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1. INTRODUCTION 
Neurodegenerative diseases (NDs), including Alzheimer's 

disease (AD) and Parkinson's disease (PD), are an urgent issue 
for today's healthcare, not just in early diagnosis but also in 
the treatment of NDs. They are typically defined as the 
progressive loss of neurons that can result in cognitive, motor, 
and functional impairments. It is important to diagnose these 
disorders early to improve patient outcomes since early 
treatment has been shown to slow the progression of 
symptoms [1]. The traditional technique of diagnosis is based 
on clinical symptoms that do not appear until the disease has 
already produced considerable damage. For this reason, there 
is a developing interest in the development of advanced 
computational tools that will permit earlier and more accurate 
diagnoses of NDs. 

In the last several years, multimodal brain imaging 
techniques including magnetic resonance imaging (MRI), 
positron emission tomography (PET), and functional MRI 
(fMRI) have been used to continue examining the structural, 

metabolic, and functional changes that are part of 
neurodegeneration. Each of these imaging modalities provides 
intricate, complementary information that can be utilized by 
researchers and clinicians for identification of disease early 
signs and progression. MRI yields high-resolution structural 
brain images, PET scans offer information on metabolic 
activity, and fMRI captures functional brain activity. The 
fusion of these modalities-termed multimodal brain imaging-
has also shown great promise in enhancing the precision of 
disease detection and severity diagnosis [2]. 

Despite the advancement of imaging techniques, 
multimodal brain data analysis is a computationally intensive 
and difficult process. Traditional machine learning (ML) 
models, such as Support Vector Machines (SVMs), have been 
predominantly applied for medical image classification due to 
their capability to handle high-dimensional data and produce 
accurate results. Conventional SVMs are, however, challenged 
by the quantity and nature of multimodal data because they 
use linear kernel functions that do not always succeed in fully 
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delineating the sophisticated relationships in the data [3]. This 
is the reason why there has been a push for more sophisticated 
techniques, such as quantum machine learning, which uses 
quantum computing to tackle complex problems with more 
efficiency than traditional techniques. 

Quantum machine learning (QML) is a relatively new 
research field that merges quantum computing with traditional 
machine learning methods in order to leverage the inherent 
difference of quantum mechanics, i.e., entanglement and 
superposition, to achieve more computational power. 
Quantum algorithms are proven to offer tremendous 
acceleration compared to classical algorithms for certain areas 
of problems, more in optimization and pattern finding 
problems [4]. For neurodegenerative disease detection, one of 
the potential solutions that would result in a revolutionary 
increase in the performance of SVMs in multimodal brain 
imaging data classification is Quantum Support Vector 
Machines (QSVMs). QSVMs utilize quantum kernels, which 
have the capability to represent intricate relationships between 
points in data and map them to quantum states as well as 
enabling more efficient classification of high-dimensional data 
[5]. 

Application of QSVMs for the detection of diseases, and 
specifically in the case of NDs, is not well explored in existing 
literature also while traditional SVMs have been used in brain 
imaging data to detect AD as well as PD [6], quantum-
enhanced SVMs have not been so used. The application of 
quantum computing to the diagnostic process may not only 
improve the accuracy of early detection but also allow faster 
analysis of large-scale data sets, which are routinely 
encountered in clinical practice. Furthermore, quantum 
algorithms' ability to compute non-linear relationships among 
data might be especially useful in the context of multimodal 
brain imaging data, which is often characterized by complex, 
high-dimensional patterns that are difficult to model using 
traditional methods. 

One of the most significant advantages of Quantum 
Support Vector Machines (QSVMs) is that they can utilize 
quantum kernels to map the input data to a higher-dimensional 
space where the difference between different classes (e.g., 
diseased vs. healthy) might become more pronounced [7]. 
This feature would be particularly valuable in dealing with the 
subtle differences between neurodegenerative disease at an 
early stage and normal aging, as the information in the 
multimodal images may not be linearly separable in the 
original space. Quantum computers also could potentially 
perform these calculations exponentially faster than classical 
computers, which would be an invaluable resource when 
dealing with large, multimodal datasets in real time. 

The integration of multimodal imaging data and machine 
learning algorithms, which is greatly boosted by quantum 
computing, represents an emerging field of research that can 
transform the diagnosis of neurodegenerative diseases for 
good, to a large extent. By enabling detection with ease and at 
earlier stages, Quantum Support Vector Machines (QSVMs) 
can lead to improved clinical decision-making and outcomes. 
There are, nevertheless, many challenges still to be 
surmounted, not the least of which is that of implementing 
quantum algorithms on current quantum hardware, which is in 
its infancy [8]. Despite these challenges, the potential benefits 
of QSVMs in disease diagnosis are vast, and ongoing research 

into quantum machine learning is sure to have valuable 
implications for the future of medicine. 

In this paper, we propose the use of Quantum Support 
Vector Machines for the early detection of neurodegenerative 
diseases using multimodal brain imaging data. We propose a 
novel technique combining structural and functional brain 
images, passed through a quantum-boosted SVM framework, 
to give improved classification performance. 

 

2. LITERATURE REVIEW 

2.1 Neurodegenerative Disorders and Early Detection 

Neurodegenerative disorders (NDs) are a group of 
illnesses involving the progressive loss of neurons with an 
inevitable decrease in cognitive and motor abilities over time. 
The most common NDs are Alzheimer's disease (AD), 
Parkinson's disease (PD), and other forms of dementia, which 
afflict millions globally. The NDs are particularly difficult to 
diagnose in their initial stages since they exhibit little and 
generally non-specific signs. Early detection, however, is 
crucial because early treatment is capable of suppressing the 
disease progress and improving the patient's quality of life [9]. 

