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Abstract 

Neurodegenerative diseases including Alzheimer's, Parkinson's, and Huntington's offer serious health issues to people 
all over the world, due to their progressive nature and lack of effective therapies. In order to improve patient outcomes 
and allow for prompt action to limit the progression of the disease, early identification is essential. With a focus on deep 
learning methods, this study investigates the use of AI-powered analysis of medical images for the early detection of 
neurodegenerative disorders. The use of several medical imaging modalities, such as PET, CT, and MRI, in identifying 
disease biomarkers at an early stage is investigated. The usefulness of deep learning techniques to automate feature 
extraction, categorize illness states, and track disease progression is highlighted. These techniques include 
convolutional neural networks [CNNs], recurrent neural networks [RNNs], and generative adversarial networks [GANs]. 
The study also discusses the difficulties in using AI implementation, including data quality, image variability, and the 
interpretability of AI models. Furthermore, the study explores possible regulatory and ethical considerations in clinical 
adoption. It also examines AI's growing role in clinical settings and its ability to work with personalized medicine which 
present promising opportunities for improving the diagnosis and management neurodegenerative disease. The final 
section of this paper outlines important future directions for increasing the use of AI in clinical care, including multi-
modal fusion and transfer learning. 
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1. Introduction

Over time, neurodegenerative diseases are growing in importance as a public health issue [1]. They include a variety of 
progressive, long-term conditions marked by the slow deterioration of nerve cells, or neurons, resulting in problems 
with cognition, movement, and function [2]. The three most common of these diseases are Huntington's disease [HD], 
Parkinson's disease [PD], and Alzheimer's disease [AD], all of which have a significant effect on people, families, and 
healthcare systems around the world [3, 4]. Early discovery is essential for symptom management, slow progression of 
disease, and improved patient outcomes because of the incurable and irreversible nature of many diseases [4]. 

One cannot stress the value of early detection. Early-stage interventions for neurodegenerative disorders can improve 
quality of life, lessen the financial strain on healthcare systems, and delay the onset of severe symptoms [5]. Clinical 
evaluations, cognitive testing, and medical imaging are frequently used in the conventional diagnostic process for 
neurodegenerative diseases [6].  Subjectivity and the possibility of human error, however, can have limitations with 
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these approaches [7]. As a result, there is increasing interest in applying artificial intelligence [AI] to improve medical 
image analysis's precision and effectiveness [7]. 

Medical image analysis is one of the many domains that artificial intelligence, especially deep learning, has drastically 
altered [8,7]. Convolutional neural networks [CNNs], one type of deep learning technology, have proven to perform 
exceptionally well in tasks like image identification and classification, often outperforming classic machine learning 
techniques [8]. These methods can help with early and more precise diagnosis of neurodegenerative diseases by 
identifying patterns and features in medical images that could be invisible to the human eye [9,7]. 

This research paper explores the application of AI-powered analysis, specifically using deep learning techniques, to 
medical imaging for the early detection of neurodegenerative diseases. The objectives of this study are to evaluate the 
effectiveness of these techniques in accurately diagnosing neurodegenerative conditions at an early stage, compare 
different deep learning models and approaches, and assess the potential for integrating these technologies into clinical 
practice. 

2. Overview of Neurodegenerative Diseases and Medical Imaging modalities. 

Neurodegenerative diseases are conditions marked by a steady deterioration of the nervous system's structure and 
functionality [2,3]. Chronic and frequently incapacitating symptoms are the result of these disorders, which are usually 
related to aging and have no known solution. [4]. According to [3], Huntington's disease, Parkinson's disease, and 
Alzheimer's disease are some of the most prevalent and well researched neurodegenerative illnesses.  

A neurological ailment that affects millions of individuals worldwide, Alzheimer's disease [AD] is the most frequent 
cause of dementia [1,3]. According to [10], its main symptoms include memory loss, cognitive deterioration, and 
behavioural abnormalities. Amyloid-beta plaques and tau tangles build up in the brain during the pathological stages of 
Alzheimer's disease, causing neuronal death and brain atrophy [11]. As AD progresses, mild cognitive impairment [MCI], 
which is one of the most common early symptoms, can turn into severe dementia [12]. 

