% 67% 17

70% 72.1%
1 3 13 65% 81% 72% 16

Classical NN
0 12 4 80% 75% 77% 16

79% 79.95%
1 3 14 78% 82% 80% 17

AE-VQC
0 15 2 75% 88% 81% 17

79% 80.9%
1 5 11 85% 69% 76% 16

Dataset 2
(16 Features)

Classical KNN
0 14 3 67% 82% 74% 17

70% 73.7%
1 7 9 75% 56% 46% 16

QKNN
0 9 8 90% 53% 67% 17

73% 76.8%
1 1 15 65% 94% 77% 16

Classical NN
0 13 3 72% 81% 76% 16

76% 76.2%
1 5 12 80% 71% 75% 17

AE-VQC
0 9 8 75% 53% 62% 17

67% 70.2%
1 3 13 62% 81% 70% 16

Dataset 3
(32 Features)

Classical KNN
0 12 5 80% 71% 75% 17

76% 75.2%
1 3 13 72% 81% 76% 16

QKNN
0 13 4 76% 76% 76% 17

76% 75.5%
1 4 12 75% 75% 75% 16

Classical NN
0 11 5 73% 69% 71% 16

72.7% 73.9%
1 4 13 72% 76% 74% 17

AE-VQC
0 15 2 68% 88% 77% 17

73% 76.7%
1 7 9 82% 56% 67% 16

The hyper-parameters have been tuned by using different values of K (k=3, 5, 7) with
different shots of quantum instances (1024, 2000, and 5000). The AE-VQC model con-
sists of 5 layers, using COBYLA optimizer and considering a various sets of learning
rates (lr = 0.001, 0.0001, and 0.0001) with different batch sizes (bs = 8, 16, and 32).
Due to the lack of a publicly accessible quantum computer, the IBM quantum sim-
ulator, including the state vector and QASM simulators are used. The models have
been evaluated using 80% training and 20% testing dataset. Three different sets of
features (8, 16, and 32) have been considered for all the models, and then compare the
competency in terms of accuracy, recall, F1-score, and precision.

5.4.1 Performance Evaluation

The performance of the proposed models has been obtained by using the mean, vari-
ance, and gradient of the classical evaluation metrics and comparing the outcome on
the grounds of accuracy, precision, F1 score, recall and loss function is computed as
follows,
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loss = 1
n

n∑
i=1

(ya − ŷa)2 (5.16)

In the above, the subscript ya indicates the observed value, ŷa is the predicted
value, and n is the number of observations respectively. The accuracy of the model in
terms of confusion metrics is obtained as follows:

Accuracy= TP +TN

TP +TN +FP +FN
(5.17)

The subscripts TP ,TN ,FN ,FP indicates, the values of true positive, true negative,
false negative, and false positive, respectively. In order to obtain a better accuracy,
the ratio of true positives and true negatives must be close to 1. Among the retrieved
events, precision is a component of major cases. In the case of a good classifier, the
value of precision should always be 1, when FP is zero and TP = TP +FP . Precision
refers to a classification model’s capacity to correctly recognize and isolate pertinent
data points. In mathematical terms, precision is determined by dividing the number of
true positives by the sum of true positives and false positives as describe bellow,

Precision = TP

TP +FP
(5.18)

Where FP indicates the values of false positive, and TP for true positive respec-
tively. Furthermore, another important metric is recall, which is an essential ML
statistic. Recall is also known as sensitivity or true positive. A good classifier always
has the recall value 1, because the equivalent values of the numerator and denomina-
tor are TP = TP +FN which mean the desire observation is positive and also predicted
to be positive. The recall metric can be defined as,

Recall = TP

TP +FN
(5.19)

A statistic called the F1 score is used to assess how well a classification model
performs, especially when working with unbalanced datasets. It is the harmonic mean
of recall and precision, bringing both metrics together into one number that strikes a
balance between both.

F1score = 2× Precision × Recall
Precision + Recall

(5.20)

5.4.2 Results With 8 Features

The experiment to classify the sarcopenia disease by considering 8 features using
classical KNN, quantum KNN, a classical neural network, and AE-VQC model. The
dataset was randomly split into 80% training and 20% test sets, and the same hyper-
parameters are considered to evaluate both models. Following cleaning and balancing
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Figure 5.16: Models comparison matrix for 8 features.