Development in neuroimaging has advanced significantly 
in diagnosing and tracking ND. MRI, PET, and fMRI have 
been widely used to assess changes in brain structure, 
metabolism, and function. MRI can reveal atrophy of the 
brain, a feature of Alzheimer's disease [10], whereas PET 
imaging allows the visualization of amyloid plaques and other 
Alzheimer's-specific biomarkers [11]. fMRI is yet again 
valuable in terms of detecting shifts in brain activity and 
connectivity profiles that are commonly affected in the initial 
stages of neurodegeneration [2]. 

The merging of these different neuroimaging modalities 
into a multimodal imaging framework has the potential for 
greater and better insight into the initiation and progression of 
disease [12]. Multimodal neuroimaging has assumed larger 
importance as the integration of data across imaging 
modalities comprehensively addresses the limitations of 
single-modality imaging and provides a more detailed insight 
into the complex pathophysiology of neurodegenerative 
diseases [13]. 

2.2 Machine Learning Approaches in Disease Detection 

Machine learning (ML) methodologies have transformed 
the processing of medical data, especially in challenging areas 
like neuroimaging. Classical algorithms such as support vector 
machines (SVMs), random forests, and decision trees have 
been widely applied to multimodal neuroimaging data for 
disease detection and classification. SVMs, by and large, have 
garnered considerable interest among scholars due to their 
ability to generate optimal hyperplanes for separating data in 
high-dimensional spaces, which is optimum for the 
complexity and high-dimensionality of neuroimaging data 
[14]. 

Research in DL has further improved the ability of ML 
algorithms to detect fine patterns in big, complex data. 
Convolutional neural networks (CNNs) and recurrent neural 
networks (RNNs) have been applied to learn brain image 
features automatically, reducing the need for feature 
engineering manually [15]. Furthermore, multimodal deep 
learning approaches, which combine different types of 
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imaging data (e.g., MRI, PET, and fMRI), have also shown 
the potential to increase the accuracy of early disease 
diagnosis by allowing stronger and more generalized models 
[16]. For instance, in the case of Alzheimer's disease, many 
studies have determined that machine learning models, and 
particularly deep learning models, can predict reliably 
conversion from mild cognitive impairment (MCI) to 
Alzheimer's with a key early disease intervention point [17]. 
Similarly, SVMs and deep learning techniques have been 
employed to diagnose Parkinson's disease from brain imaging 
examination and other related biomarkers [18]. 

2.3 Quantum Machine Learning: A Promising Area of 
Research Endeavour 

Quantum computing, founded on the principles of 
quantum mechanics, has the potential to solve some 
computational problems exponentially faster than traditional 
computers. More broadly speaking, quantum machine learning 
(QML) is a fledgling and new branch of research that tries to 
combine the computational power of quantum computers and 
traditional machine learning algorithms in order to optimize 
the efficiency and precision of tasks in data analysis [4]. 
Quantum computing enables parallelism and superposition, 
and therefore the possibility of handling datasets of high 
dimensionality, for instance, in neuroimaging, it does this 
more efficiently by representing and handling multiple 
solutions simultaneously. 

Of the numerous quantum algorithms, Quantum Support 
Vector Machines (QSVMs) are known to have established that 
they are able to classify non-linear, complex datasets more 
effectively than classical SVMs. QSVMs employ quantum 
kernels to map input data to a higher-dimensional space where 
class separation is easier, which can potentially result in 
improved performance on problems like disease diagnosis [7]. 
More recent studies have suggested that QSVMs could be 
superior to classical SVMs for certain machine learning 
problems, namely those in high-dimensional spaces [19], 
which is extremely relevant to neuroimaging data analysis 
because feature sets are usually high-dimensional and non-
linear. 

2.3.1 Applications of QSVMs in Medical Diagnostics 

Although quantum computing is still in its early 
development, there is an increasing interest in the application 
of quantum machine learning, especially Quantum Support 
Vector Machines (QSVMs), for medical diagnosis. While 
traditional machine learning techniques have been extensively 
utilized for medical data processing, quantum algorithms hold 
the potential to handle and analyze intricate datasets with 
greater efficiency. There have been some explorations of the 
application of quantum machine learning to medical uses, 
ranging from cancer diagnosis [20] to the prediction of 
cardiovascular disease [21]. 

In the context of neurodegenerative disease, QSVM 
application remains largely unexplored but with considerable 
promise. A recent paper by [22] showed the potential of 
quantum-enhanced algorithms in the processing of brain 
imaging data, proposing the implementation of quantum 
algorithms for improving diagnostic accuracy in Alzheimer's 
disease diagnosis. Though in development, the application of 
quantum machine learning to multimodal neuroimaging data 
can offer tremendous advantages, including improved speed of 
classification and better sensitivity to early signs of disease. 

Besides, the hybridization of quantum and classical 
algorithms, in which quantum computing is used to enhance 
classical models, is also viewed as a promising way of 
overcoming the constraints of current quantum hardware [23]. 
Quantum-classical hybrid systems can, in principle, get the 
best of both worlds by leveraging quantum computing for 
accelerated feature extraction and classical machine learning 
techniques for robust predictions.  

2.3.2 Challenges and Opportunities 

Even though the theoretical advantages of QSVMs, there 
are many challenges to implement them in reality. Present 
limitations of quantum hardware, like noise and short qubit 
coherence times, are significant barriers to the universal 
approval of quantum machine learning for application in 
hospitals [8]. Furthermore, the complexity of quantum 
algorithms renders them difficult to use, potentially delaying 
their potential application in medicine for diagnostic purposes. 
But these are being addressed actively as quantum hardware 
and algorithmic progress keep moving forward.  

The possibility of QSVMs to enhance detection of 
neurodegenerative disease, however, is still strong. With 
progress in quantum hardware and development of more 
advanced quantum algorithms, combining QSVMs with 
multimodal neuroimaging data can potentially make a big 
impact on early diagnosis, reducing the time to identify subtle 
neurodegenerative changes and enabling more effective 
interventions. 