[13] state that Parkinson's disease [PD], the second most common neurodegenerative disorder, mostly affects motor 
function and affects 2-3% of those 65 years of age or older. According to [14], it is typified by symptoms such 
bradykinesia, stiffness, tremors, and postural instability. In the substantia nigra, a part of the brain essential for motor 
control, dopaminergic neurons are lost in Parkinson's disease [PD] patients [15]. According to [16], as the disease 
advances, non-motor symptoms such as mood problems and cognitive impairment are also frequently observed. 

Huntington’s disease [HD] is a genetic neurodegenerative disorder caused by a mutation in the huntingtin gene [17]. It 
is characterized by a combination of motor dysfunction, cognitive decline, and psychiatric symptoms [18]. HD typically 
presents in mid-adulthood and progresses over 10 to 20 years, eventually leading to severe disability and death [19]. 
The striatum, a brain region involved in motor control, is particularly affected in Huntington’s disease, leading to the 
hallmark symptoms of chorea [involuntary, erratic movements] later progressive bradykinesia, incoordination and 
rigidity [motor impairment] [20]. 

Medical imaging plays a crucial role in the diagnosis and monitoring of neurodegenerative diseases [21]. Several 
imaging modalities are used to visualize brain structure and function, each offering unique advantages in assessing 
different aspects of neurodegeneration [22]. Magnetic Resonance Imaging [MRI] is a non-invasive imaging technique 
that provides high-resolution images of soft tissues, making it particularly useful for assessing brain anatomy [23]. MRI 
is widely used in the diagnosis of neurodegenerative diseases, as it can detect structural changes such as brain atrophy, 
white matter lesions, and hippocampal shrinkage, which are indicative of diseases like Alzheimer’s [22]. 

Computed Tomography [CT] scans use X-rays to produce detailed images of the brain’s structure [24]. Although less 
commonly used than MRI for neurodegenerative diseases, CT is valuable in detecting brain atrophy, especially in the 
later stages of diseases such as Alzheimer’s [25]. It is also used to rule out other causes of cognitive decline, such as 
strokes or tumours [24]. 

Positron Emission Tomography [PET] imaging measures metabolic activity in the brain by detecting the distribution of 
a radioactive tracer [26]. PET is particularly useful in differentiating Parkinson’s diseases from other movement 
disorders [27]. PET can also assess glucose metabolism in the brain, providing insights into functional changes 
associated with neurodegeneration [28]. 
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Deep learning, a subset of AI, has shown tremendous potential in medical image analysis [8]. Unlike traditional machine 
learning methods that require manual feature extraction, deep learning models, particularly Convolutional Neural 
Networks, can automatically learn and extract relevant features from raw data [29]. This ability makes deep learning 
especially suitable for analysing complex medical images, where subtle patterns and abnormalities need to be detected 
[8]. 

Convolutional Neural Networks [CNNs] are a type of deep learning model that is particularly effective for image analysis 
tasks [29]. They consist of multiple layers of neurons, each of which detects different features in the input image, such 
as edges, textures, and shapes [30]. CNNs have been successfully applied to various medical imaging tasks, including 
disease diagnosis, segmentation, and classification [29]. In the context of neurodegenerative diseases, CNNs can be used 
to identify biomarkers such as brain atrophy or amyloid plaques from MRI and PET scans [31]. 

Recurrent Neural Networks [RNNs] are designed to process sequential data, making them useful for analysing time-
series data in medical imaging [32]. For example, RNNs can be used to track changes in brain structure over time, helping 
to predict the progression of neurodegenerative diseases [8]. In this way, RNNs complement CNNs by adding the 
capability to model temporal dynamics in addition to spatial features [32]. 

Generative Adversarial Networks [GANs] are a class of deep learning models that consist of two neural networks—a 
generator and a discriminator—that work together to create realistic synthetic images [33]. GANs can be used in 
medical imaging to generate synthetic data for training purposes or to enhance the quality of medical images by 
reducing noise and artefacts [34]. In the context of neurodegenerative diseases, GANs could be used to simulate brain 
images at different stages of disease progression, providing valuable data for training diagnostic models [35]. 