the dataset, the intersection of the RF-RFE and LR-RFE was employed to select the
8 most significant features. Initially, both the classical and quantum KNN are tested
for a different number of neighbors K = 3,5,7 and the results are recorded. However,
both models perform best when K = 5, while K = 3 overfits and K = 7 produces the
wrong prediction. Table 5.5 indicates the comparison matrix of all the models in terms
of precision, recall, F1-score, and accuracy. The classical KNN model has the highest
accuracy of 67% with an average F1-score of 66.9%, while the QKNN model has the
highest accuracy of 70% with an F1-score of 72.1%. In the case of the QKNN model, I
have used 1024 shots to get the resultant probability distribution. The amplitude en-
coding method used by the QKNN model reduces the dimensionality of the input data
and enables the algorithm to make better predictions. Similarly, I also compared our
second model, AE-VQC, to the classical NN model, and found that it performed slightly
better than the traditional model, as indicated in table 5.5. Both models behave the
same way since they both contain three layers, a learning rate of 0.0001 with a batch
size of 16, and a loss function of binary-cross entropy. The only distinction is the input
shape, because the AE-VQC model also performs the amplitude encoding method to
decrease the input shape’s size. The quantum models only need three qubits for the
desired experiment with 8 features, which further simplifies processes. The compari-
son matrix of all models with 8 features is displayed in figure 5.16, which demonstrates
that given the desired dataset with the intended number of features, quantum models
are better performed than classical models.

5.4.3 Results With 16 Features

In this second set of experiments, I am interested in demonstrating how quantum
models with amplitude encoding can assist in more accurate prediction. In particular,
it could suggest that 16 attributes have been utilized to evaluate the compatibility of
both the classical and quantum models. Following this, a train and test each model’s
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Figure 5.17: Models comparison matrix for 16 features.

performance for 16 characteristics, and subsequently evaluate the outcomes by using
the testing dataset. The performance of each model for the 16-feature dataset is also
displayed in the middle section of table 5.5, and it appears that the classical KNN has
an average accuracy of 70% with a recall score of 73.7%, followed by the QKNN’s has
73% accuracy with a recall score 76.8%, the classical NN with 76% with recall score
75.5%, and the AE-VQC model’s has 67% accuracy with a recall score 70.2%. The
classical KNN and QKNN models both consider the same hyper-parameters, however,
in this experiment, the QKNN uses amplitude encoding with 4 qubits rather than 3
qubits. The dataset has now been encoded by the amplitude encoding technique from
16 features to 4 input vectors, which means that the data vector is converted into the
quantum state amplitude. Because of the variable entanglement and data spinning,
the QKNN model performs marginally better than the classical KNN in such a com-
parison, which allows it to get more data insight. Moreover, the input shape dimension
is reduced by amplitude encoding, which reduces model complexity and improves pre-
diction. In the comparison of the classical NN and AE-VQC models, the classical model
retains better prediction, with an average accuracy of 76% and a recall score of 76.2%,
while AE-VQC has 67% accuracy and a 70.2% recall score. For such an experiment,
these two models yet again share the same hyper-parameters to prevent bias. The
confusion matrix for each of the models with 16 features of input data is shown in
figure 5.17, where the QKNN model has the highest recall score, which demonstrates
how well the model detects true positives or how many of the diseased patients were
identified out of all the patients.

5.4.4 Results With 32 Features

The third experiment results are shown in the final section of table 5.5, where the
performance metrics comparing our proposed quantum models with classical models
for dataset 3 having 32 feature dimensions are provided. The classical KNN model

108



achieved the highest average accuracy 76% with a 75.2% recall score, and the QKNN
model also retained the same accuracy of 76% with a recall score of 75.5%. In this
scenario, the quantum model achieves the classical model’s accuracy limit, which in-
dicates that our proposed model is competitive with the classical model. The F1-score
of the QKNN model is 0.3% higher than the classical model, which demonstrates the
effectiveness of the class-wise performance over the classical model. The complexity of
the models has been reduced by using an amplitude encoding scheme, which converts
32 qubits for 32 features into a 5-qubit system. The 32 important features have been
selected by intersecting the output of RF-RFE and LR-RFE after cleaning the dataset.
The input dataset is first normalized using the Minmax and Standard scalars, where
the random state is taken to be 42 for both the classical model and the quantum model.
After normalization, the classical data is transformed into a verifiable quantum state
for the quantum model using the Paulifeature map, and the number of repetitions is
determined to be 5. Furthermore, the suggested AE-VQC for 32 features is compared
to the 32-feature traditional NN model by considering the same hyper. The average
accuracy of the classical and quantum models for the intended set of features is 72.7%
with an f1-score of 73.9% and 73% with an f1-score of 76.7% respectively, which seems
to indicate that the quantum model performs better than the classical. The comparison
results for 32 features for all the models are also shown in figure 5.18, which indicates
that for the 32 features, both the quantum models outperform the classical models by
predicting the sarcopenia disease more accurately.

Figure 5.18: Models comparison matrix for 32 features.

5.5 Discussion

The competency of of our proposed quantum models has been obtained by comparing it
to those models that has already been published. The proposed work has been evalu-
ated to those published articles that have used the same model with different datasets
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Table 5.6: Comparisons of proposed QKNN model with previous published models.

