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ABSTRACT

Neurodegenerative�diseases,�including�Alzheimer’s,�Parkinson’s,�and�ALS,�present�
signi�cant� diagnostic� challenges� due� to� their� complex� pathology,� overlapping�
symptoms, and reliance on late stage clinical evaluations. Traditional diagnostic 
methods� often� suffer� from� invasiveness,� subjectivity,� and� delays,� leaving� a�
critical gap in early detection and timely intervention. This review highlights the 
transformative�role�of�arti�cial�intelligence�(AI)�in�addressing�these�limitations�by�
leveraging its ability to process vast, complex datasets and uncover subtle patterns 
linked to disease onset and progression. AI techniques, including machine 
learning, deep learning, and natural language processing, are successfully applied 
to neuroimaging, omics analysis, and behavioral assessments, demonstrating 
remarkable potential for improving diagnostic accuracy and prediction. The paper 
also addresses the challenges of data quality, model interpretability, and ethical 
concerns, while emphasizing emerging solutions like explainable AI and federated 
learning. Through interdisciplinary collaboration and responsible innovation, AI 
offers a promising pathway to enhance early diagnosis, personalized care, and 
research in neurodegenerative diseases.
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Objective of the Paper
The� primary� objective� of� this� review� is� to�
explore� the� transformative� role� of� arti�cial�
intelligence (AI) in the early detection and 
monitoring of neurodegenerative diseases. As 
conditions� such� as� Alzheimer’s,� Parkinson’s,�
and ALS continue to rise globally, timely 
diagnosis�remains�a�signi�cant�challenge�due�
to the limitations of conventional diagnostic 
techniques, which often rely on invasive 
procedures,� subjective� assessments,� and� late-
stage symptom manifestation. This paper aims 
to highlight how AI serves as a revolutionary 
tool by enhancing diagnostic accuracy, 
identifying early disease biomarkers, and 
enabling predictive modelling through 
advanced computational techniques.

The review begins by examining the 
core concepts of AI, including machine 
learning, deep learning, neural networks, 
and natural language processing, to establish 
a� foundational� understanding� of� AI’s�
mechanisms in biomedical applications. A 
major� focus� is�given� to�AI-based�approaches,�
particularly the integration of AI with 
neuroimaging techniques such as MRI, PET, 
and� CT� scans,� where� deep� learning� models�
like� convolutional� neural� networks� (CNNs)�
have demonstrated superior performance 
in� identifying� disease-speci�c� biomarkers.�
Additionally, the role of AI in biomarker 
discovery is explored, with emphasis on its 
ability to analyse high-throughput genomic, 
proteomic, and metabolomic data to detect 
genetic mutations and protein misfolding 
associated with neurodegeneration.

Beyond imaging and molecular markers, 
the paper also investigates AI-driven 
behavioural and cognitive analysis, including 
text processing, to detect subtle cognitive 
impairments indicative of disease onset. 
Furthermore,�the�potential�of�AI�in�longitudinal�
and predictive modelling is discussed.

Despite its advantages, AI-based diagnostics 
face challenges related to data quality, 
heterogeneity, and bias, which can affect 
model reliability and generalizability. This 
review addresses these concerns and examines 
strategies for overcoming them. Additionally, 
the discussion extends to ethical and regulatory 
considerations, emphasizing the importance 
of patient data privacy, bias mitigation, and 
the need for global guidelines to ensure 
responsible AI deployment in healthcare.

Finally,� the� paper� explores� future�
directions and emerging trends in AI-
driven neurodegenerative disease research. 
Innovations such as explainable AI (XAI) are 
crucial for improving model transparency and 
clinical trust, while federated learning offers 
privacy-preserving solutions for training AI 
models on decentralized medical datasets. 

By presenting a comprehensive analysis of 
AI’s�applications,�advantages,�challenges,�and�
prospects, this review aims to contribute to 
the growing body of knowledge on AI-driven 
healthcare� solutions.� The� �ndings� discussed�
in this paper underscore the potential of AI 
to bridge existing diagnostic gaps, improve 
early detection rates, and ultimately enhance 
patient� outcomes� in� the� �ght� against�
neurodegenerative diseases.

INTRODUCTION

Signi�cance�of�Neurodegenerative�Diseases
Neurodegenerative diseases (NDs) are a class of 
disorders characterized by the progressive loss 
of structure and function of neurons, ultimately 
leading to neuronal death. These diseases 
primarily affect the central nervous system, 
impairing cognitive, motor, and functional 
capabilities.� Common� neurodegenerative�
diseases� include� Alzheimer’s� disease� (AD),�
Parkinson’s�disease�(PD),�amyotrophic�lateral�
sclerosis� (ALS),� and� Huntington’s� disease�
(HD). Each of these conditions is marked by 
speci�c� pathophysiological� hallmarks,� such�
as the accumulation of misfolded proteins, 
oxidative� stress,� and� neuroin�ammation,�
which collectively contribute to neuronal 
dysfunction and degeneration.

The global prevalence of neurodegenerative 
diseases has been steadily rising, driven 
primarily by increased life expectancy and 
an�aging�population.�Alzheimer’s�disease,�for�
instance, is the leading cause of dementia, 
affecting over 55 million people worldwide as 
of�2023,�a�number�projected� to�nearly�double�
every 20 years1.�Similarly,�Parkinson’s�disease,�
the fastest-growing neurological condition, 
affects more than 10 million people globally. 
From� a� socioeconomic� perspective,�

neurodegenerative diseases are among the 
most costly to manage. The direct costs 
include medical care, diagnostic procedures, 
and long-term treatments, while indirect costs 
stem from lost productivity and the emotional 
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toll� on� patients� and� caregivers.� For� example,�
the global economic cost of dementia was 
estimated at $1.3 trillion in 2023 and is expected 
to�rise�signi�cantly�in�the�coming�decades2. 

Understanding and addressing the rising 
prevalence and impact of neurodegenerative 
diseases is paramount. This has spurred the 
exploration of innovative technologies like 
arti�cial� intelligence� (AI)� to� enable� early�
detection, enhance diagnostic accuracy, and 
develop personalized treatment strategies, 
thus offering hope for improved outcomes in 
the battle against these devastating conditions.