2.1. AI-Powered Analysis of Medical Images 

Medical images must undergo pre-processing to enhance their quality and remove any artefacts that could affect the 
results before any meaningful analysis can be conducted [36]. Pre-processing typically involves several steps, including 
noise reduction, contrast enhancement, and normalization [37]. These steps are crucial in ensuring that the images are 
of sufficient quality for accurate analysis. Noise reduction is crucial to ensure accurate analysis. Noise in medical images 
can arise from various sources, including the imaging equipment and the patient’s movement during scanning [38]. 
Techniques such as Gaussian smoothing and median filtering are commonly used to reduce noise while preserving 
important features in the image [37]. Noise reduction is particularly important in MRI scans, where small anatomical 
features need to be clearly visible for accurate diagnosis [23]. Contrast enhancement improves the visibility of 
structures within an image by increasing the difference in intensity between adjacent regions. This is particularly useful 
in detecting abnormalities in brain scans, such as tumours or areas of atrophy [22]. Histogram equalization and adaptive 
contrast enhancement are commonly used techniques in medical imaging to enhance contrast [38]. Normalization is 
the process of adjusting the intensity values in an image so that they fall within a specific range. This step is important 
for ensuring consistency across different images, particularly when they are acquired from different patients or using 
different imaging equipment. Normalization allows for more accurate comparison and analysis of images [39]. Image 
segmentation is the process of dividing an image into meaningful regions, such as separating the brain from surrounding 
tissues in an MRI scan [40]. In the context of neurodegenerative diseases, segmentation is crucial for isolating regions 
of interest, such as the hippocampus in Alzheimer’s disease, where early signs of atrophy may appear [22]. Deep 
learning techniques, particularly CNNs, have been widely used for image segmentation tasks due to their ability to 
automatically learn and identify relevant features [40]. For example, U-Net, a popular CNN architecture, has been used 
to segment brain MRI images with high accuracy [41]. 

Once the images have been pre-processed and segmented, the next step is feature extraction, where specific 
characteristics of the images are identified and quantified [42]. In the context of neurodegenerative diseases, features 
might include the volume of certain brain regions, the thickness of the cortex, or the intensity of PET signals [22]. Feature 
extraction involves identifying relevant patterns in the image that can be used to differentiate between healthy and 
diseased states [42]. In neurodegenerative diseases, this might include measuring the volume of the hippocampus in 
Alzheimer’s disease or the intensity of dopaminergic pathways in Parkinson’s disease [43]. Deep learning models, 
particularly CNNs, can automate this process by learning to identify the most relevant features for distinguishing 
between different disease states. For example, CNNs have been used to extract features related to brain atrophy in 
Alzheimer’s patients, which can then be used for early diagnosis [42]. After feature extraction, the next step is to select 
the most informative features for analysis. Feature selection is important for reducing the complexity of the model and 
improving its performance [44]. In deep learning, feature selection can be achieved through techniques such as principal 
component analysis [PCA] or through the use of specific layers in the neural network that prioritize certain features 
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over others [44]. For example, in Alzheimer’s disease, features related to hippocampal atrophy might be prioritized, 
while other less relevant features are discarded.  

After feature selection, the next step is to classify the images or detect the presence of disease [43]. Deep learning 
models, particularly CNNs, are often used for this purpose due to their ability to learn complex patterns and 
relationships between features [42]. In the context of neurodegenerative diseases, classification algorithms are used to 
differentiate between healthy individuals and those with early signs of disease [45]. CNNs are particularly well-suited 
for this task, as they can learn to identify subtle patterns in the images that may not be discernible to the human eye 
[41]. For example, CNNs have been used to classify MRI images of the brain to differentiate between patients with 
Alzheimer’s disease and healthy controls [45].  Detection algorithms are used to identify specific areas of interest within 
an image, such as regions of atrophy or amyloid plaques in the brain [43]. These algorithms can be trained to detect 
these features automatically, allowing for quicker and more accurate diagnosis. For example, CNNs have been used to 
detect amyloid plaques in PET scans of Alzheimer’s patients, providing an objective measure of disease severity [43]. In 
addition to CNNs, Recurrent Neural Networks [RNNs] can be used for analysing sequential data, such as changes in brain 
structure over time [46]. RNNs are particularly useful for predicting the progression of neurodegenerative diseases, as 
they can model temporal dynamics in the data. For example, RNNs have been used to predict the progression of 
Parkinson’s disease [46]. Generative adversarial networks [GANs] can be used to generate synthetic medical images for 
training deep learning models [35]. This is particularly useful in the context of neurodegenerative diseases, where 
acquiring large datasets can be challenging. By generating realistic synthetic images, GANs can augment the training 
data and improve the performance of the models [35]. 