Author Name Used Model Dataset Accuracy
D.Kok et.al [285] Amplitude encoding Iris 67%
Y.Dang et.al [286] QKNN, Features

extraction
Graz-01,
Caltech-101

83.1%, 78%

N.Wiebe et.al [287] Amplitude estimation PIMA Diabetes 73%
Proposed Model Amplitude encoding,

Feature selection
Sarcopenia 70%, 73%, 76%

and methodologies. In such a scenario, [285] presents a quantum version of KNN by
using Qiskit, where the distance among the two quantum states (ψ,φ) is measured by
using fidelity F = ∥〈ψ |φ〉∥2. The SWAP test is used to evaluate the fidelity, and rather
than one victor at a time, the whole data set fidelity is measured by using an Oracle W .
Before loading the data onto the quantum circuit, an analog (amplitude) encoding tech-
nique has been considered to encode the data. The model has been evaluated by using
three different datasets, i.e., German-Credit, Hep, and Iris, and gets the highest accu-
racy of 67% for the Germen-Credit dataset. Similarly, Dang Y et.al in [286] improves
the efficiency of classification by using the robust parallel processing capabilities of
quantum computers. In order to, perform the parallel computing, the quantum version
of KNN has been employed, where feature vectors from images are first extracted and
then inserted into a quantum superposition state. A measurement circuit is used to ob-
tain the classified output and get the model complexity O(

p
kM), which is far superior

to the classical model. The two image datasets Graz-01 and Caltech-101 are analyzed
and obtained with maximum accuracy of 83.1%, and 78% respectively. Furthermore,
in [287] authors present a quantum K-nearest learning K means clustering models by
determining the Euclidean distance through the inner product and directly. Each algo-
rithm uses quantum superposition sequentially to simplify the structure of the cluster
formation phase to a uniform cost. Distances between records and centroids can be
computed simultaneously, saving time, particularly in the case of large datasets. Using
quantum amplitude estimation and amplitude amplification techniques, the quantum
processes speed up the distance computation. In this scenario, quantum techniques
result in quadratic reductions in query complexity when compared to Monte Carlo ap-
proaches. The models have been evaluated using Heart Disease, Thyroid Disease, and
Diabetes (PIMA) datasets and have obtained accuracy rates of 80%, 55%, and 73%
respectively. In short, when compared to the recently published state of the art, our
proposed QKNN model outperforms it in terms of accuracy for all feature sets of the
sarcopenia dataset, as shown in table 5.6.

I also compared our AE-VQC model, to those models that had been published and
used the same parameters for different health care applications. The variational clas-
sifier, which is being developed, is one of the methods based on a hybrid approach
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Table 5.7: Comparisons of our proposed AE-VQC model with recently published mod-
els.

Author Name Used Model Dataset Accuracy
D.Sierra-Sosa et.al [288] VQC, state preparation Diabetes 70%, 72%
H.Gupta et.al [289] VQC, DL PIMA Diabetes 74%
D.Maheshwari et.al [290] QSVM, VQC, VQC Diabetes 74.1%, 68.7%,

67%
Proposed Model VQC, Feature selection Sarcopenia 9%, 67%, 73%

integrating quantum and classical devices presented in [288]. The work improves the
viability of addressing classification problems with NISQ devices by increasing the
prediction rates while utilizing amplitude encoding techniques. Following the state
preparation, the experiment results with two and three qubits are acquired using the
amplitude encoding technique. The results of the desired scheme indicates that it
is possible to classify the prevalence of acute illnesses in diabetic patients using an
amplitude-encoded VQC algorithm with 70% and 72% accuracy, respectively. To im-
prove performance when tackling classification issues, quantum computing techniques
and classical neural network approaches are combined in [289] by Gupta H et.al. The
study utilizes QML and DL frameworks to implement the diabetes prediction model.
Furthermore, the importance of exploratory data analysis has been investigated and
found to be essential for accurate and reliable prediction. The VQC model has em-
ployed the PauliZ operators, and the average evaluated value is used to increase sta-
tistical correctness. The model has been tested using the PIMA Indian diabetes dataset
and has achieved the highest accuracy 74%. Since QML has recently advanced, many
researchers are focusing on QML by applying various quantum algorithms for a variety
of applications. In [290], three QML classifiers QSVM, VQC, and AE-VQC were investi-
gated while considering three different datasets. The importance of feature extraction
and pre-processing techniques, which influence model prediction, is also addressed.
The total number of features in the diabetes dataset is considered to be 8, where the
QSVM, basis encodes VQC using an 8-qubit quantum system while amplitude encodes
VQC using a 3-qubit quantum system. By considering the diabetes dataset, the models
perform well and achieve the highest accuracy of 74.1%, 68.7%, and 67% for QSVM,
VQC, and amplitude-encoded VQC, respectively. Similarly, as shown in table 5.7, when
comparing our second proposed AE-VQC model to those of published models, it also
comparatively performs well and has the highest accuracy of 79%, 67%, and 73% for 8
features, 16 features, and 32 features, respectively.
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5.6 Conclusions and Future Directions