 

3. METHODOLOGY 

3.1 Data Collection and Description 

In order to broaden disease coverage, improve model 
robustness, and enhance multimodal feature representation, for 
this study, we utilized two publicly available multimodal brain 
imaging datasets. We used the Alzheimer's Disease 
Neuroimaging Initiative (ADNI) dataset [24], which includes 
MRI, PET, and fMRI scans from a cohort of patients with 
Alzheimer's disease, mild cognitive impairment (MCI), and 
healthy controls. These data are commonly used in 
neuroimaging studies and contain clinical information, 
biomarkers, and brain images that will aid comprehensive 
analysis. In addition, the Parkinson's Progression Markers 
Initiative (PPMI) dataset [25], which contains neuroimaging 
and clinical data for Parkinson's disease, is included to 
generalize our model to more neurodegenerative diseases. The 
chosen datasets hold both structural imaging data (such as 
MRI) and functional imaging data (such as fMRI, PET) to 
provide a multimodal viewpoint to disease categorization. The 
imaging data were pre-processed for removing the noise, 
registering images onto a normal template, and normalizing of 
data to render it comparable across modalities. 

3.2 Data Pre-processing 

Data pre-processing is an important step of making the 
dataset machine learning analysis-ready. Steps involved in 
data reprocessing are given below: 

(i) Noise Reduction: Raw MRI, PET, and fMRI images 
will typically contain noise that can degrade model 
performance. To offset this, we will employ the Non-local 
Means (NLM) filtering algorithm based on the fact that nearby 
patches (neighborhoods) of an image can be employed to 
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estimate the value of a pixel. The algorithm operates by 
filtering out noise via the averaging of similar patches in the 
entire image [26]. Since the programming language used for 
this research implementation, Python libraries, all the 
processes of data pre-processing were executed with Python 
libraries. In this research, NLM implementation is achieved 
using the scikit-image library [27]; a fast library for image 
processing that comes provided with filtering and denoising 
tools. 

(ii) Image Registration: To have all imaging information 
in different modalities (MRI, PET, and fMRI) registered to a 
single anatomical space, rigid and non-rigid registration 
algorithms were utilized by us [28];[29].These algorithms are 
image-based on anatomical landmarks, and this is crucial in 
multimodal analysis. SimpleITK is a light medical image 
processing library that provides easy-to-use tools for rigid and 
non-rigid image registration [30]. The library enables the pre-
processing operations needed for optimal spatial alignment of 
multimodal neuroimaging data. 

(iii) Normalization: Normalization of intensity is done in 
such a manner that there are similar pixel intensity values for 
various modalities [31];[32]. This process involves intensity 
level normalization to a common scale for removing 
inconsistencies due to differences in contrast between imaging 
modalities. Numpy [33] facilitated executing mathematical 
operations like scaling, whereas SimpleITK [30] was applied 
to execute image processing operations, such as normalizing. 

(iv) Segmentation: Brain scans were segmented into a 
number of regions of interest (ROIs) such as gray matter, 
white matter, and cerebrospinal fluid. This was achieved 
through use of FreeSurfer, which is an adjustable surface-
based package for cortical image analysis that includes 
segmentation, reconstruction of surfaces, and morphometry of 
cortical anatomy [35]. Since FreeSurfer lacks native support 
for Python, we integrated it into the pipeline of Python via 
nipype, a neuroimaging library which facilitates easy 
combination of various neuroimaging tools [36]. Segmentation 
is significant here since it allows specific analysis of the brain 
regions of interest to the neurodegenerative disease process. 

(v) Data Augmentation: To reverse the issues produced by 
small dataset sizes, especially in the situation of rare 
neurodegenerative diseases, rotation, translation, and flipping 
techniques of data augmentation were applied on the images. 
These data augmentation techniques artificially make the 
training dataset larger, boosting the generalizability of the 
model. To this end, the Keras [37] library was utilized, 
providing strong libraries for data augmentation to generate 
diverse training samples. 

Algorithm 1: Standardized Algorithm for Brain Imaging 

Data Pre-processing Stage 

Input Raw MRI, PET, and fMRI images. 

Estimate noise standard deviation σest from the image using an 

image noise estimation technique. 

Apply Non-local means filtering to denoise the image by 

averaging similar patches in the image. 

 Generate Denoised image. 

      Input Fixed image Ifixed and moving image Imoving. 

Perform rigid and non-rigid registration using a registration 

method that minimizes the difference between Ifixed and Imoving. 

Apply SimpleITK library to perform image registration and 

obtain a transformation matrix T 

Generate Registered image Iregistered (aligned images from 

different modalities). 

    Input Registered images Iregistered 

    Convert image Iregisteredto a NumPy array for processing. 

    Compute the mean μ  and standard deviation σ of pixel 

intensities across the image. 

    Apply Z-score normalization to scale pixel intensities: Inorm= 

Iregistered−μ/σ 

    Generate Intensity normalized image Inorm 

    Input Intensity normalized images Inorm 

Use FreeSurfer through nipype to segment brain 

regions of interest such as gray matter, white matter, 

and cerebrospinal fluid 

Apply surface-based segmentation methods for precise 

ROI extraction. 

   Generate Segmented regions of interest  

       Input Segmented images from the segmentation step. 

Apply random transformations to augment the 

dataset 

Rotation: Rotate image by a random angle 

between 0° and 360° 

Translation: Apply random shifts in the x 

and y directions. 