Current Diagnostic Challenges
The diagnosis of neurodegenerative diseases 
(NDs)� presents� signi�cant� challenges� due� to�
the complex and often overlapping symptoms 
associated with these disorders. Traditional 
diagnostic methods, while effective to some 
extent, have several limitations that hinder early 
and�accurate�identi�cation,�leading�to�delays�in�
intervention and poorer patient outcomes.

1. Invasive Procedures
Many traditional diagnostic approaches 
rely on invasive procedures, such as lumbar 
punctures,�to�collect�cerebrospinal��uid�(CSF)�
for biomarker analysis3. These procedures are 
not only costly and time-consuming but also 
uncomfortable for patients, which may deter 
individuals from seeking early diagnostic 
evaluation. Moreover, invasive methods 
carry risks such as infection and procedural 
complications, making them unsuitable for 
widespread screening.

2. Subjective Assessments
Clinical� assessments� of� neurodegenerative�
diseases�often�depend�on�subjective�evaluations,�
such as patient-reported symptoms, 
behavioral observations, and cognitive tests. 
These� evaluations� are� in�uenced� by� the�
clinician’s� expertise� and� may� vary� across�
practitioners, leading to inconsistencies in 
diagnosis.� Furthermore,� early� symptoms� of�
neurodegenerative diseases, such as mild 
cognitive� impairment� (MCI),� are� subtle� and�
can easily be misattributed to normal aging or 
other conditions, resulting in underdiagnosis 
or misdiagnosis.

3. Delays in Early Detection
A critical limitation of traditional diagnostic 
methods is their inability to detect 

neurodegenerative diseases at an early 
stage. By the time clinical symptoms become 
apparent,� signi�cant� neuronal� damage� has�
often already occurred, reducing the window 
for� effective� intervention.� For� instance,� in�
Alzheimer’s� disease,� pathological� changes,�
such as amyloid-beta accumulation, begin 
decades before cognitive decline becomes 
noticeable, yet current diagnostic techniques 
struggle to identify these changes during the 
preclinical phase.

4. Complexity of Biomarker Analysis
While advances in neuroimaging and molecular 
biomarker research have improved diagnostic 
capabilities, these methods require specialized 
equipment and expertise that may not be 
readily available in all healthcare settings. 
Imaging techniques like magnetic resonance 
imaging (MRI) and positron emission 
tomography (PET) are expensive and often 
inaccessible in low-resource environments, 
limiting their utility for routine screening.4

Why AI is a Game-Changer?
Arti�cial� intelligence� (AI)� has� emerged�
as a transformative technology with the 
potential to revolutionize the diagnosis of 
neurodegenerative diseases. By leveraging 
advanced algorithms and computational 
models, AI can address many limitations 
of traditional diagnostic methods, offering 
innovative solutions for early detection, 
accurate�classi�cation,�and�disease�monitoring.�

One of the key advantages of AI lies in its 
ability to analyze vast amounts of data from 
diverse sources, such as neuroimaging, genomic 
pro�les,� and�patient�health� records.�Through�
machine learning (ML) and deep learning (DL) 
techniques,� AI� can� identify� disease� speci�c�
biomarkers, predict disease progression, and 
distinguish between overlapping conditions 
with� remarkable� accuracy.� For� instance,� AI-
powered image analysis tools can detect early 
signs of neurodegeneration in brain scans, even 
before clinical symptoms manifest, offering a 
critical window for timely intervention.
Furthermore,�AI�reduces�the�dependence�on�

invasive diagnostic procedures by enabling 
non-invasive methods, such as speech analysis 
or wearable sensors, to monitor cognitive 
and motor functions. These approaches 
not only improve patient comfort but also 
make diagnostic tools more accessible and 
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scalable across different healthcare settings. 
AI’s� predictive� capabilities� further� enhance�
its�utility,�as� it� can�model�disease� trajectories�
and provide personalized insights into disease 
management.

In addition, AI addresses the challenge 
of variability in traditional diagnostics by 
providing�consistent�and�objective�assessments.�
It�eliminates�the�in�uence�of�human�error�and�
subjectivity,�ensuring�that�diagnostic�decisions�
are based on robust data-driven evidence. 
As AI continues to evolve, advancements 
in explainable AI (XAI) are also making its 
decisions more interpretable, fostering greater 
trust among clinicians and patients alike.5

Arti�cial� intelligence� is� reshaping� the�
landscape of neurodegenerative disease 
diagnostics by combining precision, scalability, 
and accessibility. Its ability to process complex 
data, predict outcomes, and provide actionable 
insights positions it as a groundbreaking tool 
for overcoming the challenges of traditional 
diagnostic methods.

Core Concepts of AI
Arti�cial�intelligence�(AI)�is�a�multidisciplinary�
�eld� that� seeks� to� replicate� human�
intelligence through computational systems. 
Its core concepts machine learning, deep 
learning, natural language processing, and 
neural networks form the foundation for 
many advanced technologies. A deeper 
understanding of these concepts is essential to 
appreciating�AI’s�capabilities�and�applications.

Machine Learning (ML)
Machine learning is an AI subset where 
algorithms are designed to identify patterns 
and make predictions or decisions based on 
data. Unlike traditional programming, where 
explicit instructions are required, ML models 
adapt by learning from the input data provided. 
ML is typically divided into three categories:

• Supervised Learning: Algorithms learn 
from labeled datasets, where the output 
is known, to predict outcomes for new, 
unseen data.

• Unsupervised Learning: Models identify 
patterns or groupings in datasets 
without�prede�ned�labels,�often�used�for�
clustering or dimensionality reduction.

• Reinforcement Learning: Algorithms 
learn optimal actions through trial and 

error in a dynamic environment to 
maximize�a�speci�c�reward�function.6

Deep Learning (DL)
Deep learning, a subset of machine learning, 
involves� the� use� of� arti�cial� neural� networks�
to process complex and high-dimensional 
data. These networks consist of multiple layers 
of interconnected nodes, or “neurons,” each 
performing� speci�c� computations.� The� term�
“deep” refers to the presence of many layers 
in the network, enabling the model to capture 
intricate patterns and relationships. Key types 
of deep learning models include:

• Convolutional Neural Networks 
(CNNs): Primarily used for image and 
video� analysis,� CNNs� extract� features�
such as edges, textures, and shapes 
through convolutional operations.