This work involves applying and assessing QML algorithms such as QKNN and AE-
VQC. These models employ an amplitude encoding method that simplifies the model
by transforming the input vector into the quantum state amplitude. The first step in
preparing the dataset for evaluation of the two quantum classifiers involved removing
any null values, addressing missing values, and converting the data type as needed.
In selecting the most effective features, the evaluation utilized a feature selection pro-
cedure that incorporated both RF with RFE and LR with RFE, and then intersected
the classifier results to determine the optimal features. It should be noted that the
QKNN model’s use of amplitude encoding techniques was dependent on the number
of features and required only a small number of qubits. It is important to understand
that state preparation is merely one of among several techniques for QML algorithm
enhancement. QKNN is a supervised QML algorithm that employs the quantum K
maximum-finding algorithm to identify the K nearest neighbors of a test state. In this
algorithm, the distance between two quantum states (ψ and φ) is measured using the
fidelity metric, which is defined as F(ψ,φ) = |〈ψ | φ〉|2. To assess the fidelity between
two arbitrary qubits, a swap test is utilized. The evaluation of the QKNN model is
conducted using datasets with 8, 16, and 32 features, and it produces favorable results
when compared to classical models. The second model, AE-VQC, consists of four com-
ponents: feature mapping, a variational quantum circuit, a measurement circuit, and
an optimizer that updates the θ values. The model comprises three layers and em-
ploys a system of 3, 4, and 5 qubits with amplitude encoding for three different feature
sets, respectively. At the conclusion of the model, a measurement circuit is employed
to convert the quantum variable back into a classical binary output. The performance
of both the proposed QKNN and AE-VQC models is compared to classical KNN and
NN models, with QKNN achieving the highest accuracy of 70%, 73%, and 76%, while
AE-VQC attains the highest accuracy of 79%, 67%, and 73%, respectively.

QML still has several limitations, it has limited hardware, and there are only a
few quantum computers available. Quantum computers are susceptible to errors due
to noise in the system, which can affect the accuracy of QML algorithms. It is not
yet clear if quantum computers will be able to achieve "quantum supremacy" over
classical computers for all types of machine learning problems. However, besides the
aforementioned challenges, QML still shows great potential.

The future of QML is quite promising. Quantum computing has the potential to
revolutionize machine learning by allowing us to process and analyze data at an un-
precedented scale and speed. QML algorithms could enable us to solve problems that
are currently intractable with classical computing, such as simulating large molecules,
optimizing complex systems, and analyzing large datasets. In short QML will play an
increasingly important role in solving complex problems in the years to come.
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Chapter 6

Conclusions

In this chapter, the appropriate findings obtained through the development of the the-
sis are presented. Following the achievement of the various objectives outlined in the
introductory chapter, these results provide a comprehensive summary of the research
outcomes. The conclusions highlight the significant insights and contributions derived
from the study, offering a clear synthesis of its overall impact and implications. This
synthesis not only emphasizes the advancements made but also suggests potential di-
rections for future research and applications.

This thesis explored various methodologies of QML models to address critical health-
care challenges. The first case study focused on the severity classification of Covid-19
patient data using QML models, specifically the enhanced QSVM and QRF models.
Both models were tested using real Covid-19 data obtained from a private hospital.
The performance of these quantum models was compared with their classical coun-
terparts, demonstrating significant improvements. These results fulfill the objective of
leveraging quantum computing technology to advance healthcare solutions. The preva-
lence of heart disease is rapidly increasing worldwide, impacting both the global econ-
omy and public health. The second case study presents a benchmark of the FCQ-CNN
for handling classification tasks on classical data. The FCQ-CNN algorithm can be
customized using factors like parameterized quantum circuits, quantum filters, pool-
ing operators, classical data preprocessing, quantum feature mapping, optimizers, and
cost functions. Data from public hospitals containing patient records of heart disease
was used, and the results showed better performance compared to classical models on
the same data samples. The third case study significantly contributes to the primary
objective of this thesis by implementing QML models for the classification of sarcope-
nia disease. These models utilize an amplitude encoding method, which simplifies the
model by transforming the input vector into quantum state amplitudes. The evaluation
of the models was conducted using datasets comprising three different subsets of fea-
tures. The comparative analysis revealed that the proposed models produced favorable
results, demonstrating superior performance when compared to their classical coun-
terparts. This highlights the potential of quantum computing techniques in enhancing
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the accuracy and efficiency of disease classification.
The results presented in the subsequent chapters suggest that QML has the po-

tential to improve medical decision-making as it enhances diagnostic accuracy for sev-
eral kinds of health diseases. By performing accurate data analysis, QML models can
deliver highly trustworthy insights, allowing medical professionals to make more in-
formed and precise judgments. This technology development promises to improve pa-
tient care by providing reliable diagnostic results generated from complete patient data
analysis.

