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Abstract. Neurodegenerative disorders (NDDs) such as
Alzheimer's disease, Parkinson's disease and amyotrophic
lateral sclerosis are critical worldwide health issues. Recent
diagnostic methods primarily rely on biomarkers and clinical
evaluations, often exhibiting insufficient specificity and
sensitivity during the initial stages of illness. The present
review discusses the machine learning (ML) techniques used
to enhance the early prediction and detection of NDDs. The
use of ML in analyzing many data modalities, including
genetic biomarkers, molecular and cellular biomarkers,
neuroimaging data, and cognitive/behavioral evaluations
is also discussed. Research with ML techniques, including
convolutional neural networks, support vector machines
and recurrent neural networks has demonstrated substantial
improvements in diagnostic precision for numerous NDDs,
often exceeding conventional methodologies. Moreover,
multimodal integration techniques that integrate various types
of data further enhance prediction power. However, despite
the positive results, challenges such as data standardization,
privacy concerns and the requirement for robust validation
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across numerous populations persist. Addressing these chal-
lenges will be crucial for translating the potential of ML into
clinically impactful tools for the early diagnosis, personalized
treatment and improved management of NDDs.
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1. Introduction

Neurodegenerative diseases (NDDs) are the second leading
cause of mortality worldwide, constituting an increasing public
health concern (1). Alzheimer's disease (AD) and Parkinson's
disease (PD) are the two most common NDDs, affecting 35
million and 6 million individuals worldwide, respectively (2).
Dementia currently affects ~50 million individuals, with projec-
tions suggesting an increase to 130 million by the year 2050.
AD is the predominant NDD, including 60-70% of all cases
of dementia (3). According to the Alzheimer's Association, an
estimated 6.7 million Americans aged =65 years are currently
living with Alzheimer's dementia, a number projected to
nearly double to 13.8 million by 2060 in the absence of
disease-modifying treatments. AD is the sixth-leading cause
of mortality in the USA overall, and the fifth-leading cause
among those aged =65 years. In 2019, 121,499 deaths were
attributed to AD, and between 2000 and 2019, deaths from
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AD increased by >145%, in contrast to declines in stroke,
heart disease and HIV-related mortality (4). The World Health
Organization (WHO) reports that the prevalence of PD has
multiplied over the past 25 years, affecting >8.5 million indi-
viduals worldwide. In 2019, PD was responsible for 329,000
deaths, more than double the number of deaths that occurred in
2000, and resulted in 5.8 million disability-adjusted life years,
which represents an 81% increase since the year 2000 (5).
Motor neuron disease, commonly known as amyotrophic
lateral sclerosis (ALS), affects individuals globally, with an
incidence rate of ~2 per 100,000 person-years, a prevalence of
6 to 9 per 100,000 person-years, and a lifetime risk estimated
at 1 in 350 (6). As the population increases and society ages,
a greater number of individuals are attaining ages associated
with a high prevalence of neurological illnesses. The etiology of
NDD is multifaceted and intricate. Progress in genomic tech-
nology has revealed mutations linked to disease (7). However,
in the case of NDDs, such as AD, PD and ALS, a considerable
number of sporadic and even familial cases have uncleared
genetic origins. Furthermore, not all identified mutations are
fully penetrant or result in disease. Instead, a combination of
genetic risk factors may affect the vulnerability of an individual
to developing NDDs (8). Single-nucleotide polymorphism
(SNP)-based heritability estimates range from ~16 t036% for
PD, 8 to 61% for ALS, and 38 to 66% for AD. These estima-
tions nonetheless indicate that non-genetic variables have a
significant effect (9). As a result, it is generally acknowledged
that environmental exposures, also known as the exposome,
play a major role in the onset and course of NDD (10).

Generally, NDDs are gradual, irreversible and linked
to functional loss. NDDs manifest physiologically as demy-
elination, dendritic loss and neuronal death (11). A slow and
cumulative loss of cognitive abilities (dementia) and move-
ment abilities (ataxia) results from the degeneration of neural
structures, which may lead to mental impairment, functional
loss and debilitation. Despite being more common among
the elderly, NDDs may affect individuals of any age (12).
The early identification of NDDs is crucial for facilitating
rapid therapies and controlling these progressive disorders
efficiently. There is increasing interest in identifying early
diagnostic tools and novel treatment strategies for NDDs (13).
Traditional biomarkers, including protein biomarkers,
exosomes and microRNAs (miRNAs), exhibit promise in
detecting neural dysfunction prior to the appearance of clinical
symptoms (14-16). Researchers investigate these biomarkers,
combined with other laboratory and biochemical indicators,
for their potential in early diagnosis and evaluation of disease
development (17).

The requirement for biological material and inpatient
treatment limits the use of analog biomarkers for identifying
NDDs (18). Although these challenges exist, the progress in
bioassays and the identification of biological indicators in
blood, urine, tissue, plasma and serum indicates the potential
for overcoming these limitations. However, the complete veri-
fication of the therapeutic efficacy of these biomarkers remains
elusive (19). Further research is warranted to standardize these
findings and to evaluate their effectiveness in identifying the
early stages of the illness. A search for an optimal biomarker
for NDDs continues to guarantee a reliable and accurate
diagnosis in the earliest clinical phases. Conversely, digital

technologies that provide objective, high-frequency data are
being investigated to solve the existing subjective assessments
of NDDs (20).

In recent years, artificial intelligence (AI) has emerged
as a transformative tool in health care (21). Machine learning
(ML), a subset of AI, has been increasingly favored over
other deep learning or traditional statistical methods due to
its ability to learn complex patterns from high-dimensional
data without extensive feature engineering. ML has demon-
strated significant potential in enhancing the early diagnosis,
disease monitoring and predictive models of NDDs (22). ML
algorithms can analyze complex, high-dimensional biological
datasets to identify patterns associated with disease onset
and progression. By integrating neuroimaging, genetic,
molecular, and behavioral data, ML models also improve
diagnostic accuracy and facilitate personalized treatment
approaches (23). Additionally, wearable sensors and remote
monitoring systems leverage ML to track disease symptoms in
real-time, provoiding a non-invasive and scalable approach to
early diagnosis (24).

The present review discusses the use of ML in the early
diagnosis of NDDs, emphasizing key areas, such as biomarker
discovery, genetic analysis, neuroimaging and cognitive
assessment. It also explains the advantages of ML over
traditional methods in capturing complex associations and
improving predictive accuracy. The essential ML techniques,
feature selection strategies and data preprocessing methods
relevant to biomedical fields are emphasized. Additionally, the
improved diagnostic accuracy and the ability to address chal-
lenges related to data consistency and privacy using combined
multimodal data sources are discussed. By reviewing the latest
advances in ML-based NDD research, the present review
aimed to provide insight into the role of Al in the early detec-
tion and management of NDDs.