• Recurrent Neural Networks (RNNs): 
Designed to process sequential data, 
RNNs have feedback loops that allow 
information to persist, making them ideal 
for tasks like time-series analysis and 
language modeling.

• Generative Adversarial Networks 
(GANs):� Consist� of� two� networks� a�
generator and a discriminator that compete 
with each other to create synthetic data 
closely resembling real data.

Natural Language Processing (NLP)
Natural language processing is the branch 
of AI that focuses on the interaction between 
computers and human language. NLP enables 
machines to understand, interpret, and 
generate human language in both written 
and spoken forms7. This is achieved through 
a combination of rule-based algorithms, 
statistical methods, and machine learning 
techniques. Key aspects of NLP include:

• Tokenization: Breaking down text into 
smaller units such as words or sentences.

• Sentiment Analysis: Determining 
the emotional tone of a text, such as 
identifying whether a review is positive 
or negative.

• Named Entity Recognition (NER): 
Identifying and classifying key entities 
(e.g., names, dates, locations) within text.

• Machine Translation: Translating text 
from one language to another, as seen in 
tools like Google Translate.
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Neural Networks
Arti�cial� neural� networks� are� computational�
models inspired by the structure and function 
of biological neural networks. These networks 
consist of layers of interconnected nodes 
(neurons),�with�each�node�performing�a�speci�c�
computation based on its inputs. The primary 
components of a neural network include:

• Input Layer: Receives raw data.
• Hidden Layers: Perform computations 

to extract patterns and features from the 
data.

• Output Layer: Produces the result or 
prediction.

Neural networks are trained through a process 
called backpropagation, where errors in 
predictions�are� calculated�and�used� to�adjust�
the� model’s� weights� iteratively,� improving�
accuracy. Variants of neural networks, such 
as feedforward, convolutional, and recurrent 
networks, cater to different data types and 
problem domains.

AI in Disease Detection
Arti�cial� intelligence� (AI)� has� achieved�
signi�cant� success� in� various� domains� of�
medicine, transforming how diseases are 
detected, diagnosed, and managed. By 
leveraging its ability to process vast amounts 
of complex data, AI has demonstrated 
its potential to enhance accuracy, reduce 
diagnostic time, and enable early detection 8. 
These�advancements�in��elds�such�as�oncology�
and� cardiology� underscore� AI’s� applicability�
to neurodegenerative diseases and other 
biomedical contexts.

• Oncology: Early Detection and Precision 
Diagnostics

 AI has revolutionized cancer detection 
through its ability to analyze medical 
images with precision. Machine learning 
algorithms, particularly convolutional 
neural� networks� (CNNs),� have� been�
trained to identify cancerous lesions 
in� mammograms,� CT� scans,� and�
histopathological slides 9. These tools 
often outperform human radiologists in 
detecting subtle abnormalities, such as 
microcalci�cations� in� breast� cancer� or�
small lung nodules indicative of early 
stage lung cancer.

 AI has also enabled personalized oncology 
by identifying genetic mutations and 
molecular markers associated with 
speci�c� cancers.� This� allows� clinicians�
to tailor treatment plans to individual 
patients, improving therapeutic outcomes

• Cardiology: Risk Prediction and 
Diagnostic Accuracy

 In cardiology, AI has enhanced 
the detection of heart diseases by 
analyzing� electrocardiograms� (ECGs),�
echocardiograms, and cardiac imaging. 
AI-powered systems can identify 
arrhythmias,� such� as� atrial� �brillation,�
with�high�sensitivity�and�speci�city.10 

 One notable application is the use of 
deep learning to quantify coronary 
artery�calci�cation�from�CT�scans,�a�key�
predictor of coronary artery disease. 

• Ophthalmology: Image-Based Diagnosis
 In ophthalmology, AI has been 

successfully used to detect retinal diseases 
such as diabetic retinopathy, age-related 
macular degeneration, and glaucoma. 
Algorithms trained on fundus images can 
identify� disease-speci�c� features,� such�
as microaneurysms and hemorrhages, 
often earlier than conventional diagnostic 
methods. These tools are especially 
impactful in resource-limited settings, 
where they enable cost-effective screening 
for large populations 11.

• Neurology: Foundations for 
Neurodegenerative Disease Detection

 In neurology, AI has already made strides 
in detecting conditions like epilepsy 
and stroke. Algorithms analyse EEG 
recordings to identify seizure patterns or 
predict stroke onset based on real-time 
patient data. 

• Applicability to Neurodegenerative 
Diseases

 Building on its success in other medical 
domains, AI shows immense promise for 
neurodegenerative�disease�detection.�For�
instance, analyzing neuroimaging data 
(MRI, PET scans) to identify structural and 
functional changes in the brain is a natural 
extension of its capabilities demonstrated 
in oncology and ophthalmology.12



161

IJNNS / Volume 17, Number 2 / May - August 2025

 Moreover,� AI’s� strength� in� integrating�
multimodal data such as genetic 
information, patient history, and 
imaging positions it as a powerful tool 
for tackling the multifaceted nature 
of neurodegenerative diseases. By 
automating data analysis and providing 
early,�objective�insights,�AI�can�help�bridge�
the gaps left by traditional diagnostic 
methods, ultimately improving patient 
outcomes.

AI-Powered Image Analysis
Arti�cial� intelligence� (AI)� -� powered� image�
analysis has become a transformative approach 
in the early detection of neurodegenerative 
diseases. By leveraging advanced algorithms 
such as convolutional neural networks 
(CNNs),�AI�can�process�and�analyze�complex�
imaging data with unparalleled precision. 
These technologies enable the detection of 
subtle structural and functional changes in the 
brain, which are critical for identifying disease 
at its earliest stages.
Convolutional Neural Networks (CNNs)
CNNs� are� a� type� of� deep� learning� algorithm�
speci�cally� designed� to� analyze� visual� data,�
making them ideal for medical imaging 
applications.� CNNs� operate� by� processing�
imaging data through multiple layers of 
neurons,� where� each� layer� extracts� speci�c�
features such as edges, textures, or patterns.13 
This hierarchical feature extraction allows 
CNNs� to� identify� disease� speci�c�markers� in�
neuroimaging data with exceptional accuracy.

1. Feature Extraction:� CNNs� automatically�
learn to identify key features from imaging 
modalities�such�as�MRI,�PET,�or�CT�scans.�
For�example,�they�can�detect�hippocampal�
atrophy� in� Alzheimer’s� disease� or�white�
matter lesions in multiple sclerosis.