6.1 Achievements

This dissertation has made significant contributions to medical applications by devel-
oping end-to-end frameworks encompassing data pre-processing, the creation of tai-
lored quantum machine learning architectures and generating reliable results using
standard validation metrics for each application. Achieving the objectives outlined in
Section 1.2 facilitated the completion of the various stages and contributions of this
thesis. All seven major objectives of this thesis were successfully met during the re-
search process. The following sections detail the specific aims and research topics ad-
dressed in this work.

Quantum machine learning is able to outperform classical machine learn-
ing in disease early prediction, including Covid-19, cardiovascular dis-
ease, and sarcopenia, by utilizing quantum properties, a new learning
paradigms to enhance accuracy, and leading to significant advancements
in personalized healthcare and treatment optimization.

Guided by the proposed hypotheses, this dissertation endeavors to unveil the po-
tential of QML in tackling pivotal challenges within the healthcare domain. Attaining
this primary objective requires meeting the following specific aims.

SO 1: To establish the current state-of-the-art in quantum computing and quan-
tum machine learning, explore their healthcare applications, and examine the
diverse types of medical datasets utilized.

To achieve this objective, a comprehensive summary of the most recent advance-
ments in the healthcare domain was compiled based on articles published recently.
The methodology employed for this summary followed stringent guidelines for con-
ducting a systematic literature review, which included formulating precise research
questions and assessing the quality of the articles using established metrics. Initially,
a comprehensive search across multiple databases yielded 2,038 records. To ensure
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relevance and quality, 468 duplicate records were identified and removed. Following
this, 1,053 records that did not pertain directly to healthcare were excluded from fur-
ther consideration. The remaining records were then subjected to a more detailed
screening process. Based on the title evaluation, 258 records were eliminated. This
was followed by an abstract review, which resulted in the exclusion of an additional 68
records. Finally, a thorough full-text analysis led to the removal of 39 more records.
The rigorous screening process culminated in the selection of 49 articles, which were
then thoroughly evaluated. These selected articles provided a succinct overview of the
most recent literature, contributing significantly to the existing body of knowledge and
understanding of QML algorithms and their applications in the healthcare sector, as
referred to in chapter 2.

SO 2: To determine the pre-processing and data analysis techniques applied to
the Covid-19 dataset.

SO 3: To check the performance of QML models with it’s counterpart classical
models for Covid-19 cases classification.

For the desired objective, the framework of the entire study has been established, by
first examining the Covid-19 pandemic, which has profoundly impacted global health
and socio-economic structures. To address this objective, to tackle clinical applications
the QML algorithms have been employed on Covid-19 dataset, specifically focusing on
electronic healthcare data and clinical features. Then, the E-QSVM and QRF mod-
els are applied to datasets related to Covid-19 and influenza, which were collected
from various private hospitals. The efficacy of these models was validated by compar-
ing their performance against classical models and other recently published quantum
models. As referred to chapter 3, the outcomes indicate that the proposed QML models
not only outperform their classical counterparts but also exhibit enhanced accuracy
and robustness, thereby showcasing their potential to significantly advance clinical
applications in the context of the Covid-19 pandemic and beyond.

SO 4: To analyze and comprehend cardiovascular disease, data types, and the
significance of feature dimensionality reduction.

SO 5: To design and validate a QCNN model that outperforms its counterpart
CNN in the classification of cardiovascular diseases.

This specific research question focusing on the classification problem for cardio-
vascular disease (CVD), a leading cause of morbidity and mortality worldwide. The
study parameters include clinical and demographic factors such as age, gender, blood
pressure, cholesterol levels, smoking status, and comorbidities like diabetes and obe-
sity. For this purpose, a FCQ-CNN for IHD classification inspired by traditional CNNs
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has been developed and validated. The IHD dataset was processed using the MRMR
filter for data cleaning and SVM-RFE for dimension reduction. The model’s perfor-
mance was compared with classical Optimized-CNN and FCNN models using identical
optimal parameters. This quantum approach aims to enhance classification accuracy,
demonstrating significant improvements over classical models as briefly described in
chapter 4.

SO 6: To analyze the data pre-processing, and state preparation for QML mod-
els.

SO 7: To develop and validate amplitude-encoded QKNN and VQC models that
outperform their classical NN and KNN counterparts for the prediction of sar-
copenia.