2. Pathophysiology diseases:
Overview

of neurodegenerative

AD is marked by a slow and advancing neurodegeneration due
to the death of neuronal cells, significantly affecting cognitive
abilities. This neurodegenerative process usually begins in the
entorhinal cortex of the hippocampus, an area vital for memory
processing (25). The formation of neurofibrillary tangles is
composed of phosphorylated tau protein, strongly associated
with cognitive impairment, compared to the amyloid plaques.
Neurofibrillary tangles and amyloid plaques are essential for
the neuropathological diagnosis of AD (11). Neurofibrillary
tangles first develop in the entorhinal cortex and hippocampus
before moving to the isocortex, which is how AD proceeds
stereotypically. This progression is divided into phases that
correspond to the clinical presentation of dementia and indi-
cate the growing severity of the disease (26).

The degeneration of dopaminergic neurons in the
substantia nigra is the main characteristic of PD, a complex
neurodegenerative illness that causes motor symptoms, such as
bradykinesia, stiffness and tremors (27). The first known gene
linked to PD is the synuclein alpha (SNCA) gene, which codes
for a-synuclein. PD with autosomal-dominant inheritance
patterns showed that an early onset may be due to mutations
in SNCA (28). The a-synuclein protein, a key component of
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Figure 1. General pathophysiological factors of neurodegenerative diseases. SNCA, synuclein alpha.

Lewy bodies in the brains of patients with PD, destroys dopa-
minergic neurons. More dopamine may worsen dopaminergic
neuron degeneration. While a-synuclein is advantageous for
dopaminergic neurons, its overexpression may destroy them
when paired with dopamine (29). SNCA aggregation interferes
with cellular function, resulting in compromised synaptic
transmission and increased oxidative stress, which exacerbates
neuronal cell death (30). Mutations in genes, such as SNCA,
leucine-rich repeat kinase 2, PTEN-induced putative kinase
1, Parkin RBR E3 ubiquitin protein ligase, protein deglycase
and glucosylceramidase beta 1 cause ~10-15% of cases of
familial PD (31). Neuroinflammation significantly contributes
to the progression of PD, with microglial activation noted in
post-mortem studies of affected individuals. This dysfunc-
tional immune response can worsen neuronal stress and death,
as microglia may release pro-inflammatory cytokines that
aid in neurodegeneration. Increased levels of inflammatory
markers, such as IL-1p and TNF-a have been linked to the
severity and progression of the disease (Fig. 1) (32).

Several pathways that interfere with the pathogenesis of
ALS, such as mitochondrial dysfunction, neuroinflammation,
oxidative stress, axonal damage, protein aggregation and
excitotoxicity, have been suggested to play a role (33). TAR
DNA-binding protein 43 (TDP-43) is the primary component
of inclusions observed in >95% of patients with ALS. This
RNA- and DNA-binding protein is critical for key processes,
including transcription, splicing and RNA transport (34).
TDP-43 mostly exists in the nucleus; however, in ALS, it may
be mislocalized to the cytoplasm, resulting in nuclear depletion
and protein aggregation (35). Protein clumps impair cellular
protein homeostasis, eliciting stress. Molecular chaperones

/Q\

Mitochondrial dysfunction

facilitate the refolding of misfolded proteins, whereas excess
aggregates are eliminated by the ubiquitin-proteasome system
or lysosomal autophagy (36). The buildup of misfolded super-
oxide dismutase 1 (mSODI) in the mitochondria adversely
affects spinal motor neurons and skeletal muscles, resulting in
the release of aberrant ATP, elevated reactive oxygen species
production and apoptosis (37). A dominant missense mutation
in the SODI gene, which is a major cause of ALS, results in
the creation of insoluble, ubiquitin-positive inclusion bodies
in motor neurons. While chaperones play a role in protein
folding, SODI aggregates capture heat shock proteins, leading
to endoplasmic reticulum stress and the accumulation of toxic
substances (38). Autophagy mitigates mutant SODI toxicity,
yet it often proves inadequate, resulting in the accumulation
of aggregates and higher cell mortality rates (39). Genetic
mutations are key factors in the pathophysiology of ALS. Of
note, >20 genes have been shown to be associated with ALS,
with the most prevalent mutations identified in the C9 or f72,
TDP-43, ubiquitin-2, VCP, TANK-binding kinase 1, SODI,
TARDBP and FUS genes (40).

3. Diagnostic challenges and limitations of neurodegene-
rative disease

The diagnosis of NDDs is difficult since symptoms often
develop gradually. Numerous NDDs have overlapping symp-
toms, potentially resulting in misdiagnosis (41). Furthermore,
the dependence on clinical criteria implies that a number
of pathological alterations may remain undetected until
significant brain damage has occurred. This delay in diag-
nosis may lead to lost possibilities for early intervention (42).
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Discrimination and misinformation about cognitive decline
could prevent individuals from seeking therapy, delaying early
identification (43). Current diagnostic methods depend on
clinical assessments and standard neuropsychological testing,
which may be inadequate for detecting early underlying
pathologies in NDDs. Blood biomarkers, such as neurofila-
ment light chain, phosphorylated tau, amyloid-f3 and total tau,
have been proposed to assist in diagnosis (44). A notable issue
is the fluctuation in biomarker levels, which are affected by
variables, such as age, sex and comorbidities, potentially
confusing interpretations. While several biomarkers have
impressive sensitivity, their specificity for NDDs is often inad-
equate, resulting in possible false positives (45). Cerebrospinal
fluid (CSF) biomarkers serve as direct indicators of the
central nervous system, offering insights into pathological
processes (46). Lumbar puncture for CSF collection is invasive
and may be poorly tolerated. Not all healthcare environments
provide it, and it may be costly. The conditions of sample
processing and analysis may also influence diagnostic accu-
racy (47). Imaging biomarkers, such as diffusion imaging,
magnetic resonance imaging (MRI) and positron emission
tomography (PET), allow for the visualization of brain changes.
These approaches detect neurodegenerative processes before
symptoms appear. Magnetic resonance elastography examines
tissue properties to enhance early diagnosis (48). Advanced
imaging techniques, such as PET scans, may be costly and less
accessible. Certain procedures expose patients to radiation,
raising safety concerns. Furthermore, outcomes may differ
based on patient attributes and circumstances, resulting in
possible misinterpretations (49). Genetic biomarkers, such as
mutations, SNPs and miRNAs, provide insight into disease
causes and susceptibility. Identifying effective biomarkers for
NDDs is challenging due to the intricate connections between
hereditary and environmental variables (50). Furthermore,
genetic markers may vary across populations, affecting
their effectiveness and therapeutic significance. Initial
genetic testing prompts ethical issues, including privacy,
potential discrimination, and the psychological impact on
those at risk (51).

4. Fundamentals of machine learning models and
techniques

Recent research highlights the potential of emerging technolo-
gies to enhance diagnostics. There is growing interest in the
use of ML to analyze diagnostic data effectively (52). ML will
be crucial in developing learning healthcare systems that inte-
grate various data sources with complex algorithms. This will
provide continuous, data-informed insight to enhance biomed-
ical research, public health and the quality of healthcare (53).
The majority of ML methods can be grouped into three
categories, with supervised ML being the first. This method
trains a model on input characteristics with known results. In
medicine, it may link height, weight and smoking status to the
5-year diabetes risk. After training, the system will predict
fresh data outcomes with discrete or continuous scores (54).
Unlike supervised learning, unsupervised learning operates
without a predetermined outcome. This strategy involves
algorithms independently detecting patterns without human
involvement. Consequently, unsupervised algorithms are

investigative and intended to reveal hidden patterns or clusters
within datasets (55). Reinforcement learning entails a system
engaging with its environment, promoting favorable actions
and discouraging unfavorable actions. These approaches are
used in a number of medical operations, including disease
diagnosis (56). Deep learning (DL), a branch of ML, is char-
acterized by the use of several layers, each signifying different
levels of abstraction. In this framework, each layer evaluates
the information obtained from the previous layer and transmits
the results to the subsequent layer (57).