2. Classi�cation� and� Segmentation: AI 
models,� particularly� CNNs,� excel� at�
classifying and segmenting images into 
regions�of� interest.� For� neurodegenerative�
diseases, this involves identifying and 
isolating affected brain areas, such as the 
hippocampus, cortical regions, or basal 
ganglia. Segmentation maps produced 
by� CNNs� provide� detailed� visualizations�
of the progression of atrophy or protein 
accumulation, aiding in precise diagnosis.14

3. Early Detection: By processing imaging 
data�at�a�granular�level,�CNNs�can�detect�

abnormalities that are too subtle for 
human� interpretation.� For� instance,� they�
can identify microstructural changes in 
white matter integrity using diffusion 
tensor imaging (DTI) or slight deviations 
in glucose metabolism from PET scans, 
signaling the onset of disease even in 
asymptomatic patients.

Other AI Algorithms in Image Analysis
In� addition� to� CNNs,� other� AI� algorithms�
contribute�signi�cantly�to�image�analysis:

• Recurrent Neural Networks (RNNs): 
RNNs, designed to analyze sequential 
data, are used to study time-series 
imaging, tracking disease progression 
across multiple scans.15

• Generative Adversarial Networks 
(GANs): GANs enhance image quality 
by denoising or super-resolving medical 
images, ensuring that subtle features 
crucial for early detection are preserved 
and highlighted.

• Support Vector Machines (SVMs): SVMs 
are employed for classifying imaging 
data into disease positive or negative 
categories, often used in combination 
with feature extraction techniques from 
CNNs.16

Biomarker Discovery Through AI
The� identi�cation� of� reliable� biomarkers� is�
essential for understanding, diagnosing, 
and managing neurodegenerative diseases. 
Biomarkers provide measurable indicators of 
pathological changes, helping to detect disease 
at early stages and monitor progression. 
Arti�cial� intelligence� (AI)� has� emerged� as�
a powerful tool in biomarker discovery, 
especially in analyzing high-throughput 
genomic and proteomic data17. 

Genomic Data Analysis with AI
Genomics involves studying the entirety of an 
organism’s� DNA,� including� genes� and� their�
interactions. Neurodegenerative diseases such 
as�Alzheimer’s,�Parkinson’s,�and�amyotrophic�
lateral sclerosis (ALS) are often linked to 
speci�c� genetic� mutations� or� variations� that�
disrupt normal brain function.
Identi�cation� of� Genetic� Mutations: 
AI algorithms are adept at detecting single 
nucleotide polymorphisms (SNPs), insertions, 
deletions, and copy number variations 
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in� genomic� sequences.� For� example,� in�
Alzheimer’s� disease,� AI� can� pinpoint�
mutations in the APOE gene 18, which is 
strongly associated with increased risk. 
Similarly, mutations in the LRRK2 gene linked 
to�Parkinson’s�disease�can�be�detected�through�
AI-driven genomic analysis.

1. Functional Genomics and Pathway 
Analysis: AI can integrate genomic data 
with functional information to identify 
disrupted� biological� pathways.� For�
example, neural network-based models 
can� predict� how� speci�c� mutations�
affect cellular processes, such as amyloid 
precursor protein (APP) processing 
in� Alzheimer’s� or� alpha-synuclein�
aggregation�in�Parkinson’s19.

Proteomic Data Analysis with AI
Proteomics focuses on the large-scale study 
of proteins, their structures, functions, 
and interactions. Protein misfolding and 
aggregation are hallmark features of 
neurodegenerative diseases, such as the 
formation�of�amyloid�plaques� in�Alzheimer’s�
and�Lewy�bodies�in�Parkinson’s�20�AI�enables�
the discovery of proteomic biomarkers by 
analyzing the intricate patterns of protein 
expression�and�modi�cations.

1. Detection of Misfolded Proteins: 
AI algorithms can analyze mass 
spectrometry data to identify abnormal 
protein conformations and post-
translational� modi�cations� associated�
with�neurodegeneration.�For�instance,�AI�
models�have�been�used�to�detect�speci�c�
patterns of tau phosphorylation in 
Alzheimer’s�disease21 or abnormal alpha-
synuclein�isoforms�in�Parkinson’s�disease.

2. Protein Interaction Networks: AI can 
construct and analyze protein-protein 
interaction networks to identify hubs or 
key nodes involved in disease processes. 
For�example,�machine�learning�approaches�
can reveal how dysregulated interactions 
between amyloid precursor protein (APP) 
and other proteins contribute to plaque 
formation.

3. High-Throughput Data Integration: 
Modern proteomics generates vast 
datasets from techniques like liquid 
chromatography mass spectrometry 
(LC-MS)� and� tandem� mass� tag� (TMT)�
proteomics22. AI excels at integrating these 

datasets with genomic and transcriptomic 
information to provide a holistic view of 
molecular changes in neurodegeneration.

Emerging AI Techniques for Multi-Omics 
Integration
AI excels in handling large-scale, heterogeneous 
datasets and can uncover relationships across 
different omics layers that are otherwise 
dif�cult�to�discern.23 Emerging techniques are 
making�signi�cant�strides�in�this�area:

1. Deep Learning Models for Multi-Omics 
Integration: Deep learning architectures, 
such as autoencoders and variational 
autoencoders (VAEs), are particularly 
effective in extracting features from 
high-dimensional omics data. These 
models can simultaneously process 
genomic, proteomic, and metabolomic 
inputs.� For� example,�VAEs� can� integrate�
transcriptomic data with metabolomic 
pro�les� to� predict� disease-speci�c�
metabolic disruptions.24

2. Graph Neural Networks (GNNs): GNNs 
model multi-omics data as interconnected 
networks, with nodes representing 
genes, proteins, or metabolites and edges 
re�ecting�their�relationships.�By�analyzing�
these networks, GNNs can identify key 
molecular pathways or hubs involved in 
neurodegeneration.25 This approach has 
been used to map the interactions between 
amyloid-beta proteins and their genetic 
regulators�in�Alzheimer’s�disease.