In the present hypothesis, the third contribution focuses on the classification of
sarcopenia using QML models. Initially, it is essential to define sarcopenia and discuss
its clinical, economic, and societal impacts. The etiology of sarcopenia in the elderly
population is elucidated, along with a brief history of the term. Statistical data on the
prevalence of sarcopenia are presented to highlight its significant clinical implications.
Data for this study were obtained from hospital electronic health records. The required
sample size was calculated based on the estimated prevalence of sarcopenia, utilizing
bioimpedance analysis in older adults. The VQC and QKNN models are considered,
which were tested with three different set of features. These important set of features
are obtained by using the output intersection of RF with RFE and logistic regression
with RFE commonly using for feature selection. The models incorporated a feature
map, a variational quantum circuit, a measurement circuit, and a COBYLA optimizer,
as briefly explained in chapter 5.

6.2 Scientific Contributions

This dissertation has been presented as a PhD by publication, consisting of two arti-
cles published in international Q1 journals with impact factors. A third journal paper
is currently in the final round of review in the Quantum Machine Intelligence journal
by Springer Nature. Additionally, other significant contributions to the scientific com-
munity include a collaborative journal paper with a PhD student from the University
of Deusto, published in a Q1 journal, and the presentation of a conference paper at the
International Conference on Electrical, Computer, Communications, and Mechatronics
Engineering (ICECCME) 2022. A summary of these scientific contributions have been
shown in table 6.1.
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S.No Title Number Description
1 PhD Grant 1 Co-fund Marie Skłodowska-Curie
2 Journal articles 4 IF 3.4, 3.4 and 3.9, 4.1 and all jour-

nals are Q1.
3 Conference articles 1 ICECCME Maldives
4 Pipeline research 1 Currently working on a project to de-

sign and validate QML model for lu-
pus disease prediction

5 Seminars presented 3 Related to each year PhD progress
6 Seminars Attend 9 IEEE Quantum Week 2022

(QCE22), 2024 and 2025 and 6
seminar related to PhD study

7 Study Courses 7 PhD Courses
8 Workshops 3 Workshop on Quantum Machine

Learning 2022, Quantum comput-
ing programming 2023, QSciTech-
Quantum BC-CMC Virtual Work-
shop on Quantum Machine Learning

9 Summer Schools 3 Qiskit global summer school 2022,
2023, Quantum machine learning
from fundamentals to applications

10 Certificates 2 Conference participating certificate,
Webinar attending certificate

11 IBM challenges 2 IBM Quantum Challenge 2022, IBM
Quantum Challenge 2024

12 International Mobility 1 QCE group, TU Delft Netherlands

Table 6.1: Scientific contribution summary.

6.2.1 Published articles in international journals

The first published journal paper focuses on the implementation of Quantum Convo-
lutional Neural Networks for classifying cardiovascular diseases, as illustrated in the
accompanying table 6.2.

The second journal paper, as presented in table 6.3, concentrated on a detailed
literature review of quantum computing, QML, and their applications in the healthcare
domain. This study analyzed 49 relevant records exclusively based on the use of QML
in healthcare.

The third journal paper, as depicted in table 6.4, is presently in the final round
of review, having already undergone two rounds of revisions. This paper explores the
implementation of QML models, specifically the QKNN and VQC models, for the clas-
sification of sarcopenia. The study included six experiments on three subsets for each
model.

The paper shown in table 6.5, not included as a thesis chapter, contains a signif-
icant contribution through collaboration with Danyal Maheshwari, a PhD student at
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Title
A Fully Connected Quantum Convolutional
Neural Network for Classifying Ischemic
Cardiopathy

Authors
Ubaid Ullah, Alain García Olea Jurado,
Ignacio Diez Gonzalez, Begonya Garcia-Zapirain

Journal IEEE Access
Date 26 December 2022

Impact Factor 3.4 (2023) Q1
DOI 10.1109/ACCESS.2022.3232307

Table 6.2: First publication detail [Ullah 2022].

Title
Quantum Machine Learning Revolution
in Healthcare: A Systematic Review of
Emerging Perspectives and Applications

Authors Ubaid Ullah, and Begonya Garcia-Zapirain
Journal IEEE Access

Date 12 January 2024
Impact Factor 3.4 (2023) Q1

DOI 10.1109/ACCESS.2024.3353461

Table 6.3: Second publication detail [Ullah 2024].

the University of Deusto. The research focuses on the application of quantum machine
learning to electronic healthcare records for the classification of ischemic heart dis-
ease. The work introduces a novel QML model featuring an innovative pre-processing
technique, which establishes an efficient methodology for ischemic heart disease classi-
fication. Remarkably, this approach achieves competitive results with numerous state-
of-the-art studies that utilize considerably larger datasets.