Selection of features, data preprocessing and assessment
of matrices for biomedical applications. Feature selection
is a common method in ML to reduce dimensionality by
identifying a subset of relevant features based on established
criteria (58). Reducing noise and removing non-informative
features are essential to tackle the ‘curse of dimensionality’,
which arises when the number of features exceeds the
number of observations (59). Feature selection allows for the
identification of high-risk genes associated with cancer. As
microarray gene expression data are high-dimensional, it is
essential to perform critical feature extraction techniques,
including the t-test, Wilcoxon sign rank sum test test, random
forest, Boruta and LASSO, among others (60). Feature
selection techniques may be classified as filters, embedding
methods and wrappers according to their association with the
learning algorithm (61). Data preprocessing entails the prepa-
ration of raw data to render it appropriate for ML analysis.
This phase is essential in biological applications where data
may often be noisy or partial. Data preparation techniques
include normalization, management of missing values and
outlier identification (62). Data preprocessing includes data
cleansing and feature engineering. Data cleaning removes
duplicate, incorrect, irrelevant and missing data. This requires
a detailed knowledge of the data, its collection context, and
the application of the model in the environment. Clinicians
and data scientists from different fields need to collaborate
to clean data (63). Feature engineering employs a range of
statistical methods to transform data into a format that ML
algorithms can use more effectively. Typical procedures in
feature engineering comprise transformation, dimensionality
reduction, data type conversion, data normalization and
feature selection, all aimed at fulfilling the requirements of
ML algorithms (64). ML performance measures are essen-
tial for assessing diagnostic models in healthcare. Standard
metrics include classification and regression measures, which
need to be analyzed in light of class imbalance, prevalence
and cost-benefit trade-offs (65). Effective validation methods,
including cross-validation and distinct test sets, are crucial
to prevent data leakage and provide impartial estimates. In
binary classification tasks, measurements such as sensitivity,
specificity, and the area under the ROC curve are often used
(Fig. 2) (66). Researchers and clinicians must comprehend
these parameters to evaluate ML studies objectively and
determine how they could affect patient treatment (67). When
assessing ML models, it is crucial to consider the sample
size as well as the issues of overfitting and underfitting.
Researchers have created tools to compute and visualize many
performance indicators, thereby aiding in the comparison and
understanding of ML models (68).



SPANDIDOS
PUBLICATIONS

- Clustering
(dentifying similarity)

4‘4“ @9
[Pttt | N
e A ol o)
Cholesterol gp &
level

¢

Labeled data

Unsupervised learning

WORLD ACADEMY OF SCIENCES JOURNAL 7: 115, 2025 5

Data
A Preprocessing

Building a
model in ML
involves

Handling
missing values

Feature scaling
=« Standard scaler
= Min Max Scaler

Outlier detection @

Feature
Selection

I:: Wrapper based methods
State Filter based methods
Reward ‘
Confusion matrix .
R2 Score —

Reinforcement
—lerming

Agent
&,
o
Action

Ll

Environment

XX

Figure 2. Overview of artificial intelligence and machine learning techniques. ML, machine learning.

MACHINE LEARNING
ALGORITHMS

DATA PREPROCESSING
= Quality control
= Align data set

= Image segmentation |

FEATURE ENGINEERING

v Dimensionality reduction (PCA, t-
SNE, UMAP)

v Identify critical features ’

Molecular data Clinical data
*  Transcriptomics +  Patient records,

*  Proteomics * Disease outcomes, v/ Multi-omics correlations

*  Metabolomics *  Treatment response

Genetic data Cellular data MODEL SELECTION -

*  SNPs *  Single-cell RNA-seq > SVM, Random Forest for SNP —— -

+  GWAS *  Flow cytometry 2 =

+  RNA-seq + Imaging data ?;:::;lat;2$oﬂ<s for \

>
transcriptomics

» CNNs for imaging,

» clustering for cell phenotypes

o Bt

Biomarker validation with invitro

assays
MODEL TRAINING AND
VALIDATION | t
MODEL TESTING | BIOMARKER DISCOVERY

Figure 3. Identification of genetic, molecular, and cellular biomarkers using machine learning models. SNPs, single nucleotide polymorphisms; GWAS,
genome-wide association studies; SVM, support vector machine; CNNs, conventional neural networks.

predictions, thus improving the robustness and reliability of
biomarker discovery.

5. Machine learning in biomarker discovery and analysis

ML is an effective tool for the diagnosis of various diseases and
analyzing data. ML approaches, such as DL and support vector
machines (SVMs), examine intricate data from genomics,
proteomics and imaging to identify molecular signatures and
biomarkers (Fig. 3) (69). These approaches provide advan-

ML used in genetic biomarkers. Recent research has inves-
tigated the use of ML to detect genetic biomarkers for the
diagnosis of NDDs. Broadly, these studies fall into three
categories, such as: i) Large-scale genomic/transcriptomic

tages over traditional statistical techniques in handling large,
high-dimensional datasets. However, challenges such as data
privacy and overfitting persist. Explainable ML models could
mitigate these issues by providing mechanistic insights into

analyses; i) miRNA and blood transcript investigations; and
iii) DNA methylation or SNP-based approaches.