3. Tensor-Based Methods: Tensor 
decomposition techniques are used to 
analyze multi-dimensional omics data. 
By breaking down these datasets into 
components, tensor-based AI models can 
identify latent factors that contribute to 
disease risk or progression. This method 
is particularly useful for integrating 
time-series data, such as changes in gene 
expression and metabolite concentrations 
over time.26

Behavioural and Cognitive Analysis Using 
AI: Speech and Text Assessment
Behavioural and cognitive shifts, such as 
subtle variations in speech and language, 
are frequently among the earliest indicators 
of neurodegenerative disorders.27 Detecting 
these changes with accuracy is crucial for 
early diagnosis and management of conditions 
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like�Alzheimer’s�disease,�Parkinson’s�disease,�
and� frontotemporal� dementia.� Arti�cial�
intelligence (AI) has emerged as a powerful 
method for analysing speech and language 
patterns, offering non-invasive, scalable, and 
highly sensitive tools for recognizing cognitive 
decline.

AI Applications in Text Analysis
AI also extends its capabilities to analyze written 
or transcribed text, offering an additional layer 
of insight into cognitive functioning.

1. Evaluation of Vocabulary and Syntax: 
AI examines word usage, sentence 
complexity,� and� grammar.� Simpli�ed�
sentence structure and reduced lexical 
diversity often signal cognitive decline.

2. Emotional and Sentiment Analysis: 
Models evaluate the emotional tone of 
text, identifying shifts toward neutral 
or� negative� sentiment.� Dif�culties� in�
expressing emotions through language 
may indicate neurodegenerative 
conditions like frontotemporal dementia.

3. Predictive Diagnostics: By integrating 
multiple language features, AI creates 
predictive models that classify individuals 
based� on� cognitive� performance.� For�
example,� classi�ers� trained� on� linguistic�
datasets can distinguish between normal 
aging and mild cognitive impairment 
with high accuracy.28

AI in Longitudinal and Predictive Modelling
AI has become an invaluable tool in monitoring 
the progression of neurodegenerative diseases 
and predicting future outcomes based on both 
historical and real-time data. By analysing data 
from various sources, such as imaging results, 
clinical assessments, and biomarkers, AI can 
identify subtle changes that indicate disease 
progression. This allows for early detection 
of cognitive decline or other symptoms that 
might otherwise go unnoticed, enabling timely 
intervention and better management of the 
condition.

Machine learning algorithms help forecast 
how� the�disease�might�progress,�whether� it’s�
predicting the rate of cognitive decline or 
estimating potential complications and risks. 
Furthermore,� AI� models� can� incorporate�

real-time data from wearable devices and 
continuous monitoring systems, allowing for 

dynamic updates to predictions as new data 
becomes available. This real-time adaptability 
enhances the accuracy of predictions, helping 
healthcare providers make more informed 
decisions about patient care.29

The integration of AI in longitudinal and 
predictive�modeling�offers�numerous�bene�ts.�
AI’s� capacity� to� process� vast� amounts� of�
complex data allows it to uncover patterns 
that might be invisible to the human eye. By 
improving early diagnosis and providing 
more accurate forecasts of disease progression, 
AI helps personalize treatment strategies, 
improving patient outcomes and the overall 
management of neurodegenerative diseases.

Datasets, Tools, and Platforms
The success of AI-based approaches in detecting 
and monitoring neurodegenerative diseases 
depends heavily on high-quality datasets and 
powerful computational tools. Large-scale 
datasets provide the essential training material 
for AI models, while advanced frameworks 
and platforms facilitate model development 
and implementation.

Prominent Datasets for Neurodegenerative 
Disease Research
One of the most widely used datasets is 
the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI)30, which provides extensive 
longitudinal neuroimaging, genetic, and 
clinical� data� for� studying� Alzheimer’s�
disease.� It� has� signi�cantly� contributed� to�
developing AI models that predict cognitive 
decline and classify disease stages. Another 
critical dataset is the Open Access Series of 
Imaging Studies (OASIS), which contains 
MRI scans of individuals at various stages 
of cognitive impairment. This dataset is 
valuable for training AI models to distinguish 
between normal aging and neurodegenerative 
disorders.
For� Parkinson’s� disease� research,� the�

Parkinson’s Progression Markers Initiative 
(PPMI) serves as a key dataset.31 It includes 
imaging data, biospecimens, and clinical 
assessments, allowing AI models to track 
disease progression and identify early 
biomarkers. 

AI Frameworks and Tools
To process and analyze these datasets 
effectively, researchers rely on open-source AI 
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frameworks and specialized biomedical tools. 
TensorFlow and PyTorch are two of the most 
widely used deep learning libraries, providing 
�exible�and�scalable�architectures�for�training�
neural networks. These frameworks support 
various AI models, including convolutional 
neural� networks� (CNNs)� for� image� analysis�
and recurrent neural networks (RNNs) for 
processing sequential clinical data.

In addition to general AI frameworks, 
specialized biomedical tools enhance AI 
applications in neurodegenerative disease 
research. NiftyNet, a deep learning platform 
tailored for medical imaging, enables 
precise� segmentation� and� classi�cation� of�
neuroimaging data.32 Similarly, DeepBrain, 
an�AI� tool�speci�cally�designed� for�brain�MRI�
analysis, helps identify structural abnormalities 
associated with neurodegenerative diseases. 
Other platforms, such as TorchIO and MONAI, 
provide advanced functionalities for processing 
medical imaging data, further accelerating AI-
driven�discoveries�in�this��eld.33

Data Challenges in AI-Based Detection of 
Neurodegenerative Diseases
While AI has shown great promise in detecting 
and analyzing neurodegenerative diseases, 
the effectiveness of these models depends on 
the quality and integrity of the data used for 
training and validation. Several challenges 
arise in dataset collection and utilization, 
including heterogeneity, bias, and ethical 
concerns, which can impact the reliability and 
fairness of AI-driven diagnostics.