6.2.2 International Conference

Table 6.6 provides a comprehensive overview of the contributions made through publi-
cations presented at international conferences. This body of work emphasizes the de-
velopment, implementation, and meticulous fine-tuning of QML models. Specifically,
it explores the QRF and QSVM models. These advanced machine-learning techniques
are applied to a dataset comprised of real-world Covid-19 data. The primary objective
is to enhance the performance and accuracy of these models in predicting and ana-
lyzing trends and patterns within the Covid-19 dataset, thereby demonstrating the
practical applicability and potential benefits of QML in handling complex, real-time
public health data.
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Title
Sarcopenia Risk Prediction and Feature
Selection by Using Quantum Machine Learning
Algorithms

Authors
Ubaid Ullah, Danyal Maheshwari, Cristian
Castillo Olea, and Begonya Garcia-Zapirain

Journal Quantum Machine Intelligence
Date 30 October 2024

Impact Factor 4.1 (2024) Q1
DOI Accepted

Table 6.4: Third publication detail [Ullah 2024].

Title
Quantum Machine Learning Applied to Electronic
Healthcare Records for Ischemic Heart Disease
Classification

Authors

Danyal Maheshwari, Ubaid Ullah, Pablo A. Osorio
Marulanda, Alain García-Olea Jurado,
Ignacio Diez Gonzalez, Jose M. Ormaetxe Merodio
and Begonya Garcia-Zapirain

Journal Human-centric Computing and Information Sciences (HCIS)
Date 15 February 2023

Impact Factor 3.9 (2023) Q1
DOI 10.22967/HCIS.2023.13.006

Table 6.5: Fourth publication detail [Maheshwari 2023].

Figure 6.1: Presentation certificate of conference ICECCME 2022.
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Title
Severity Classification of Covid-19 Patients
Data using Quantum Machine Learning Approaches

Authors
Ubaid Ullah, Danyal Maheshwari, Hanna Helene Gloyna
and Begonya Garcia-Zapirain

Conference ICECCME, IEEE 2022
Date 16, 17, 18 November 2022

Location Maldives
DOI 10.1109/ICECCME55909.2022.9987991

Table 6.6: Fifth publication detail [Ullah 2022].

6.2.3 Quantum Computing, QML, Workshops and Summer Schools

During my PhD study, I also participated in various quantum computing and QML
workshops and summer schools remotely and physically. For example Qiskit Global
Summer School was an annual educational event organized by IBM, designed to intro-
duce participants to quantum computing and quantum programming using the Qiskit
framework. This summer school provides a comprehensive curriculum that includes
theoretical lectures and hands-on lab sessions, making it accessible to learners at vari-
ous levels. The program typically covers fundamental concepts of quantum mechanics,
quantum algorithms, and their practical implementation using Qiskit. The partici-
pants are encouraged to engage with quantum computing through interactive exer-
cises, gaining practical experience in developing quantum applications and contribut-
ing to the growing quantum computing community. I also participated in a quantum
entanglement workshop for quantum computing and programming organized by Nige-
ria focuses on introducing participants to the fundamentals of quantum computing and
programming. This workshop is part of the broader efforts to promote quantum educa-
tion in Nigeria and beyond, providing a platform for learners to engage with cutting-
edge quantum technologies. Moreover, the CISM Summer School on Quantum Machine
Learning: From Fundamentals to Applications is an intensive educational program de-
signed to bridge the gap between quantum computing and machine learning hosted by
the International Center for Mechanical Sciences (CISM) and the University of Udine,
Italy. This summer school covers foundational aspects of both quantum mechanics and
machine learning before moving toward advanced topics such as quantum algorithms,
quantum neural networks, and hybrid quantum-classical models. Participants engage
in theoretical lectures, hands-on workshops, and discussions on the latest research
and technological advancements in quantum machine learning. Figure 6.2, 6.3 and 6.5
show the certificates for the desired summer schools and workshops, respectively.
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Figure 6.2: Certificate of quantum machine learning summer school 2022.

6.2.4 International Mobility

During my PhD, I had the opportunity to undertake international mobility as part of
my academic development, which required a research stay of at least three months. I
chose to collaborate with the Quantum and Computer Engineering Group at TU Delft
Netherlands, one of the leading institutions in quantum technology research. During
my time there, I engaged with a team of experts specializing in QML, focusing on in-
vestigating critical challenges and exploring advanced models in this emerging field.
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Figure 6.3: Certificate of qiskit global summer school.

Figure 6.4: Work shop certificate of quantum computing and programming.

This experience not only expanded my knowledge of QML but also allowed me to con-
tribute to cutting-edge research, enhancing my skills in quantum computing and its
applications.
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Figure 6.5: Certificate of international mobility.