To ensure the accuracy and reliability of the AI-powered analysis, performance evaluation metrics are used to assess 
the model's performance [47]. Common metrics include accuracy, sensitivity, specificity, and the area under the receiver 
operating characteristic [ROC] curve [48]. Accuracy measures the overall correctness of the model's predictions, defined 
as the proportion of true positive and true negative predictions out of the total number of cases. High accuracy is 
essential in medical diagnosis to ensure that the model reliably identifies patients with neurodegenerative diseases 
[48]. Sensitivity, also known as the true positive rate, measures the proportion of actual positive cases that are correctly 
identified by the model [47]. Specificity, or the true negative rate, measures the proportion of actual negative cases that 
are correctly identified [47]. Both metrics are crucial in evaluating the model’s ability to correctly diagnose patients 
with and without the disease [47]. Receiver Operating Characteristics [ROC] curve is a graphical representation of the 
model’s performance across different classification thresholds [49]. The area under the curve [AUC] is a single scalar 
value that summarizes the model’s ability to distinguish between classes. A higher AUC indicates better performance, 
with a value of 1.0 representing perfect classification [49]. 

3. Applications in Neurodegenerative Diseases 

Alzheimer’s disease [AD] is a significant focus of AI-powered medical image analysis due to its prevalence and the 
importance of early detection. Deep learning models, particularly Convolutional Neural Networks, have been 
extensively applied to Magnetic Resonance Imaging and Positron Emission Tomography scans to identify early 
biomarkers of Alzheimer’s, such as hippocampal atrophy and amyloid-beta accumulation [50]. The hippocampus is one 
of the first brain regions affected by Alzheimer’s, making it a critical area of focus for early detection [50]. Convolutional 
Neural Networks trained on large datasets of Magnetic Resonance Imaging scans have been shown to detect 
hippocampal atrophy with high accuracy, even in the preclinical stages of Alzheimer’s [50]. Early detection allows for 
the implementation of therapeutic interventions that can slow disease progression and improve quality of life. AI 
models can also assist in the differential diagnosis of Alzheimer’s by distinguishing it from other forms of dementia [51]. 
For instance, Convoluted Neural Networks can be trained to classify Magnetic Resonance Imaging and Positron 
Emission Tomography scans as indicative of Alzheimer’s, frontotemporal dementia, or healthy aging, providing a more 
accurate diagnosis than traditional methods [51]. This capability is particularly valuable in clinical settings, where early 
and accurate diagnosis is critical for effective treatment planning. Monitoring the progression of Alzheimer’s disease is 
essential for evaluating the effectiveness of treatment and planning future care [42]. Artificial Intelligent models can 
analyse longitudinal Magnetic Resonance Imaging and Positron Emission Tomography data to track changes in brain 
structure and function over time [42]. For example, Recurrent Neural Networks have been used to predict the future 
trajectory of cognitive decline in Alzheimer’s patients based on baseline imaging data, helping clinicians anticipate the 
patient’s needs and adjust treatment accordingly [42]. 