Flipping: Horizontally or vertically flip the 

image 

       Generate augmented dataset of images with variations 

3.3 Feature Extraction 

Feature extraction was conducted to define and choose the 
pertinent features of multimodal neuroimaging data which 
would be employed in model QSVM training. The features 
obtained include low-level image features in addition to high-
level statistical characteristics. Feature extraction was 
accomplished via the following process: 

(i) Voxel-Based Features: From each neuroimaging 
modality (MRI, PET, fMRI), voxel-based features such as 
voxel intensity, density of gray matter, and the degree of 
amyloid deposition were derived. These features are needed to 
analyze structural and functional changes of 
neurodegenerative diseases (NDDs). Voxel-based feature 
extraction was conducted with Python library Nibabel [38], 
which provides software for the reading and processing of 
NIfTI files, an accepted neuroimaging format for data format. 
Furthermore, libraries like Numpy [33] have been employed in 
extracting voxel intensity and calculating gray matter density. 
(ii) Texture and Morphometric Features: Texture features and 
morphometric features that characterize voxel intensity 
distribution were obtained using methods such as the Gray-
Level Co-occurrence Matrix (GLCM) [39]. The statistics of 
GLCM were used to portray information concerning brain 
tissue texture properties that are of primary significance to 
illustrate neurodegenerative disease-related brain structural 
modifications.  The scikit-image library [27] was used to 
enable application of GLCM and yield texture-based features. 
Besides, morphometric characteristics such as cortical 
thickness, surface area, and volume of specific regions of the 
brain was estimated using FreeSurfer [35], which was 
integrated into Python pipelines using the nipype library [32]. 
Morphometric characteristics are critical to study brain 
atrophy and other neurodegenerative processes. 

(iii) Graph-Based Features: Functional connectivity 
features were derived from fMRI data by constructing 
functional brain networks using graph theory techniques [40]. 
Brain regions are depicted as nodes, and their interactions as 
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edges in these networks. NetworkX [41], the Python package 
used for the creation, manipulation, and analysis of the 
structure and dynamics of complex networks, was used to 
estimate measures such as node degree, betweenness 
centrality, and clustering coefficient. Graph theoretical 
measures such as these capture functional connectivity 
patterns disrupted in neurodegenerative disorders and are rich 
sources of information about the underlying disease process. 

(iv) Multimodal Fusion: After features were extracted 
from each imaging modality, we used a multimodal feature 
fusion strategy to combine the features of MRI, PET, and 
fMRI. Fusing these features preserved complementary 
information from each modality and improve model 
performance. Feature fusion was subsequently achieved 
through simple concatenation or more advanced techniques 
such as Canonical Correlation Analysis (CCA) [42]. For CCA 
application, Python package Scikit-learn [43] was used 
because it provided a computationally effective 
implementation for CCA and other dimension reduction 
techniques. This ensured that all the relevant information 
regarding the multimodal datasets were accurately integrated 
for further processing. 

(v) Dimensionality Reduction from High-Dimensional 
Data: t-Heyden data is of high-dimensional data type. Hence, 
dimensionality reduction techniques such as Principal 
Component Analysis (PCA) [44] and t-Distributed Stochastic 
Neighbor Embedding (t-SNE) [45] were applied. Through 
these techniques, the feature number was decreased without 
losing the most important information, avoiding the "curse of 
dimensionality" and making the subsequent classification 
models computationally efficient. Scikit-learn [45] applied 
PCA and t-SNE by presenting a user-friendly interface to 
achieve dimensionality reduction and feature extraction of 
high-dimensional neuroimaging data. 

Algorithm 2: Standardized Algorithm for Brain Imaging 

Feature Extraction Stage 
Input Registered images from different modalities 

For each modality, extract voxel-based features such as voxel 

intensity, gray matter density, and amyloid deposition levels 

Use Nibabel or nilearn.image to load and process NIfTI image 

files 

Compute voxel intensity values using NumPy operations. 

For PET images, calculate amyloid deposition using intensity 

thresholds or SUVR 

Generate voxel-based features 

Input voxel-based features 

For each modality, extract texture features using the Gray-

Level Co-occurrence Matrix method 

Use scikit-image's greycomatrix and greycoprops 

functions to compute texture features  

Generate texture features 

Input texture features 

For MRI images, compute morphometric features 

such as cortical thickness, surface area, and regional 

brain volumes 

Use FreeSurfer (accessed via 

nipype.interfaces.freesurfer) for cortical 

reconstruction and morphometry 

Extract hippocampal volume and cortical thickness 

of ROIs from FreeSurfer segmentation outputs 

Generate morphometric features. 

        Input morphometric features. 

Construct functional brain networks using 

fMRI time-series data. 

Use 

nilearn.connectome.ConnectivityMeasure to 

compute correlation matrices. 

Convert matrices to graphs using NetworkX. 

Compute graph features such as node 

degree, betweenness centrality, and 

clustering coefficient.  

Generate graph-based features. 

Concatenate features from MRI, PET, 

and fMRI using NumPy or Pandas. 

Apply scikit-learn’s CCA for advanced 

fusion. 

Generate fused multimodal feature 

vector. 

Apply dimensionality reduction 

to mitigate high dimensionality 

and enhance model performance. 

Use scikit-learn to 

perform: 

PCA (Principal Component 

Analysis) to retain maximum 

variance. 

TSNE for visualization and 

clustering. 

Generate reduced feature set. 

3.4 Data Classification and Evaluation 
3.4.1 Quantum Support Vector Machine (QSVM) Model 

Since the application of a Quantum Support Vector 
Machine (QSVM) in labeling the neuroimaging data based on 
the extracted features is a major part of what our method is 
really showcasing. It is therefore noteworthy to state that in 
contrast to traditional Support Vector Machines (SVMs) that 
use linear, polynomial, or radial basis function (RBF) kernels, 
the Quantum Support Vector Machine (QSVM) takes 
advantage of the quantum kernel computations derived from 
quantum circuit computing. Quantum kernels also take 
advantage of the Hilbert space topology of quantum states to 
convert input data into richly expressive, non-linear feature 
spaces. In this study, quantum kernels obtained through the 
Qiskit’s QuantumKernel class simulates quantum circuits on 
classical hardware. Quantum feature map has a key role in 
projecting classical feature vectors to quantum states. This is 
achieved by projecting the extracted features to quantum bits 
(qubits) and employing parameterized quantum gates to 
generate entangled states. The quantum circuit design made 
use of libraries such as Qiskit's ZZFeatureMap or PennyLane's 
qnode libraries, which allow for the construction of custom 
quantum embedding circuits that are tailored to the geometry 
of the data. 