In a large-scale genomic study, Lam et al analyzed clin-
ical and genetic data from the UK Biobank to create models
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that predict motor neuron disease, AD, PD and myasthenia
gravis, achieving 88.3% accuracy. They discovered common
genetic risk loci shared across NDDs, although reliance on
a single biobank may limit generalizability (70). Similarly,
transcriptomic and clinical/laboratory data integrating with
ML has been used to detect early comorbidities and cogni-
tive impairment with improved accuracy (71). For miRNA
and blood transcript-based biomarkers, Li et al (72) applied
a feature that differentiates normal and neurodegenerative
disease subgroups using computational analysis. Boruta's
feature selection removed irrelevant features, although
mRMR and MCEFS prioritized the remaining ones. The
appropriate miRNA biomarker set was established, and
the correlation between candidate features and NDDs was
confirmed. Other studies using random forest classifiers
on blood transcript data have reported high sensitivity and
specificity in distinguishing AD, PD and ALS from controls,
although small sample sizes raise concerns about model
robustness (73). In the area of epigenetic and SNP-based
approaches, Ren ez al (74) applied random forest feature selec-
tion and ROC diagnostic analysis of genes exhibiting varied
methylation patterns to identify optimal gene biomarkers for
AD. Differential methylation was identified in eight genes:
STAMBPLI1, ANKRD34B, FAM82A1, CDKNIC, NOG,
CORO?2 B and TXNIP. MYNN was the optimal biomarker
for AD (74). Although promising, such findings require
replication in independent cohorts. Furthermore, ADNI-1
and WGS datasets have been leveraged to evaluate millions
of SNPs, with ML algorithms (SMO, NB, TAN and K2)
achieving exceptionally high accuracies (98-99.75%) using
500 SNPs. However, these near-perfect results raise the
possibility of overfitting, emphasizing the need for validation
on external datasets (75). Deep learning approaches have also
demonstrated considerable potential. Convolutional neural
network (CNN) models applied to blood-based biomarkers
for AD and PD have yielded strong predictive performance,
with 81% accuracy and ROC AUC values reaching up to
0.889 and 0.743, respectively (76). Research has demon-
strated CNNs applied to microarray data, attaining 95-96%
accuracy following dimensionality reduction (PCA and
SVD) and data augmentation to mitigate overfitting. While
these findings are encouraging, heterogeneity in datasets and
limited real-world testing remain as major challenges (77).
Overall, ML has proven to be highly effective in identi-
fying diverse genetic and molecular biomarkers for NDDs,
providing strong predictive accuracy and the potential to
enhance early diagnosis. However, numerous studies are
constrained by small sample sizes, reliance on single datasets
and risks of overfitting. To enable clinical translation, future
research is warranted to emphasize validation across larger,
more diverse and independent cohorts. A summary of ML
approaches applied to genetic and epigenetic biomarkers in
NDD:s is depicted in Table I (78-87).

Molecular and cellular biomarkers identified through ML.
ML has emerged as a powerful method for detecting cellular
and molecular biomarkers across the multiple diseases, partic-
ularly in cancer research. By integrating high-throughput
omics data, such as transcriptomics, proteomics and genomics,
ML methods have achieved sensitivities as high as 95% in

identifying diagnostic and prognostic biomarkers (88,89).
These approaches are particularly valuable in interpreting
complex datasets generated from DNA/RNA sequencing,
microarrays, and mass spectrometry, enabling the discovery
of biomarkers that were previously difficult to detect (69). This
highlights the strength of ML in managing high-dimensional
datasets where traditional statistical approaches often fail.

Beyond classification accuracy, ML algorithms are also
applied to dynamic modelling of biological processes. For
example, they have been used to construct ordinary differen-
tial equations (ODE) models of cancer signaling networks to
find biomarkers and therapeutic targets. Such ODE modelling
and tissue-level simulations may predict the necrosis, growth
arrest, cancer metastasis, and immune cell invasion (90).
While innovative, these methods require extensive valida-
tion AS they rely heavily on assumptions about pathway
interactions. Another key application of ML is imaging-based
biomarker discovery. Techniques, such as advanced pattern
analysis have revealed that imaging patterns can predict the
survival of patients with glioblastoma, with each subtype
exhibiting unique features. Factors, such as cell density, infil-
tration, microvascularity and blood-brain barrier impairment
can be integrated to create predictive biomarkers that enhance
diagnosis and therapy (91). This suggests that multimodal ML
frameworks combining imaging with molecular data could
improve precision medicine in oncology.

Recent research has also demonstrated that ML may
identify new molecular markers in a broad spectrum of
disorders. Wang et al (92) used ML techniques to examine
RNA sequencing and microarray data collected from the GEO
database. They discovered essential immune cell types and
hub genes associated with unstable atherosclerotic plaques,
confirming indicators such as CD68, PAM and IGFBP6 by
single-cell RNA sequencing, demonstrating the strength of
ML in integrating bulk and single-cell data (92). Similarly,
Liang et al (93) applied SVM-RFE and LASSO regression on
GEO datasets and discovered APOLDI and EPYC as pivotal
diagnostic genes for osteoarthritis. They further linked these
genes to immune cell activity through CIBERSORT analysis
and validated their findings with reverse transcription-poly-
merase chain reaction and ROC assays, demonstrating the
importance of combining computational prediction with
wet-lab validation (93). In pancreatic cancer, ML algorithms
have discovered proteins, mRNAs, miRNAs and DNA meth-
ylation patterns as potential subtype biomarkers. Integrative
profiling will improve treatment tactics by validating drug
sensitivity biomarkers using pattern recognition algo-
rithms (94). Likewise, in non-smoking females with stage
IIT non-small cell lung cancer, an analysis of GDS3837 gene
expression data using XGBoost achieved a robust AUC score
of 0.835, suggesting that these biomarkers may facilitate early
diagnosis and tailored treatment (95). The integration of ML
with molecular profiling methodologies can guide custom-
ized cancer therapies, especially in the field of radiation (96).
However, challenges remain, such as small or heterogeneous
sample sizes, risk of overfitting, and the lack of standard-
ized performance evaluation across studies, which may limit
the reproducibility of biomarker discovery. The ML-based
identification of molecular and cellular biomarkers in NDDs
is summarized in Table II (97-105).



*$10)eNUAIHIP 9[qrssod

X31100
reurgaojuy ‘sndwreooddry

(088L€0D9 ‘SEVLSONY
SYNY Surpoos-uou

se SYNY Surpoo-uou pazrisjoeIeyoun (uomeoyISSE[D *snikS eroduwre) pue ‘NAQd ‘€ITID
Sursn ‘seare urelq [eIOA9S SSOIOR (uonepI[BA-SSOID pUE UOIIO9[IS 2INJBJ) SIPPIA ‘ X91100 [2IU0IJaI] ‘TADINV 1aVY
OSBASIP S JOWIAYZ[Y JOJ SI0IBdIpUl O1jouas PI0J-G) AorInooe 0SSV Pue 152104 :suorgar urelq N0} ‘94 VSIS ‘O10¥0D)