6.3 Recommendation

Based on the outcomes of this research, several recommendations can be made for
future work in applying QML models to healthcare aplication. As quantum comput-
ing technology continues to evolve, it is essential to explore more advanced quantum
algorithms and hybrid quantum-classical approaches that can further enhance compu-
tational efficiency and predictive accuracy. Future studies should consider leveraging
larger and more diverse healthcare datasets to validate the scalability and generaliz-
ability of QML models in real-world clinical scenarios. Additionally, the integration
of QDL architectures could be explored to handle more complex tasks such as multi-
class classification and time-series analysis in healthcare applications. Given the cur-
rent limitations of quantum hardware, including qubit decoherence and noise, efforts
should be directed toward developing noise-resilient quantum algorithms and optimiz-
ing quantum circuits for deployment on near-term quantum devices. Furthermore,
collaborations between quantum computing researchers and healthcare professionals
are recommended to ensure that the developed models address practical clinical chal-
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lenges and align with healthcare industry standards. Lastly, ethical considerations,
including data privacy and model interpretability, should be prioritized to ensure re-
sponsible and trustworthy use of QML in healthcare.

6.4 Thesis Conclusions, Limitation and Future Work

In summary, the objective of this research is to demonstrate the use of quantum com-
puting with machine learning for real-world healthcare applications, which are sig-
nificantly crucial to address. Beginning with the definition of quantum computing,
machine learning, and the formulation of research hypotheses. The first specific ob-
jective has been full filled by conducted a detailed systematic review of the literature
based on the role of QML in healthcare, involving the formulation of research ques-
tions and the evaluation of the quality of the article. The outcome of this SLR creates
a foundation for future research, highlighting QML’s potential to address healthcare
challenges through quantum computing and machine learning integration.

The second and third specific objectives are based on the first case study, which
considers the two QML algorithms E-QSVM and QRF applied to the real COVID-19
and datasets. After pre-processing and selecting the top 10 features using Chi-Square,
ANOVA, and classical models, the E-QSVM model uses a parameterized quantum cir-
cuit with a ZZ feature map to capture complex data relationships. The QRF model,
implemented in Pennylane with two parallel QPUs, selects the most accurate predic-
tion. The results show, that both models outperform their classical counterparts. The
second case study which is the results of the fourth and fifth specific objectives contains
a quantum fully convolutional neural network (FCQ-CNN) for Ischemic Heart Disease
(IHD) classification. The model combines quantum and classical convolutional layers,
a pooling layer, and a fully connected layer. The experimental result shows that the
proposed model performs slightly better than the classical models and the previous
published quantum models. The third case study replicates the sixth and seventh ob-
jectives and explores two quantum models: QKNN and AE-VQC. Both use amplitude
encoding and were tested on datasets with 8, 16, and 32 features. QKNN identifies the
K nearest neighbors using a quantum K minimum-finding algorithm and swap test for
fidelity assessment. AE-VQC features a variational quantum circuit with a COBYLA
optimizer. Both models perform better than the classical and the previous published
quantum models.

Moreover, in addition to the advantages of quantum computing, there are still var-
ious limitations and challenges associated with this field. The access of a limited num-
ber of qubits of a quantum computer restricts us to the limited number of features.
Current quantum devices are relatively small and noisy, limiting their computational
capabilities. Medical research frequently involves large scale datasets, which are dif-
ficult for current quantum technology and algorithms to handle. Moreover, medical
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data analysis requires careful consideration of important feature selection, and con-
ventional methods may not be the best for quantum models. Currently, the access to
the real hardware of a quantum computer is also quite complex and expensive.

Future studies should concentrate on creating quantum algorithms that can effec-
tively handle and examine larger datasets, possibly using hybrid quantum-classical
methodologies. This requires improving quantum error correction techniques and en-
hancing quantum circuits for progressively complex models. The development of quan-
tum based feature selection methods designed specifically for high-dimensional med-
ical data could be the main goal of research. This could involve creating novel ap-
proaches that use quantum entanglement and superposition for feature extraction or
creating quantum versions of conventional methods like QPCA. To minimize noise and
improve accessibility for researchers, the existing quantum computer hardware must
be carefully optimized, as it is really noisy. Additionally, more research should concen-
trate on simplifying quantum models in order to reduce the cost of quantum computers.

6.5 Funding Declaration

This project has received funding from the European Union’s Horizon 2020 Research
and Innovation Programme under the Marie Skłodowska-Curie grant agreement Num-
ber 847624. In addition, a number of institutions back and co-finance this project. Fur-
thermore, the Basque government to the eVIDA research group IT 1536-22, University
of Deusto and coordinated by Basurto Hospital in Bilbao, which provide the database.
The Clinical Research Ethics Committee of Euskadi (PI202031) in Spain validated the
research protocols. The article reflects only the author’s view and the Agency is not
responsible for any use that may be made of the information it contains.
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