3.4.2 Training the QSVM Model 

The QSVM was trained in a quantum-classical simulation 
environment using either Qiskit or PennyLane. The training 
process involves optimizing the QSVM’s decision boundary 
using variational quantum algorithms (VQAs), where quantum 
subroutines compute the kernel values, and classical 
optimizers minimize the classification loss. These optimizers 
are available through qiskit.algorithms.optimizers and 
pennylane.optimize modules. 

Given the limitations of current Noisy Intermediate-Scale 
Quantum (NISQ) devices, a hybrid quantum-classical 
approach was used. In this approach, quantum processors 
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computes the kernel matrix and embed the data into a high-
dimensional quantum space, while classical processors 
perform support vector classification using libraries such as 
Scikit-learn’s SVC with pre-computed quantum kernels. 

3.4.3 Data Splitting Strategy for QSVM Training 

To ensure robust evaluation and avoid overfitting, the 
dataset derived from multimodal neuroimaging features was 
partitioned into distinct training and testing sets. The splitting 
strategy adopted in this study is as follows: (i) Train-Test 
Split: The pre-processed and feature-extracted dataset was 
randomly split into training and testing subsets using an 80:20 
ratio. That is, 80% of the data were used in training the 
QSVM, and the remaining, that is, 20%, were used in testing 
the model generalization capability. This was achieved by 
using the train_test_split function of the 
sklearn.model_selection module in Python [43]. (ii) Stratified 
Sampling: Since the classification task (e.g., binary or 
multiclass neurodegenerative disease status classification) 
involves maintaining the same class proportion between 

training and test sets, stratified sampling was employed. It 
ensured the model was trained on and tested against 
representative samples for every class. Stratification was also 
obtained by passing stratify = y to the scikit-learn 
train_test_split function. (iii) Cross-Validation: As another 
measure towards checking the robustness of the model, k-fold 
cross-validation with k=5 was used in hyperparameter tuning. 
This entails dividing the training set into 5 folds and rotating 
the fold used for validation with each training iteration. Cross-
validation was conducted using StratifiedKFold from 
sklearn.model_selection in such a way as to ensure equal class 
proportion. (iv) Data Compatibility with Quantum Simulation: 
The transformed training subset and testing subset were then 
translated into forms compatible with encoding onto quantum 
circuits. Both the feature vectors were quantized and 
represented in quantum form using ZZFeatureMap of 
qiskit.circuit.library. Quantum form enabled computation of 
the kernel matrix using the QuantumKernel class from 
qiskit_machine_learning.kernels. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Block Diagram for the Quantum-Enhanced Multimodal Neurodegenerative Disease Classification 

 

3.4.4 Evaluation Metrics 

To assess the performance of the QSVM model, we used 

the following evaluation metrics, including: 

(a) Accuracy: The proportion of correct predictions made by 

the model. 

 

 

 

 

Accuracy =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

(1) 

 

(b) Sensitivity (Recall): The ability of the model to correctly 

identify positive cases of neurodegenerative disorders. 
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Recall =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

(2) 

(c) Specificity: The ability of the model to correctly identify 

negative cases (healthy controls). 

(d) F1-Score: F1-Score is the harmonic mean of Precision 

and Recall. It offers a nice trade-off between these two 

metrics. 

(e) Area Under the Curve (AUC): The performance of the 

models will also be evaluated using the ROC curve and 

AUC, which provides an aggregate measure of the 

model's ability to distinguish between classes. 
In addition, 10-fold cross-validation was employed to 

evaluate the generalizability of the QSVM model. This will 
avoid the model overfitting the training data. 

3.4.5 Confusion Matrix  

For diagnosing the performance of the QSVM classifier 
being used in this studywe employed the use of the confusion 
matrix as a diagnostic tool. The confusion matrix displays the 
table of test set prediction results and shows the types of 
classification errors being executed by the model. In our 
binary classification model-discerning neurodegenerative 
disease (NDD) patients from healthy controls-the confusion 
matrix is structured in four quadrants: true positives (TP), true 
negatives (TN), false positives (FP), and false negatives (FN). 
TP refers to properly classified NDD cases, TN refers to 
healthy controls properly identified, FP refers to misclassified 
healthy controls as NDD, FN refers to misclassified NDD 
cases as healthy. The confusion matrix is the basis for the 
calculation of various performance measures such as accuracy, 
sensitivity (recall), specificity, and F1-score, which are 
discussed in subsequent sections. These measures allow for a 
strong evaluation of the extent to which the QSVM model 
generalizes to new data, both its discriminative ability and its 
limitations. 

3.5 Software and Tools 

The QSVM model was implemented using the Qiskit 
framework, an open-source quantum computing software 
development kit, from the Python integrated development 
environment (IDE) library. As earlier stated, for pre-
processing and feature extraction, a standard neuroimaging 
library-FreeSurfer was used. Additionally, classical machine 
learning tools like scikit-learn and TensorFlow were used for 
feature selection, model training, and evaluation. In addition, 
we used a high-performance computer system with an Intel 
Core i7 processor, 64GB RAM, and an NVIDIA RTX 3080 
GPU to manage memory-intensive tasks such as image 
registration, segmentation, and feature extraction from 
multimodal neuroimaging data effectively. Also, because of 
training and data processing we ensured that the system also 
has a 1TB solid-state drive (SSD), which provided fast access 
to large imaging data. Further, an efficient high-speed internet 
connection provided connectivity to cloud resources, public 
datasets like ADNI and PPMI, and simulators for quantum 
computing. Quantum simulations were developed using 
Qiskit's Aer simulator with the help of a multi-threaded 
processing environment to provide smooth execution and 
efficient code run. 

 

 

4.  RESULTS AND DISCUSSION 
The implementation that produced the results of this study 

was carried out using Python 3.9, leveraging its extensive set 
of libraries to perform data pre-processing, statistical 
modeling, and machine learning model development. All 
experiments were performed on Qiskit's quantum simulation 
platform using Qiskit's QuantumKernel and ZZFeatureMap 
building blocks.The output of our quantum-accelerated 
neuroimaging classification pipeline, including performance 
on data pre-processing, feature extraction, and training and 
testing of the Quantum Support Vector Machine (QSVM) are 
shown below in the following sub-sections. 