X)) juerodwr A[[esrurd pue anbrun peynuapy J3e10A® %66 wopuey Jo J[quIasuyg wo1J sjasejep ABLIBOIIA SIONIBWOL] J1IQUID) 10T ‘ewreys
-ourorpaw uorstoard  sjuaned 0100s-y3y
10 100} onsouSerp 1an-1s1y aqrssod I0J Q0UBPIOJUOD
& pue ‘o1doad uoa10s 03 Aem 9ATIO9JR-1S00 %L6 (39S 1591) (seqoxd 1¢
‘QAISRAUI-MO] ® ‘sjuaned [DIA 2[qels Jo1paxd GLL 0 ‘(uonepifea UOI}09[as 2INJLdJ ‘Soua3 gg) s1oyIeworq
(Z8) d[oy Aew Jey s1ovIeworq Quas3 puno,  -SSoOI) [+8 0=DNV IIM )SI0,] WOopUueRy aseqelep INAV Jua3 paseq-poog 20T ‘urg
g (Ia1L
o ‘PVISSLS ‘vV¥ITIS
= “TAd ‘1'Ted PN
e ‘V8TOAIN ‘cONT
m S[oNU0d *sA Y Surysm3unsip 10J ‘TAVNAIL ‘HYZHILSITH
= ToYISSL[O 159q ) St PITIAWD 8 [ pAALPI[EA 9eIvSaAd ‘dVCHILSTH
] SYIOMIOU UOISSAIdx2-00 {onss1) urelq ur KoeInode 9,06 SISYISSB[D JYIO0 ‘1S00g G6LTSAD  ‘4AID ‘CAIND) Soud3
m (18) passardxo SOF JUBOYIUSIS ¢ Paynuap| 01 68 PaASIydOY NS0T INAS/ONS  wiope[d gsn[d ™ ¢€1N-DH  passaidxa A[[enuaroyi 120T “TepeIN
4 *$10318) (IV MU IOJ YOIeas U} JIWI[ Soua3
w qny Jurdde[roaQ ¢seua3 qny 01 Pa1dAUUOD (Aenua)
S SIe N[ 4L PUe SYNYIW 9 ‘qV 10] $S31 *$SAUISO[D ‘DG (L6T1dSD pue
m $1051e) 9 0) UMOUY AT UO PAUIN} I Jey) (o3pry pue ‘DO “ONIN ‘22132 ‘0SE8YHSD “18CSHASD) (NOS AL ‘SYNJw
= SUa3 qny Y} JO 9,0, ‘S[ONU0D Ayi[eay OSSVTwoly :Sunjuer ouds qny o3pry aseqeiep (OHD) SNQIUWQ  ‘SoudT PoId9[as-aInjed)
S WOIJ 9SBISIP S, JOWIAYZ[Y ABNUILJIP souag g 10))  ‘QOSSV1) Sururesy doop UoIssIdX QUOD AP U “SUAT qny) SIILWOIq
M (0%) A[918INn008 JBY) SAUAS 9AY pIynudp[ 6L6'0=DNV pue SuruIed] QUIYIRIA anssn ureIq Jo sjasejep uorssardxa auan €20¢ ‘orwuey
m ‘soyoeoidde
= paseq-Aeire puoAaq s203 95BIOA0D

SVMA souas (v umouy yim joerojur
puUe S9SBULy Ul YOLI AJe Jef} SOUS3 punoy qe| (soys

QU] UI PIJS) 9IOM [D0] SWOS (VY 0} payuI| 796°0/1€8°0 (Sururesy suryoew (s110400) syoselep  uone[Ayew HdH ureiq)
(6L) snd) ureiq [9Aou Jo sparpuny pAJoIPaI] =DNV/D0d pasiazadns) sn[dSyma urelq pAjeRI-gVv XIS SIOIeW-01q onouddidg 1202 ‘Sueny
“JuedYIuSIS 1€20
9q 0} UMOUS Sem (d Surysm3unsip ur  Jo 9)el JOLI MO[ & ATI-INAS (SDINJ) Soua3
Bz (8L)  SDIA dulu asay) jo Ayroeded onsouSeIp YL,  WIM 9L 0=DNV ‘UOISSAITAI OSSET] 129LASD ‘€1994SD wsIjoqejow dutmng §T0T ‘Suepm
S
Dm ('s3ey) s3uipuy A9y KorInooy POUISIN TIN jasereq ad Ay 193 rewiorg uoneorqnd jo
MM Ieak ‘aoyne 18I
e

‘SN Ul s1ayreworq onouadido pue onpouad Surkjriuapr 1oy soyseordde Surures| auryory ‘T 9[qRL,



https://www.spandidos-publications.com/10.3892/wasj.2025.403

VELMURUGAN et al: Al AND MULTIMODAL BIOMARKERS IN NEURODEGENERATIVE DISEASE

*uTuIe9] QUIYORW ‘A ‘QSBISIP S,uosunyIed ‘(d $9SeasIp SIOWIAYZ[Y ‘V $SIOPIOSIP dANRIUIFIPOINAU ‘SAAN

*SIOPIOSIP IAY0 WO} (JV SUNRIIUIIP

UI 9ATIOOJQ Jsowl Y} Suraq NAS Pm

‘S9[QELIBA [BOTUI[O pPUE S[RUSTS DFH U0am1aq
SUOIIOdUUOD [eNURISqNS SUI[BIAI ‘AoBINOOE
SISOUSeIp JUS[90Xa PAJLII[IOe] BIep O1jouds

(L8 pue HHH JO UONLISAUT [EpPOWNNW Y],

‘sisougeIp A[1e9 10J pue)sIopun

0] JOISE? J1 9pew [VX ‘SAAN Ioylo

Ul punoj Os[e 2I9Mm dWos punoj (qd 10

(98) SIoyIewolq auasd paseq-poojq juenrodwy
*S19318]) TRUIOIPOW

puy djoy Lew 19y19303 [V pue TN "V JO
Juawdo[oAap Y} Ul JUSWAA[OAUL A[qIssOod «—
€Dd¥L ‘TINLLS ‘TId.L :sua3 qnH "¢Dd¥.L

PUe TALLS O ZIVIO Po1osuuod sisA[eue
Kemyyed "seare [[e ur juasaid st ZIVIO

‘s1oyTRWOIq St souas ([erodwe)) g pue

(s8) ‘(feduresoddry) 9 *([e3uoLy) € pAYRUSPY
*J$BO310J 0} AJ[Iqe 19339 "S}aserep

[eI0A9S SUTUIqUIOD puk saINJeugIs JUnSIxo

(NAS) 916'0 :DNV
‘0260 KorInooy

*KoBINdoR 9,08
9AOQE PIARIYOE
QIoMm SQINIBd) [V

AD PIOJ-§
‘sokeq oATeN
KoeInooe 9,001

1osejep Juopuadopur

(INAS) QUIYOBIA JOJOIA

1oddng ¢(.1¥) 315210
wopuey (goX)
Surnsooq jusIpelin)
(IvX) dVHS
:uonyeardiout SINAS
RONEIEN EIN oy |
:UONBOYISSB[D
{UOISSAITAI

98pry ‘OSSV'1
“UOT)OJ[3S dINJed]

(Iv 1qeurerdxo
Y uoneyaxdiojur

[opow ‘swprIose TN

Ioyjo snid ‘uonepifea
-SSOIO P[OJ-G IIM

soAeq OATRN]) SIOYISSE[O

TN pasiatadng
NNA “d-IWAS

Surpnyour ‘sfpout TN 6

(ss¥d)
$9100s YsuI o1uaATod pue

‘sadKyoua3 ‘steudis (Hgd)
Aydei3oreydosusonosg

(8€8819SD “SLYLSHSD
‘6£066dSD *L9TTLASD

‘€199dSD) aseqerep (OAD)
snqruui() uorssaIdxy auen)

*S|01U0D

V-Uou "SA SuoI3al
Tesodway pue ‘[eduwresoddry
‘rejuory woiy sojdwes
poolq AV (0869€dSD
1UOISSAOIY) seqeIep OFD

LOTCLASD

SI9MIBWOIq J1oUdn) $207 ‘0x

SIIEWOIq

oud3 paseq-poolg  £70T ‘Hepueyg

(seuag ayeprIpued 1910

+ 1IdL “€Dd 4L TINLLS
“ZIVIO) siavleworq

uorIssaidxo ouon €707 ‘ueIeyos

0 31 Surredwod Aq AJI[IQRI[RT SIT PAYLIdA oy uo (NNQ) YIIM UoneoyIsse[d pue  :3s9) Judpuadopur ‘(sordures (Ke1reoxoru