Parkinson’s disease [PD] presents unique challenges and opportunities for AI-powered medical image analysis, 
particularly in the assessment of motor symptoms and the tracking of disease progression. The motor symptoms of 
Parkinson’s, such as tremors, rigidity, and bradykinesia, are primarily caused by the degeneration of dopaminergic 
neurons in the substantia nigra [52]. AI models can analyse Magnetic Resonance Imaging scans to detect structural 
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changes in this region, providing early indicators of Parkinson’s disease [52]. In addition to structural imaging, AI can 
analyse functional MRI [fMRI] data to assess changes in brain activity associated with motor symptoms [53]. For 
example, AI models can identify abnormal patterns of connectivity in the basal ganglia and motor cortex, which are 
correlated with the severity of tremors and bradykinesia [53]. Tracking the progression of Parkinson’s disease is critical 
for managing symptoms and evaluating the effectiveness of treatment [Chen et al., 2017]. AI models can analyse 
longitudinal Magnetic Resonance Imaging and Diffusion Tensor Imaging data to monitor changes in brain structure and 
connectivity over time. For example, Convolutional Neural Networks have been used to track the degeneration of white 
matter tracts in Parkinson’s patients, providing a quantitative measure of disease progression [54]. Additionally, AI 
models can be used to predict future changes in motor function based on baseline imaging data, allowing for more 
personalized treatment planning [54]. AI-powered analysis of medical images can be integrated with clinical 
assessments to provide a more comprehensive evaluation of Parkinson’s disease. For instance, AI models can analyse 
video recordings of patients’ movements to assess the severity of motor symptoms, such as tremors and bradykinesia, 
in a more objective and quantifiable manner than traditional clinical assessments [55]. This integration of imaging and 
clinical data can improve the accuracy of diagnosis and the precision of treatment. 

Huntington’s disease [HD] is a genetic disorder with well-defined biomarkers, making it a compelling case for the 
application of Artificial Intelligence in medical imaging [56]. AI models can help identify early imaging biomarkers and 
predict the onset and progression of the disease in individuals who carry the genetic mutation [56]. Magnetic Resonance 
Imaging is commonly used to assess brain atrophy in Huntington’s patients, particularly in the striatum, a brain region 
that is severely affected by the disease. Deep learning models, such as CNNs, have been trained to detect early signs of 
striatal atrophy, even before clinical symptoms appear [56]. These models can also be used to quantify the extent of 
atrophy and track its progression over time, providing valuable insights into the disease's pathophysiology. Predicting 
the onset of Huntington’s disease in individuals who carry the genetic mutation is a significant challenge. AI models can 
analyse longitudinal Magnetic Resonance Imaging data to identify patterns of brain atrophy that are associated with the 
onset of motor symptoms [57]. By combining imaging data with other biomarkers, such as genetic and clinical data, AI 
models can provide more accurate predictions of disease onset and progression [57]. This information is crucial for 
planning early interventions and improving patient outcomes. AI models can be used to analyse data from longitudinal 
studies of Huntington’s patients, providing insights into the disease's progression and potential therapeutic targets. For 
example, Recurrent Neural Networks can be used to model the progression of motor symptoms over time, helping 
clinicians predict the future trajectory of the disease and adjust treatment plans accordingly [58]. Additionally, AI 
models can be used to identify subgroups of patients who are likely to respond to specific treatments, paving the way 
for personalized medicine in Huntington’s disease [58]. 

4. Challenges and Limitations 

One of the primary challenges in AI-powered analysis of medical images is the quality and availability of data [29]. High-
quality, annotated datasets are essential for training effective deep learning models. However, acquiring such data is 
often difficult due to the rarity of certain neurodegenerative diseases, variability in imaging protocols across 
institutions, and privacy concerns [29]. Limited access to large, diverse datasets can lead to models that are biased or 
less generalizable, reducing their effectiveness in clinical settings. 

Medical images often exhibit significant variability and heterogeneity due to differences in imaging modalities, 
equipment, and patient populations [59]. This variability can pose a challenge for AI models, which may struggle to 
generalize across different types of data. For instance, an AI model trained on Magnetic Resonance Imaging scans from 
one institution may not perform as well on scans from another institution with different imaging protocols [59]. 
Techniques such as data augmentation and domain adaptation are often employed to address these challenges, but they 
may not fully eliminate the impact of image variability on model performance. 

Another major limitation of AI-powered medical image analysis is the interpretability and explain ability of the models 
[60]. Deep learning models, particularly those with many layers and parameters, are often considered "black boxes" 
because their decision-making processes are not easily understood by humans. In the context of medical diagnosis, this 
lack of transparency can be problematic, as clinicians need to understand how and why a model arrived at a particular 
conclusion [60]. Efforts are being made to develop more interpretable models, such as those that provide visual 
explanations of their predictions, but this remains an ongoing challenge in the field. 