Heterogeneity in Data
One of the biggest challenges in 
neurodegenerative disease research is data 
heterogeneity. Datasets used in AI models 
often come from multiple sources, including 
different hospitals, research institutions, 
and imaging centers. Variations in imaging 
protocols, scanner settings, demographic 
diversity, and clinical assessment criteria can 
introduce� inconsistencies,� making� it� dif�cult�
to develop a universally applicable AI model. 
Addressing these issues requires careful data 
standardization, harmonization techniques, 
and domain adaptation methods to ensure 
AI models generalize well across different 
populations.34

Bias in AI Models
Bias in AI models is another critical issue that 

arises from imbalanced datasets. If a dataset 
lacks representation from certain demographic 
groups such as ethnic minorities, gender 
groups, or socioeconomic classes AI models 
may develop biases that lead to inaccurate 
or� unfair� predictions.� For� example,� if� an� AI�
model is trained primarily on data from 
individuals of European descent, it may not 
perform as accurately for patients from other 
ethnic backgrounds, leading to disparities in 
diagnosis and treatment recommendations35. 
Mitigating bias requires the inclusion of 
diverse and representative datasets, as well 
as the implementation of fairness aware AI 
algorithms that detect and correct biases 
during training.

Advantages and Limitations of AI-Based 
Approaches
AI-based approaches for detecting 
neurodegenerative diseases offer several 
advantages, making them powerful tools in 
modern� healthcare.� One� of� the� key� bene�ts�
is the improved sensitivity� and� speci�city 
in disease detection. AI models, particularly 
deep learning algorithms, can identify subtle 
patterns in neuroimaging, biomarker data, and 
clinical assessments that might be missed by 
human experts. This enhances early diagnosis 
and� allows� for� more� precise� classi�cation�
of disease stages. Additionally, AI offers 
scalability, meaning it can analyze vast 
amounts� of� patient� data� ef�ciently,� reducing�
the burden on healthcare professionals and 
improving accessibility to diagnostic tools. 
Another�major�advantage� is� the�potential for 
real-time diagnostics,36 where AI-integrated 
wearable devices and continuous monitoring 
systems can detect early cognitive or motor 
impairments, enabling proactive intervention 
before symptoms worsen.

Ensuring compliance with strict regulations 
such as GDPR and HIPAA is essential to 
protect patient rights37. Another challenge is the 
interpretability of AI models, particularly with 
deep learning systems, which often function as 
“black�boxes,”�making�it�dif�cult�for�clinicians�
to understand how decisions are made. This 
lack of transparency can reduce trust in AI-
driven diagnostics. Additionally, AI models are 
highly dependent on high-quality datasets,38 
meaning any biases or inconsistencies in 
training data can lead to unreliable predictions. 
Many AI models perform well in controlled 
research environments but require extensive 
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validation in clinical settings to ensure 
accuracy, generalizability, and safety before 
being integrated into routine medical practice. 

Ethical and Regulatory Considerations
The integration of AI in healthcare presents 
various ethical and regulatory challenges 
that must be carefully managed. One 
signi�cant� concern� is� ethical challenges, 
including biases in AI models that can lead 
to disparities in diagnosis and treatment. If 
AI algorithms are trained on datasets that 
lack diversity, they may underperform in 
underrepresented populations, exacerbating 
healthcare inequalities. Additionally, patient 
data privacy remains a critical issue, as AI 
requires access to extensive medical records, 
neuroimaging scans, and genetic information. 
Ensuring secure data storage, anonymization, 
and informed consent is essential to protect 
patient rights. 

To address these concerns, regulatory 
frameworks have been established at both 
global and regional levels to ensure the 
responsible integration of AI in healthcare. 
Organizations�such�as�the�U.S.�Food�and�Drug�
Administration�(FDA),�the�European�Medicines�
Agency (EMA), and the World Health 
Organization (WHO) provide guidelines for 
the validation, deployment, and monitoring 
of AI-driven medical technologies. These 
frameworks emphasize the need for clinical 
trials, transparency in AI decision-making, and 
ongoing evaluation to ensure patient safety. 
As AI continues to evolve, regulatory bodies 
must adapt policies to balance innovation with 
ethical�responsibility,�ensuring�that�AI�bene�ts�
all patients while maintaining high standards 
of medical care.39

Future Perspectives and Emerging Trends
The future of AI-driven approaches in detecting 
neurodegenerative diseases is shaped by 
advancements that address current limitations 
and improve the clinical applicability of these 
technologies. As AI continues to evolve, several 
key trends are emerging that aim to enhance 
interpretability, privacy, and interdisciplinary 
collaboration, ensuring that AI models are 
both reliable and ethically sound for real-
world healthcare applications.

One of the most critical advancements 
is Explainable AI (XAI), which focuses on 
improving the transparency and interpretability 

of�AI�models.�Currently,�deep�learning�models,�
particularly neural networks, function as 
“black boxes,” providing accurate predictions 
without clear explanations for their decision-
making processes. This lack of transparency 
limits clinical trust and acceptance. XAI aims 
to bridge this gap by developing models 
that offer interpretable outputs. By making 
AI decisions more comprehensible, XAI 
can facilitate better collaboration between 
clinicians and AI systems, ultimately leading 
to�improved�diagnostic�con�dence�and�patient�
outcomes.40

Another promising trend is Federated 
Learning, a privacy-preserving AI technique 
that enables multiple institutions to 
collaboratively train AI models without sharing 
raw�patient�data.�Federated�learning�mitigates�
this issue by allowing AI models to learn from 
decentralized data sources while keeping 
sensitive patient information localized. By 
implementing federated learning, researchers 
can develop more robust and generalizable AI 
models while ensuring compliance with strict 
privacy regulations like GDPR and HIPAA.

Lastly, the future of AI in neurodegenerative 
disease detection relies on Interdisciplinary 
Collaboration between AI experts, 
neurologists, bioinformaticians, and data 
scientists. The complexity of neurodegenerative 
disorders requires a multifaceted approach 
that� integrates� AI’s� computational� power�
with domain expertise from neuroscience and 
molecular biology. AI-driven insights need 
to be validated against biological and clinical 
knowledge to ensure their accuracy and 
relevance.
As� AI� continues� to� revolutionize� the� �eld�

of neurodegenerative disease research, these 
emerging trends will play a crucial role 
in making AI-driven healthcare solutions 
more transparent, secure, and collaborative. 
Addressing current challenges through 
innovations like explainable AI, federated 
learning, and interdisciplinary research will 
pave the way for more reliable and clinically 
accepted AI applications, ultimately improving 
patient care and disease management.