4.1 Confusion Matrices for QSVM and SVM 

Confusion matrix for classification of subjects in 
Alzheimer's Disease (AD), Mild Cognitive Impairment (MCI), 
Parkinson's Disease (PD), and Healthy Controls (HC) for 
QSVM is shown in Table 1 below. The matrix holds actual 
and predicted class labels as well as logical labelling of 
predicted vs. actual conditions. 

Table 1.Confusion Matrix Table for QSVM 

Actual / Predicted Predicted 

AD 

Predicted 

MCI 

Predicted 

PD 

Predicted 

HC 

Actual AD 

(Positive) 

92 (TP) 5 1 2 

Actual MCI 4 88 (TP) 3 5 

Actual PD 2 4 91 (TP) 3 

Actual HC 

(Negative) 

1 3 2 94 (TN) 

Total (Predicted) 99 100 97 104 

From the confusion matrix shown in Table 1, the 
following are the observations are made: (a) In Early 
Detection of AD, MCI, and PD, the model classified correctly: 
(i) 92 out of 100 cases of AD (ii) 88 out of 100 cases of MCI 
(iii) 91 out of 100 cases of PD. These large values of true 
positives (TP) show the strength of the model in distinguishing 
various states of diseases with multimodal features. This is in 
line with the purpose of the study to provide correct and early 
diagnosis. (b) Correct Identification of Healthy Controls: Out 
of 100 actual healthy subjects, 94 were labeled as HC 
correctly, while 6 got mislabeled (i.e., 1 AD, 3 MCI, 2 PD). 
The high value of true negatives (TN) indicates the 
conservativeness and specificity of the model in avoiding false 
alarms from healthy individuals. This is a desirable 
characteristic of clinical screening. (c)Multiclass 
Classification Capability: The confusion matrix shows good 
and distinct separation of all four classes (AD, MCI, PD, and 
HC), establishing the multiclass learning capability of the 
model. Misclassifications were very low and evenly 
distributed, i.e., the model does not prefer nor gets one class 
confused with another. (d) Strong Generalization of the 
Model: The performance shown in the confusion matrix is 
identical to 10-fold cross-validation and AUC scores of 
section 4.1.2, which confirms that the model is strongly 
generalizing and not overfitting the training set. 

Table 2. Confusion Matrix Table for SVM 

Actual / 

Predicted 

Predicted 

AD 

Predicted 

MCI 

Predicted 

PD 

Predicted 

HC 

Actual AD 

(Positive) 

89 (TP) 6 2 3 

Actual MCI 6 84 (TP) 4 6 

Actual PD 3 5 87 (TP) 5 

Actual HC 

(Negative) 

2 4 3 91 (TN) 

Total 

(Predicted) 

100 99 96 105 
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From the confusion matrix shown in Table 2, the 
following observations are hereby reported: (a) Slight Drop in 
True Positives: Compared to QSVM, the number of correctly 
classified AD, MCI, and PD cases is slightly lower. (b) 
Increased Misclassifications: There is a modest increase in 
false positives and false negatives, especially between MCI 
and PD as well as between PD and HC. (c) HC Detection 
Remains Strong: The SVM still performs well in identifying 
healthy controls (91% accuracy), though slightly lower than 
QSVM. 

4.2 Comparative Analysis of QSVM and SVM Classification 
Outcomes  

A comparative analysis of the Classification Outcomes of 
Quantum Support Vector Machine (QSVM) showing how 
each model performed across the same dataset is hereby 
presented. 

(a) AD Correctly Classified (True Positives): (i) QSVM 

correctly identified 92 out of 100 Alzheimer's Disease 

(AD) cases. (ii) SVM correctly classified 89 out of 100 

AD cases (iii) This would mean that QSVM marginally 

enhanced sensitivity to separate between cases of AD, 

perhaps due to the fact that the expressive quantum 

feature space exploited in ZZFeatureMap is better suited 

to detect non-linear correlations than classical kernels. 

(b) MCI Correctly Classified (True Positives): (i) QSVM 

correctly identified 88 MCI cases (ii) SVM correctly 

identified 84 (iii) Due to the overlap of signs of both AD 

and HC that frequently characterize Mild Cognitive 

Impairment (MCI), the resilience of QSVM in this case 

speaks volumes about its promise in future cases of early 

and accurate diagnosis of incipient cognitive 

deterioration. 

(c) PD Classified Correctly (True Positives): (i) QSVM 

identified 91 instances of Parkinson's Disease (PD) 

correctly (ii) 87 instances were classified correctly by 

SVM (iii) The capacity of the QSVM to learn weak 

functional connectivity patterns from fMRI data will 

probably be a dominant explanation of its performance in 

classifying PD cases over that of SVM. 

(d) HC Properly Classified (True Negatives): (i) QSVM 

correctly classified 94 of the 100 healthy controls (HC) 

(ii) SVM correctly classified 91 (iii) Both models are 

highly specific, but the QSVM did better to minimize 

false positives-critical in a clinical scenario to avoid 

falsely diagnosing healthy subjects. 