The integration of Artificial Intelligence into clinical practice also raises important regulatory and ethical considerations 
[61]. Ensuring that Artificial Intelligence models are safe, effective, and unbiased is critical, particularly when they are 
used to make decisions about patient care. Regulatory agencies, such as the Food and Drug Administration, are 
beginning to establish guidelines for the approval and oversight of AI-based medical devices, but the field is still evolving 
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[61]. Additionally, ethical concerns related to data privacy, informed consent, and the potential for AI to exacerbate 
healthcare disparities must be carefully addressed as these technologies are implemented in clinical settings [62]. 

5. Future Directions 

The field of AI-powered medical image analysis is rapidly evolving, with several emerging trends and techniques poised 
to further enhance the early detection of neurodegenerative diseases. Transfer learning, which involves using pre-
trained models as a starting point for new tasks, is gaining popularity as it allows for the efficient development of models 
with limited data [63]. Additionally, multi-modal fusion, which combines data from multiple imaging modalities [e.g., 
Magnetic Resonance Imaging and Positron Emission Tomography], offers a more comprehensive view of the brain and 
has the potential to improve diagnostic accuracy [64]. Transfer learning can be particularly useful in the context of 
neurodegenerative diseases, where large datasets are often not available. By leveraging pre-trained models that have 
already learned to identify relevant features from similar tasks, researchers can reduce the amount of data and 
computational resources needed to train new models [65]. 

Multi-modal fusion involves combining data from multiple imaging modalities to provide a more comprehensive 
assessment of the brain. For example, integrating Magnetic Resonance Imaging and Positron Emission Tomography 
data can provide both structural and functional information, improving the accuracy of diagnosis and the ability to 
monitor disease progression [66]. Deep learning models that can effectively integrate multi-modal data are likely to 
play a key role in the future of neurodegenerative disease diagnosis. As AI models continue to improve, there is 
significant potential for their integration into clinical practice. AI-powered tools could assist clinicians in diagnosing 
neurodegenerative diseases more quickly and accurately, leading to earlier interventions and better patient outcomes. 
Furthermore, the ability of AI to analyse large datasets and identify patterns specific to individual patients opens the 
door to personalized medicine [7].  

 Artificial Intelligence integration into clinical practice, it must be user-friendly and seamlessly integrated into existing 
workflows. This includes developing AI tools that can provide clear, actionable insights to clinicians and integrating 
these tools with electronic health records [EHRs] to provide a comprehensive view of the patient’s health [67]. Artificial 
Intelligence has the potential to revolutionize personalized medicine by providing more accurate diagnoses and 
predicting individual responses to treatment. By analysing large datasets of imaging and genetic data, AI can identify 
patterns and biomarkers that are specific to individual patients, allowing for more targeted and effective treatments 
[68]. 

Table 1 Abbreviations and their meanings 

Abbreviations Meaning 

AI Artificial Intelligence 

AD Alzheimer’s Disease 

PD Parkinson’s Disease 

HD Huntington’s Disease 

MRI Magnetic Resonance Imaging 

CT Computed Tomography 

PET Positron Emission Tomography 

CNN Convolutional Neural Network 

RNN Recurrent Neural Network 

GAN Generative Adversarial Network 

fMRI Functional Magnetic Resonance Imaging 

DTI Diffusion Tensor Imaging 

AUC Area Under the Curve 

ROC Receiver Operating Characteristic 

FDA Food and Drug Administration 
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6. Conclusion and Recommendation 

In summary, Artificial Intelligence-powered analysis of medical images using deep learning techniques offers a powerful 
tool for the early detection and monitoring of neurodegenerative diseases. Techniques such as Convolutional Neural 
Networks, Recurrent Neural Networks, and Generative Adversarial Networks have shown great promise in identifying 
early biomarkers of diseases like Alzheimer’s, Parkinson’s, and Huntington’s, often before clinical symptoms appear. 
However, challenges related to data quality, model interpretability, and ethical considerations must be addressed to 
fully realize the potential of these technologies. As research in this field continues to advance, the integration of Artificial 
Intelligence into clinical practice could revolutionize the diagnosis and treatment of neurodegenerative diseases, 
leading to more personalized and effective care. 

It is also recommended that efforts should focus on enhancing data quality and standardization to ensure consistent 
and high-quality datasets across institutions. Additionally, improving the interpretability of AI models is essential to 
build clinician trust, enabling better understanding and integration of AI tools in medical practice. 
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