{dd Jo su3Is A[1ea 109J9p 0} pasn q ued Jey) 780 ‘(d-INAS) uonoopes amjedy roddeim  poo[q) sjoselep ABLIBOIOIW  WOIJ SOH() SIOILWoIq
#8) 1njeu3Is auagd paseq-poo[q SUOIIS B pUNoq 128°0=DNV POppPoquIa J9AR[-0M], ad wepuadapur a1y, Qua3 paseq-poolg  7Z0T ‘eunsniny
('syey) s3uipuy A9y KorInooy POUISIN TIN jasereq ad Ay 1oy rewiorg uoneorqnd jo

IedL ‘aoyine 18Iy

"panunuo) ' AqeL,



WORLD ACADEMY OF SCIENCES JOURNAL 7: 115, 2025

8
2
2
2
)

PUBLICATIONS

‘Aiqeredwod SuruTRnSUOD
os ‘syuaned qAd/AV 2w
uey) Jo3unoA sem dnoi3
[onuod oy ‘uorsroaxd [spow
Sunoedwr pue sogoid

(K11oaas
dnoi3qns qd)

‘Tepowt (ADOOT)
UOTJBPI[BA-SSOID

JNO-0UO-ABI[ PUR Y

9ANIUS09 J[qeLIeA
s wngodads qd
‘(IO Juowredur
AU 09 pIux
Surpnjour) wnxoads

ura[onuAs-0
‘1g1ner-d ‘ney,

urojoid ewserd Surouangur ‘SN SnhoLeA 9%€9 ‘(AIIOASS pue ‘NNY ‘Soyso1 av pm syuaned €101
A[renuajod ‘yusunean SunenjuaroyIp ur suerdrsAyd dnoi3qns qQVv) ‘AN ‘SPD ‘IVD ‘sjonuod Ayjeay ‘ovdv ‘trdv
[eo13ojooewireyd U0 919M  pre Aewl IQYISSEO I Yl IIm %¢€8 ‘(uoneOYISSL[O ‘INAS) SIoyIsse[d woij (£ ,g=u) :SI9¥IRWOIq
(1on) syuanyed jo Ayofew oy, [epow (] P21onnsuod ay ], [[BI9A0) %9/, Sururesy-doop £, soidwes pwise]d  urajoid ewise[q 0207 ‘urg
“uonoONpaI  9seISIp s,uosunyred sunorpaxd [OPOIA [enuanbog (ad-uou 9g
QInJedJ WOl SUNIYISAO JO ur AovInooe JeaI3 paurene =159q {(seIoy]) [OPOIN aseqeep ‘SIoIRWOIq
Jsu cuonepifea juapuadopur 510}d11059p 91n0I OIOUA3F ‘AoeInode 9,69'Ge  [enuanbag ‘uondadrog qauiedyru oy ad 9s
193xe[ saxnbar ‘oouewroyrad I SYN YW SuIsn [opowr M SISIBWOIq RAemInN ‘sokeg WOoIj pAJoeNXd  SYNYMW Z11)
(001)  wWPLIOS[E 0} pIWI] S[IEI(  SUILIBS[ QUIYOBW PIJBId Y], VNYIW paynuop]  QAIBN ‘921], SUIPIOoH AToM SYNYIW  SYNYIW poo[g $20T ‘Tewuny]
*UOTOI)AP ASLISIP VIHM UI IOGISSe[d
QOURUD pUB SIIBWOI] 9576 TN (q7) Jyoixz ayp
MU JOA0DUN 0] Pasn q pue ‘9598 I ‘%78 pue ‘xogisserd (1Y)
Apuanbasqns Aew YoIym  PAASIYOR ¥ SBAIoyM 15910, Wopuey Ay}
‘pareIouag azom sAemyied 159} uonepIEA ‘IoyIsse[d (1) 9911,
pue souag 1031e) UO PAseq  -SSOID AU} UI 9%()] JO  WIOPUBY Y} ‘IOYISSL[O
“pauiyuoo jou uoneordde s103d110S9p JO spuesnoy)  AoBINOO® 93BIJAE UB (4N) seheg aareN (sorgoid ewserd
[eUOT}B[SUBI) ‘UOTIEPI[RA ‘AV I pIIeIoosse POASIYIE SIAYISSL[O oy “1ayISse[d (JTIN) spIe)ouon) pue WnIas)
(66) Anoadsold 1031e] SpooN VNYTw SurzAreue Ag qgN pue Jy7Z oyl uondoorod IoAe[mnn pue gauedyiu YN poorg 7207 ‘nxX
‘uonedognens st (IDNIJ¥4S
AJreo 10§ ostwoxd pomoys pue surojoxd JyS1o ‘oA
“yosuo wojduwAs a10J9q sILaA Jo uorssaidxa oy (9¢=u) ‘€D ‘TINVOI
uaA9s 03 dn saseo [ewospoid uo paseq £oeInooe s[onuod Aylfeay ‘Sanlid ‘d'qd
"osn [edTuI[d PAYIUSPI “S[oNU0d Wwoly dd %001 yim sojdures ‘(pg=upue g[=u)  ‘TISVIN ‘NID
JIOJ UOTIEPI[BA [RUIIXQ  A[IBO PIRIIUIYIP ‘FUIILd] [onuod 10 qd S1I0Y0d (Y Jojow :surdjord Q)
SPaU $S11070D J0JOW Juryoew 3ursn ‘SIIBWOIq oAOU Jp pIjeredos [Popow VA-S1dO -oid ‘(p6=1) ad [eued
(86) -axd [[ewrs Ajoane[oy  urayoid pooiq 1ysie jo [oued v pue payisse[) JURUTWILIOSI(] ~ PIsouSeIp A[IUaday] urjoxd poorg 70z ‘IsiabieH
Auo  -3urdKyousyd pue uoneoynens
SIIRWOIq S 0} PAIIWI]  USALIP-BIEp pasoxdwr isanfea
‘panrodar jou uoneprea JJO-INO paseq-19)snyd Jo ne3-) ‘ney-d
[euI)X9 ‘Ajouagorolay  uonendwod pajqeus ((soryoid 3uL9Isno [opowt SIJUAD IIRWOIq  ‘Onel Oy/chdv
dnoi3 £q peouongur  Qv-uou pue oNI[-QV) SIAISN[O QIN)XTW URISSNED) V WOIJ S}I0Y0d :SI9IRWOIq
(L6) IS sonfeaA jjo-mn)H X1s ojur syuanzed payIsse[) poy1oads J0N pasiazradnsun juoned o316 OM], ASD 210D 120T ‘owolog
(s3oy) suonejruI 93] sSurpuy A9y KoeImooy poylow TN jasere ad£y royreworg uoneorqnd jo