(e) Total Misclassifications: (i) QSVM misclassified a total 

of 25 cases, in all categories (ii) SVM misclassified 39 

cases (iii) That is 14 fewer misclassifications with QSVM 

- an improvement in total error by 35%, suggesting its 

overall greater classification reliability. 
(f) Generalization Performance: (i) QSVM achieved superior 

generalization in 10-fold cross-validation with stable 

accuracy and higher macro AUC scores (>0.90) (ii) SVM 

resulted in moderate generalization with lower AUC 

scores and higher inconsistency across folds (iii) The 

above findings claim that the QSVM model generalized 

well to out-of-sample data and is also less prone to 

overfitting, mainly due to the quantum-enhanced feature 

mapping capability.In general, the comparison of the 

confusion matrix and explicit metrics indicate that the 

Quantum Support Vector Machine (QSVM) provides a 

quantifiable advantage over classical SVM in classifying 

high-dimensional neuroimaging data for Alzheimer's, 

MCI, Parkinson's, and controls. The QSVM's enhanced 

sensitivity and specificity, reduced misclassifications, and 

enhanced generalization making it a useful diagnostic tool 

in clinical and research applications for neurodegenerative 

diseases. 
4.3 Performance Metrics for QSVM and SVM 

To determine the effectiveness of the classification 
models used in the diagnosis of the neurodegenerative 
diseases; Precision, recall, F1-score, class accuracy, and 
overall accuracy were the performance metrics utilized. These 
metrics gave a comprehensive analysis of the quality of the 
performance of the models. In addition to these metrics 
(traditional indicators), Area Under the Curve (AUC) and 10-
Fold Cross-Validation (CV) accuracy were also used in this 
research. The AUC provides insight into the model's ability to 
distinguish between classes, while the 10-Fold CV accuracy 
offers a more reliable estimate of model performance by 
reducing the potential for overfitting. By considering all these 
metrics, a robust comparison between the Quantum Support 
Vector Machine (QSVM) and the classical Support Vector 
Machine (SVM) as conducted, allowing for an in-depth 
assessment of their effectiveness in diagnosing 
neurodegenerative conditions. 

From Table 4 and Figure 2, the following can be 
observed: (a) True Positives (TP): In total accuracy, 92 AD, 
88 MCI, 91 PD, and 94 HC subjects were predicted by the 
model (b) Precision: The value lies in the range of 0.880 to 
0.938, which is the ratio of correct positive predictions for 
each class. (a) QSVM predicted PD cases most accurately 
(0.938), demonstrating its ability to pick up on real cases 
without overestimating them as false positives. (c) Recall 
(Sensitivity): 0.880 - 0.940, showing the model's ability to 
pick up all the real cases. Interestingly, it did perfectly for the 
classification of healthy controls with recall 0.940 (d) F1-
Score: This harmonic mean of precision and recall was nicely 
balanced for all classes, ranging from 0.880 to 0.924, 
reflecting stable performance across. (e) Class Accuracy: 
QSVM manifested good classification ability for all classes, 
with the highest class accuracy of 0.962 for HC and lowest of 
0.940 for MCI (f) Overall Accuracy: QSVM yielded a high 
overall accuracy of 91.2%, indicating high correctness for all 
predictions as a whole (g) AUC (macro-average): With 0.910, 
the model demonstrates excellent class distinction ability 
among the classes (h)10-Fold Cross-Validation Accuracy: The 
model's generalizability is ascertained with a stable CV mean 
of 84.6% ± 2.1%, which signifies no overfitting. 

These results highlight QSVM's superior ability in 
encoding complex nonlinear relationships among 
neuroimaging features, rendering it highly suitable for early 
detection and classification of neurodegenerative disorders. 
From Table 5 and figure 3, the following observation can be 
made: 
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Table 3.Comparison of Confusion Matrices: QSVM and SVM 
Actual \ 

Predicted 

QSVM: 

Predicted  

AD 

SVM: 

Predicted  

AD 

QSVM: 

Predicted  

MCI 

SVM: 

Predicted  

MCI 

QSVM: 

Predicted  

PD 

SVM: 

Predicted  

PD 

QSVM: 

Predicted  

HC 

SVM: 

Predicted  

HC 

Actual AD 

(Positive) 

92 (TP) 89 (TP) 5 6 1 2 2 3 

Actual MCI 4 6 88 (TP) 84 (TP) 3 4 5 6 

Actual PD 2 3 4 5 91 (TP) 87 (TP) 3 5 

Actual HC 

(Negative) 

1 2 3 4 2 3 94 (TN) 91 (TN) 

Table 4.Performance Metrics Table for QSVM 
Class TP FP FN Precision Recall F1-Score Class 

Accuracy 

AD 92 7 8 0.929 0.920 0.924 0.960 

MCI 88 12 12 0.880 0.880 0.880 0.940 

PD 91 6 9 0.938 0.910 0.924 0.955 

HC 94 10 6 0.904 0.940 0.922 0.962 

Overall Accuracy                    0.912 (approx. 91%) 

AUC (macro-average)            0.910 

10-Fold CV Accuracy             84.6% ± 2.1% 

Table 5.Performance Metrics Table for SVM 
Class TP FP FN Precision Recall F1-Score Class 

Accuracy 

AD 89 11 11 0.890 0.890 0.890 0.945 

MCI 84 15 16 0.848 0.840 0.844 0.925 

PD 87 9 13 0.906 0.870 0.888 0.942 

HC 91 13 9 0.875 0.910 0.892 0.952 

Overall Accuracy                    0.878 (approx. 88%) 

AUC (macro-average)            0.89 

10-Fold CV Accuracy             82.3% ± 2.5% 

 

(a) True Positives (TP): The model correctly identified 89 

AD, 84 MCI, 87 PD, and 91 HC subjects, which is 

slightly lower than QSVM in every class  

(b) (Precision: The values range from 0.848 (MCI) to 0.906 

(PD), demonstrating a modest ability to correctly predict 

positives but slightly more prone to false alarms than 

QSVM.  

(c) Recall: Worst recall (0.840 for MCI) means that the 

model misclassified more actual MCI cases than QSVM. 

HC recall remained good (0.910), tying the QSVM's 

highest.  