CONCLUSION 
In� summary,� arti�cial� intelligence� (AI)� has�
emerged as a transformative tool in the early 
detection and diagnosis of neurodegenerative 
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diseases, leveraging advanced machine 
learning and deep learning methodologies to 
enhance�diagnostic�precision�and�ef�ciency.�The�
integration of AI with neuroimaging, genetic 
pro�ling,� and� clinical� data� has� demonstrated�
signi�cant� potential� in� improving� early-stage�
detection, facilitating timely interventions, and 
enabling personalized treatment strategies. 
Despite these advancements, challenges such 
as data heterogeneity, limited generalizability, 
ethical considerations, and the need for 
rigorous clinical validation remain critical 
barriers�to�widespread�implementation.�Future�
research must prioritize the development of 
standardized, interpretable AI models that 
integrate multi-modal data while adhering 
to regulatory frameworks to ensure clinical 
applicability. Addressing these challenges will 
be instrumental in bridging the gap between 
AI-driven research innovations and real-world 
clinical practice, ultimately enhancing patient 
outcomes and advancing precision medicine 
in neurology.
Con�ict�of�Interest:�NIL

REFERENCES
1. WHO. Over 1 in 3 people affected by 

neurological conditions, the leading cause of 
illness and disability worldwide. , Mar. 2024, 
https://who.int/news/item/14-03-2024-
over-1-in-3-people-affected-by-neurological-
conditions--the-leading-cause-of-illness-and-
disability-worldwide

2. Wu,�Yanjuan�et al.�“Projections�of�Socioeconomic�
Costs� for� Individuals� with� Dementia� in�
China� 2020-2050:�Modeling� Study.”� Journal� of�
Alzheimer’s�disease�:�JAD vol. 101,4 (2024): 1321-
1331. doi:10.3233/JAD-240583

3. Algeciras-Schimnich, A., & Bornhorst, J. 
(2024).�Importance�of�cerebrospinal��uid�(CSF)�
collection protocol for the accurate diagnosis 
of� Alzheimer’s� disease� when� using� CSF�
biomarkers. Alzheimers&� Dementia, 20, 3657–
3658. https://doi.org/10.1002/alz.13721

4. Xie, L., Zhao, J., Li, Y., & Bai, J. (2024). PET 
brain imaging in neurological disorders. 
Physics�of�Life�Reviews, 49, 100–111. https://doi.
org/10.1016/j.plrev.2024.03.007

5. Fenoglio,�E.,�&�Kazim,�E.�(2024).�AI�explainability,�
interpretability, and transparency. 66–94. https://
doi.org/10.4337/9781803928241.00010

6. Saini, A., Dhuriya, G., Jain, A., & Mishra, 
A. (2024). Machine� Learning� Algorithms�

and Applications. 1–31. https://doi.
org/10.1201/9781003504900-1

7. G,� C.� (2024).� Natural� Language� Processing�
(NLP). International� Journal� For� Science�
Technology And Engineering, 12(6), 1092–1095. 
https://doi.org/10.22214/ijraset.2024.63281

8. Andreotti, L., Picoral Pinto, M., dos Santos 
Zapatero, L., Lobo Gatti, L., & da Silva, D. 
(2024).� Advances� in� arti�cial� intelligence�
and its applications in medicaldiagnostics 
promising approach. Revista� CPAQV, 16(3). 
https://doi.org/10.36692/v16n3-59r

9. Hosny, Ahmed et al.� “Arti�cial� intelligence�
in radiology.” Nature reviews. Cancer vol. 18,8 
(2018): 500-510. doi:10.1038/s41568-018-0016-5

10. Siontis,� Konstantinos� C� et al.� “Arti�cial�
intelligence-enhanced electrocardiography in 
cardiovascular disease management.” Nature 
reviews. Cardiology vol. 18,7 (2021): 465-478. 
doi:10.1038/s41569-020-00503-2

11. Popescu Patoni, Stella Ioana et al.� “Arti�cial�
intelligence in ophthalmology.” Romanian�
journal of ophthalmology vol. 67,3 (2023): 207-
213.�doi:10.22336/rjo.2023.37

12. Gupta, Rohan et al.� “New� era� of� arti�cial�
intelligence and machine learning-based 
detection, diagnosis, and therapeutics 
in� Parkinson’s� disease.”� Ageing research 
reviews� vol.� 90� (2023):� 102013.� doi:10.1016/j.
arr.2023.102013

13. Roopa, B. S., Prema, K. N., & Smitha, S. 
M.� (2024).� Brief� Study� on� Convolutional�
Neural Networks. International� Journal� For�
Multidisciplinary� Research, 6(5). https://doi.
org/10.36948/ijfmr.2024.v06i05.28671

14. Younesi,� A.,� Ansari,� M.,� Fazli,� M.,� Ejlali,�
A.,� Sha�que,� M.,� &� Henkel,� J.� (2024).� A�
Comprehensive� Survey� of� Convolutions� in�
Deep�Learning:�Applications,�Challenges,�and�
Future� Trends.� IEEE Access, abs/2402.15490. 
https://doi.org/10.1109/access.2024.3376441

15. Yalçın,�O.�G.�(2021).�Recurrent�Neural�Networks 
(pp.� 161–185).�Apress,�Berkeley,�CA.�https://
doi.org/10.1007/978-1-4842-6513-0_8

16. Ma’aitah,�M.�K.�S.�(2024).�Application of Support 
Vector�Machines�in�Machine�Learning. https://doi.
org/10.36227/techrxiv.172263291.17505159/v1

17. Ying, W., Wang, D., Hu, X., Qiu, J., Park, J. 
G.,� &� Fu,� Y.� (2024).�Revolutionizing� Biomarker�
Discovery: Leveraging Generative AI for Bio-
Knowledge-Embedded� Continuous� Space�
Exploration. https://doi.org/10.48550/
arxiv.2409.15612



167

IJNNS / Volume 17, Number 2 / May - August 2025

18. Pasupuleti, M. K. (2024). AI-Driven� Mutation�
Detection: Transforming Genomic Data into 
Insights�for�Disease�Prediction. 1–28. https://doi.
org/10.62311/nesx/46694

19. Bhutto, J. A., Sunkari, V., Patil, A. M., Vanathi, 
D., S, L., & Nayak, M. (2023). Detection and 
Analysis� of� Gene� Functioning� and�Manipulation�
using Deep Learning. 1434–1439. https://doi.
org/10.1109/icosec58147.2023.10276276