Ieak ‘aoyne 18I

SN Ul SIOYIBWOIq JB[N[[90 PUE JB[NOJ[OW JO AIOAOISIP PIseq-SuluIes] Suryory ‘[ 9[qeL


https://www.spandidos-publications.com/10.3892/wasj.2025.403

VELMURUGAN et al: Al AND MULTIMODAL BIOMARKERS IN NEURODEGENERATIVE DISEASE

10

-SuruIeg[ auryorw ‘I (OSBISIP S,uosunyied ‘(d ‘9SeasIp SIOWIAYZ[Y ‘V SIOPIOSIP 2A1RIOUIZIPOINAU ‘SN

"UOTIRN)UI [[20 SUNWIWIT O}
POYUI] 2I0M SIIBWOIq OM])
‘sorduwres DNGJ pue s1oselep

SCL0

() uorssardoy

(OH 01
‘ad o1) sONdd
uo YDJ-14b

-sdnoi3 19331q ur parnbar st [BUIAIX UL WAY) PASA  ‘T6L°0 ‘€€ 0=SDNV a3pry ‘(INAS) + sjaselep 0D € (bag-v NI
Sumse) oyng pue ‘(DH €1 ‘SI9IRWOIq OnsoudeIp  uoneprea {(Sururen) QUIYORIA] 10J09A  UOTIBPI[BA ‘S[OTUOD POO[q-o[OyM)
‘paredwos qd 1) [[ews 3uons a1e 1ey) souUa3 86 0=DNV j1oddng ‘() 152104  Apreay ¢ ‘syuoned SIoyIewolq
(so1) st oz1s o[dwes Sururen ayJ, poje[aI-3urse Inoj punoq [9pow pauIquIo)) wopuey ‘0OSSV1 ad 11 :Sururexy, pare[eI-SuUIsy ¥20¢ ‘Suex
‘s1souagoyyed “KoeInooe 94/ /.
9seasIp ojur syy3Isur sopiaoid  pamoys 39S uonepIeA
‘surajord paje[ar-qaN Y3 pue ‘98 (0=DNV HAODN WipLIoS e aseqelep dcl (surajoxd qny)
“uonEpIBA renuajod {NIdd Ul [e1IUISS ‘TO0FLLOJO Sursnpo ‘[opow ) WoIJ sjaserep uoTORINUI
+o1) [eyuowrIadxa pasu s)NsAY surajoid qny poagnuapy  £9BINOSE UONIIPAIJ 1S9I10J Wopuey QwojoeIdUI uewny  urdjoid-urejoig 020C ‘nx
‘paxmbar st yoreosar 1oyping (sdNS)
‘oS *sSurpuy Jorxd yIIm JUd) SIIeWOIq
-SISUODUT ST YOIyMm ‘sjuaned oT)oURN)
ANIA UT S[2AS[ TT WnIas ‘(uiqnuiq
poonpai 3unsa3ans ‘qNIA “9[qe[TeA® OI€ SIOYIBWOIq ‘aseyeydsoyd
ur (T I0J JUSIOYJ0D renusjod 10 Junsrxs ou aurreye
aAne3ou e Surpnpour UQUM SISIBWOI] MU [opow [eTwouT) N ‘oseIofsuen
QIN)RION JUSLIND PIAIOIP  FUIISAOISIP UT SIISO[Opoyaw SIOYIeU! [BOTUI]D ‘uoneZIWOpULI (DN ‘ANIN ‘d  -ourwe suruere)
-BIJUOD JRY} S)NSAI PIP[AIA UQATIP-EIRp JO AOBOyJo Sursn stsouSerp O[Ie)) SJUOA [IIM ‘av) suedronred SIoYIeW
(€oD) [epow [eruounnur Sy J, Ol SejenSN[T YOIeasal SIY, d’IN 10} %¢'88 Surures] oUIYOBIN  yueqorq M €TT' 1 -01q TedTUID 70T ‘we]
‘spoyjow Jusw)ean PpIo® OIWLIO)
[oAOU FUIY99s A[[eNIUIAD (NN Areurin ‘sonberd
¢59s89001d s JoWIAYZ[Y SIOQUSTON 1S9IBON-I projAwe
Jo uorsuayardwos o "A[9ADIO9JJO (JV-UOU WOIJ “(%26)  Pue ‘(JNAS) QUIyoeN ¢95B)21095-819q
oaoxdwr pue syUIf 9s9y) v ysmsunsip sayoeordde  Aovinooe pue (%46) 10399/ 11oddng ‘asejaro9s-eydye
AJ1IR[D 1939q O} TeIonId UQALIp-IYIeWOIq ‘uorsIoald Ananisuas Y3y ‘(L) 991, UOISIOA( s109[qns ‘ursAradou
SI S}I0U0D [euIpmISuo| J1)SOUSeIP SAOUBYUD paadmyoe [ pue ‘(1Y) 15210 wopurey dv-uou ¢ pue :SI9¥IeWOIq
(zor)  “19331q Y)Im yoIeasal aImng UOT}OQ[AS 2INILIJ PAjadie], ‘T ‘INAS ‘NN ‘(gN) Soheq aAteN suwened QV 161 IB[NOJ[OIN  S70T ‘puesioyy]
"ald pue ‘[(@dd)
BIUQUWISP YNM (0d
Surpnpour] AJLIOAS
('sy¥) suonewI Aoy s3urpuy A9y KorInooy poylouw TN josere( ad Ay 1oy rewiorg uonedrqnd jo

Ieak ‘aoyine 1sIny

"panunuoD ‘1 S[quL



Bzl SPANDIDOS
7] ,§, PUBLICATIONS

Applications of machine learning in neuroimaging for
early diagnosis

Developments in neuroimaging and ML have shown the ensured
early detection of NDDs. CNNs have exhibited notale efficacy
in detecting AD, with a 94.7% accuracy rate in distinguishing
between early-stage AD and normal aging (106). Furthermore,
DL and multimodal imaging analysis have created new
avenues for using ML in different forms of dementia (107).
Additionally, the ML-based analysis of single-photon emis-
sion computed tomography images has improved diagnostic
precision and outperformed conventional techniques in identi-
fying dopaminergic degradation in PD (108). Vieira et al (109)
investigated ML and DL methods for identifying first-episode
psychosis using neuroimaging data. Their findings revealed
the variations in accuracy ranging from 50 to 70%, depending
on the feature set. When DL was used with surface-based
features, the greatest accuracy of 70% was obtained (109).
It has been demonstrated that SVM and logistic regression
are the optimal schizophrenia classifiers. More accurate
than surface area, cortical thickness and subcortical volume
align with the clinical severity and neurobiological patterns
of schizophrenia (110). It has been demonstrated that ML can
differentiate between AD, mild cognitive impairment (MCI)
and healthy individuals by focusing on key brain areas such
as the hippocampus. The accuracy rates are 66% for patients
with MCI and 76% for AD compared to healthy controls (111).
The ensemble transfer learning approach achieved an AUC of
90.2%, accurately differentiating AD from healthy individuals.
Conversely, the lack of training images in the custom DL
model led to its low performance. These results suggest that
the use of transfer learning with neuroimages can enhance the
early diagnosis and prognosis of AD, even when models are
pre-trained on general images (112). The ML framework can
be used to predict future cognitive categories in non-demented
older adults. This suggests that using a baseline neuropsychi-
atric symptoms and mild behavioral impairment framework
can improve the results (113). This approach drives research
into dementia detection, optimizes resource utilization and
improves clinical practice sensitivity.