(d) F1-Score: The values ranged between 0.844 and 0.892, 

with PD having the best balance. These slightly lower 

scores across the board reflect the classical SVM's 

weakness in handling subtle class boundaries in high-

dimensional feature space  

(e) Class Accuracy: Between 0.925 and 0.952, the SVM still 

performed stably but slightly less than QSVM  

(f) Overall Accuracy: The SVM achieved an accuracy of 

87.8%, some 3.4% lower than QSVM, which reflects 

lower overall effectiveness  

(g) AUC (macro-average): At 0.89, the classical SVM 

reflects good class separability, though again falling 

behind the quantum model  

(h) 10-Fold Cross-Validation Accuracy: The model achieved 

82.3% ± 2.5%, reflecting slightly lower stability and 

higher variance than QSVM. 
While the classical SVM performed reasonably well, its 

marginally worse accuracy and class-wise performance 
illustrate the benefits of using quantum-enhanced kernels for 
complex neuroimaging data. 

 
Fig. 2. Class-Wise Performance Metrics of Quantum Support Vector Machine (QSVM) on Multimodal Neuroimaging Data 
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Fig. 3. Class-Wise Performance Metrics of Quantum Support Vector Machine (SVM) on Multimodal Neuroimaging Data 

 

4.4 Comparative Analysis of QSVM and SVM Performance 
Metrics  

Comparative analysis of Quantum Support Vector 
Machine (QSVM) and conventional Support Vector Machine 
(SVM) on the basis of their average performance across four 
key metrics: Precision, Recall, F1-Score, and Class Accuracy 
is shown below. These values were obtained as the mean of 
the respective class scores (AD, MCI, PD, and HC) and are 
plotted in a combined bar chart. 

(a) Precision: (i) QSVM attained greater average precision 

than SVM (ii) This indicates that QSVM produced fewer 

false positives and had better performance while 

predicting a given condition (iii) The improved precision 

indicates that QSVM is a more trusted entity when 

making positive classifications, which is specifically 

important in medical diagnosis because false alarms can 

cause psychological distress and unwarranted 

intervention. 

(b) Recall (Sensitivity): (i) QSVM also outperformed SVM in 

recall (ii) QSVM was more effective at detecting true 

positive cases, i.e., had fewer false negatives (iii) For 

neurodegenerative diseases like Alzheimer's, Parkinson's, 

and MCI, a false negative would result in delayed 

treatment. Hence, QSVM's greater recall makes it more 

suitable for clinical applications that require high 

sensitivity. 

(c) F1-Score: (i) The F1-score, which is a trade-off between 

precision and recall, was always higher for QSVM (ii) 

This trade-off reflects QSVM's performance in working 

with complex classification boundaries where one 

requires having both a low false positive as well as a low 

false negative rate (iii) The higher F1-score also supports 

QSVM's overall robustness and elasticity to the 

heterogeneous features present in multimodal 

neuroimaging data. 

(d) Class Accuracy: (i) QSVM also performed marginally 

better in terms of average class accuracy than SVM (ii) 

This means that QSVM performed a more consistent 

correct classification rate across both classes, i.e., both the 

diseased and the healthy control groups (iii) Good class 

accuracy testifies to the model's capacity to generalize as 

well as reduce errors across different neurodegenerative 

conditions. 
A summary of observations are as follows: (i) The overall 

results on all four metrics show that QSVM provides a definite 
performance improvement over conventional SVM (ii) It is 
also particularly useful in complex, high-dimensional 
classification tasks such as separating neurodegenerative 
diseases from normal brain states using multimodal brain 
imaging data (iii) These results confirm the application of 
combining quantum-enhanced kernels with conventional 
machine learning algorithms to construct robust diagnostic 
models with early detection and precise classification. 

 

5. CONCLUSION  
This study presents a quantum-enhanced machine 

learning model for early diagnosis and discrimination of 
neurodegenerative diseases from multimodal brain imaging 
data. With the fusion of MRI, PET, and fMRI modalities from 
publicly available datasets (ADNI and PPMI), we developed a 
robust and generalizable model that discriminates between 
Alzheimer's Disease (AD), Mild Cognitive Impairment (MCI), 
Parkinson's Disease (PD), and healthy controls (HC): a hybrid 
quantum-classical approach that combined the strengths of 
quantum computing and classical machine learning to 
counteract the difficulties introduced by high-dimensional 
feature spaces typically encountered in neuroimaging analysis 
was employed. 

Quantum Support Vector Machine (QSVM), powered by 
Qiskit's ZZFeatureMap and QuantumKernel, was compared 
against a traditional Support Vector Machine (SVM) trained 
from the same features. An end-to-end pre-processing pipeline 
including denoising, registration, normalization, segmentation, 
and data augmentation was utilized to ensure discriminative 
voxel-based, morphometric, texture, and graph-based feature 
extraction from the imaging data. Each component of the 
pipeline was implemented using mature Python libraries such 
as Scikit-image, SimpleITK, FreeSurfer, and Nipype. 

Our results demonstrated that the QSVM performed better 
than the conventional SVM for all the key performance 
metrics. The QSVM achieved greater average precision (0.913 
vs. 0.880), recall (0.913 vs. 0.878), F1-score (0.913 vs. 0.879), 
and class accuracy (0.954 vs. 0.941), in addition to a greater 



                                     Akinyemi Omololu Akinrotimi et al. / Malaysian Journal of Science and Advanced Technology          220 
 

overall classification accuracy (91.25% vs. 87.75%). 
Additionally, ROC-AUC and 10-fold cross-validation 
outcomes validated the generalization capability of the QSVM 
model, indicating its robustness on unseen data and 
insensitivity to overfitting. 

This comparative research highlights how QSVM can 
particularly be very valuable in discerning subtle and early 
signs of neurodegenerative conditions. It also suggests that 
quantum-enhanced machine learninghas an outstanding place 
within neurodiagnosis, where conventional methods struggle 
with the overlapping patterns as well as minimum inter-class 
discrepancy. Additionally, the hybrid model utilized within the 
research presents an actionable and expandable pathway in 
integrating quantum machine learning within medical research 
in light of hardware drawbacks. 

To further validate and enhance the model’s practical 

utility, future work should explore its deployment on real 

quantum hardware to assess performance under current device 

limitations and investigate potential optimizations for noise 

resilience and execution time. 
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