20. Ramanaiah, P. (2024). Proteomics Data 
Classi�cation� Using� Advanced� Machine�
Learning Algorithm. American� Journal�
of� Arti�cial� Intelligence. https://doi.
org/10.11648/j.ajai.20240801.13

21. Michael-Pitschaze,� T.,� Cohen,� N.,� Ofer,� D.,�
Hoshen, Y., &Linial, M. (2024). Detecting 
anomalous proteins using deep representations. 
NAR�Genomics�and�Bioinformatics, 6(1). https://
doi.org/10.1093/nargab/lqae021

22. Liu, Y., Shen, R., Zhou, L., Xiao, Q., Yuan, J., 
& Li, Y. (2024). Harnessing Data-Intelligence-
Intensive Multi-Agent System for Life 
Science Research. bioRxiv. https://doi.
org/10.1101/2024.05.19.594895

23. Ballard, J. L., Wang, Z., Li, W., Shen, L., 
& Long, Q. (2024). Deep learning-based 
approaches for multi-omics data integration 
and analysis. Biodata� Mining, 17(1). https://
doi.org/10.1186/s13040-024-00391-z

24. Hussein, A. N., Prasad, M., &Braytee, A. 
(2024). Explainable�AI�Methods� for�Multi-Omics�
Analysis: A Survey. https://doi.org/10.48550/
arxiv.2410.11910

25. Wang,�W.,�Zhan,�F.,�Huang,�C.,�&�Huang,�Y.�
(2024). GBNSS: A Method Based on Graph 
Neural Networks (GNNs) for Global Biological 
Network Similarity Search. Applied Sciences, 
14(21), 9844. https://doi.org/10.3390/
app14219844

26. Tensor methods in deep learning (pp. 1009–
1048). (2024). Elsevier eBooks. https://doi.
org/10.1016/b978-0-32-391772-8.00021-1

27. Diaz-Asper,�C.,�Hauglid,�M.�K.,�Chandler,�C.�B.,�
Cohen,�A.�S.,�Foltz,�P.�W.,�&Elvevåg,�B.�(2024).�
A framework for language technologies in 
behavioral research and clinical applications: 
Ethical challenges, implications, and solutions. 
American� Psychologist, 79(1), 79–91. https://
doi.org/10.1037/amp0001195

28. Malviya, S. (2024). Analysis�and�Classi�cation�of�
Textual�Data�Using�Machine�Learning�Techniques. 
https://doi.org/10.31224/3969

29. Prabhu,� S.,� Rathinam,� S.,� Rao,� C.,� &�
Chowdhury,�A.� (2023).�Survey of the use of AI 
models and techniques in the analysis and prediction 
of neuro-degenerative diseases. 2571. https://doi.
org/10.1088/1742-6596/2571/1/012022

30. Toga,�A.W.,�Neu,�S.,�Sheehan,�S.T.,�&�Crawford,�
K. (2024). The informatics of ADNI. Alzheimers&�
Dementia. https://doi.org/10.1002/alz.14099

31. Marek, K. (2024). The� Parkinson’s� Progression�
Markers� Initiative� (PPMI)�Clinical� -�Establishing�
a� Deeply� Phenotyped� PD� Cohort� AM� 3.2�
v2. https://doi.org/10.17504/protocols.
io.n92ldmw6ol5b/v2

32. Gibson,� E.,� Li,� W.,� Sudre,� C.H.,� Fidon,� L.,�
Shakir, D.I., Wang, G., Eaton-Rosen, Z., Gray, 
R., Doel, T., Hu, Y., Whyntie, T., Nachev, P., 
Modat,�M.,�Barratt,�D.C.,�Ourselin,�S.,�Cardoso,�
M. J., & Vercauteren, T. (2018). NiftyNet: a 
deep-learning platform for medical imaging. 
Computer�Methods�and�Programs�in�Biomedicine, 
158, 113–122. https://doi.org/10.1016/J.
CMPB.2018.01.025

33. Di� Salle,� G.,� Fanni,� S.C.,� Aghakhanyan,� G.,�
& Neri, E. (2023). Current Applications of AI 
in� Medical� Imaging (pp. 151–165). Springer 
International Publishing. https://doi.
org/10.1007/978-3-031-25928-9_8

34. Qadri, Y.A., Ahmad, K., & Kim, S.W. (2024). 
Arti�cial�General�Intelligence�for�the�Detection�
of Neurodegenerative Disorders. Sensors, 24(20), 
6658. https://doi.org/10.3390/s24206658

35. Cross,� J.L.,� Choma,� M.A.,� &� Onofrey,� J.� A.�
(2024). Bias in medical AI: Implications for 
clinical decision-making. PLOS�Digital�Health, 
3(11), e0000651. https://doi.org/10.1371/
journal.pdig.0000651

36. Udegbe,�F.C.,�Nwankwo,�E.I.,�Igwama,�G.�T.,�&�
Olaboye, J.A. (2023). Real-Time data integration 
in diagnostic devices for predictive modeling of 
infectious disease outbreaks. Computer�Science�&�
IT� Research� Journal, 4(3), 525–545. https://doi.
org/10.51594/csitrj.v4i3.1502

37. Singhal, S. (2024). Data� Privacy,� Compliance,�
and�Security�Including�AI�ML (pp. 111–126). IGI 
Global. https://doi.org/10.4018/979-8-3693-
2909-2.ch009

38. Enshaei,�N.,�&Naderkhani,�F.�(2024).�The�Role�
of Data Quality for Reliable AI Performance 
in Medical Applications. IEEE� Reliability�
Magazine, 1–5. https://doi.org/10.1109/
mrl.2024.3430192

39. Pantanowitz, L., Hanna, M. G., Pantanowitz, 
J., Lennerz, J., Henricks, W. H., Shen, P. U. 
F.,� Quinn,� B.,� Bennet,� S.,� &� Rashidi,� H.� H.�
(2024). Regulatory Aspects of AI-ML. Modern�
Pathology, 100609. https://doi.org/10.1016/j.
modpat.2024.100609

40. Gohel, P., Singh, P., & Mohanty, M. (2021). 
Explainable AI: current status and future 
directions. arXiv: Learning. http://export.
arxiv.org/pdf/2107.07045

  Tansa Ali, Shrijal Singh, et al.Artificial Intelligence-Based Approach for 
the Detection of Neurodegenerative Diseases