In 2021, Murugan et al (114) introduced the DEMentia
NETwork (DEMNET) for detecting dementia stages using
MRI images. The model outperformed existing approaches on
the Kaggle dataset with 95.23% accuracy, 97% AUC and 0.93
Cohen's Kappa. Additionally, the ability of the model to iden-
tify AD phases was tested using the ADNI dataset (114). In
2020, Jo et al (115) found that Tau PET images may be used to
classify AD using a DL system that incorporates 3D CNN and
LRP algorithms. This framework will also be useful for early
identification during the prodromal stages of AD (115). The
resting-state functional magnetic resonance imaging (fMRI)
and DL approaches identify and diagnose AD throughout six
phases. The FT network exhibited good accuracy throughout
all phases, but the OTS network had the highest average accu-
racy of 97.92% (116). A summary of the performance metrics
and clinical applications of FDA-approved AI/ML algorithms
used in diagnosing NDDs is presented in Table III (117-125).
These results indicate that combining fMRI with DL can
enhance early diagnosis and improve the identification of risk
factors and prognostic indicators.
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7.Machine learning approaches in cognitive and behavioral
assessment

ML is promising for cognitive and behavioral testing. In cogni-
tive workload assessment, artificial neural networks and SVM
accurately mimic physiological data (126). ML models based
on previous functional analysis can improve the accuracy of
indirect assessments such as the Questions About Behavioral
Function (QABF), enhancing the identification of behavioral
functions (127). Moreover, ML methods have been used to
create robust personality assessment instruments using digital
records and social media data, potentially enhancing person-
ality theory when included in a thorough construct validation
framework (128). Javed et al (129) designed the Cognitive
Assessment of Smart Home Residents (CA-SHR) to assess
daily functional health of elderly or cognitively impaired
individuals using the internet of things. They used predeter-
mined ratings and supervised classification to detect early
cognitive impairment (129). Research has employed smart
devices to automate test administration, speech transcription
and clinical state prediction for frequent remote neuropsy-
chological assessments, allowing for accurate evaluations of
cognitive and emotional states and enabling continuous mental
health monitoring (130). An active superior temporal sulcus
predicted stop-signal reaction time well, accounting for 12%
of the variation in multivariate ML research. This indicates
how multivariate methods can boost brain function and perfor-
mance knowledge (131). A supervised ML algorithm was
previously used to predict the response to working memory
training in patients with PD using demographic, clinical,
cognitive and learning data. The use of training-inherent
learning parameters improved the precision of the prediction
models, potentially maximizing training benefits following
cognitive interventions (132). Research has demonstrated
that transdiagnostic factors strongly affect psychotic cogni-
tive function. Psychosis-related cognitive impairment may
reflect overall cognitive performance. A diagnosis-agnostic,
symptom-targeted strategy may be suitable for evaluating
therapies (133). The first validation research by Kim ez al (134)
revealed that virtual reality (VR) hand and eye motions may
screen for MCI. SVM trained on virtual kiosk test data effec-
tively discriminated patients with MCI from healthy controls,
correlating these motions to cognitive domains and facilitating
VR for MCI screening (Fig. 4) (134). These studies demon-
strate the potential of ML in the enhancement of the accuracy
and efficiency of cognitive and behavioral assessments.

8. Prediction of neurodegenerative diseases using multi-
modal integration

Multi-modal integration techniques have exhibited significant
advantages in detecting NDDs. A novel methodology employs
graph neural networks (GNNG§) to integrate image and pheno-
typic data. Research has demonstrated the construction of
brain networks from structural MRI (sMRI) or PET images
within a multi-modal GNN framework. Experiments reveal
that this method improves the diagnosis of AD, underscoring
the need for comprehensive multi-modal diagnostic tech-
niques (135). Lee et al (136) developed a multimodal recurrent
neural network combining neuroimaging, CSF and cognitive
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sion tomography; FMRI, functional magnetic resonance imaging.

data to predict MCI progression to AD. Using longitudinal,
multi-domain data, the model achieved 81% accuracy, aiding
early risk identification and clinical trial selection (136). In
their study, Liu er al (137) revealed the hierarchical atten-
tion-based multi-task multi-modal fusion model (HAMMF)
designed to enhance AD diagnosis using multi-modal
neuroimaging data, including MRI and PET images. Their
results achieved an overall accuracy of 93.15% in differenti-
ating between AD and healthy cases (137). Wang et al (138)
introduced the hypergraph-regularized multimodal learning
by the graph diffusion (HMGD) technique for the diagnosis
of complex brain diseases. This method improves similarity
metrics across participants by including imaging and genetic
data (138). Employing a consolidated graph and a multi-kernel
support vector machine (MK-SVM), HMGD exceeds current
methodologies on ADNI data, uncovering substantial correla-
tions and critical areas associated with genetic risk biomarkers
for disease predictions.

The study by Zhu et al (139) developed a dynamic
hyper-graph learning framework for multi-modal
imaging-based computer-assisted diagnosis. The model esti-
mates data representations and performs classification and
regression tasks, promising to identify diagnostic labels and
predict MCI and AD clinical scores (139). Castellano ez al (140)
examined multimodal models for 2D and 3D MRI and amyloid
PET scan-based AD diagnosis. Volumetric data models outper-
form 2D images, and integrating imaging modalities increases
prediction accuracy by focusing on Alzheimer's-related
areas (140). By merging sMRI with resting-state functional
MRI (rs-fMRI) data, the localized region extraction and
multi-modal fusion (LRE-MMF) technique improves PD
diagnosis. PCA separates imaging data into localized areas,
identifies features, and decreases dimensionality, then

processes them via a neural network to reach 75% accuracy,
possibly enhancing diagnostic tools (141). Chen et al (142)
described AD diagnosis using neuroimage-MED multimodal
image feature fusion. This method improves classification and
prediction, classifying AD, MCI and NC with 84.1% accuracy
and predicting MCI development with 93.9%. Clinical diag-
nosis and neuroimaging bring the technique closer to clinical
practice. This method is relatively new, with 86.95% of studies
published over the past 5 years using data from biomedical
imaging, cognitive assessments, speech and language evalu-
ations, gait analysis, hand and eye movement tests, EEG and
genetic evaluations (142). The study found that multimodal
data categorization rates are sufficiently enough to distinguish
AD, PD and MCI from healthy controls (143). Researchers use
CNNss to extract features from MRI and PET brain imaging
data to improve automated detection.

9. Conclusion and future directions

The present review emphasized the revolutionary potential of
ML for the early identification and treatment of NDDs. The
combination of numerous data sources, such as neuroim-
aging, genetic profiling, and biomarker analysis, has shown
encouraging outcomes for improving diagnostic precision,
recognizing disease risk factors, and facilitating personalized
treatment approaches. The developments in ML approaches,
particularly in processing high-dimensional data, represent a
major leap forward in the capacity to predict disease progres-
sion and consequences. CNNs and multilayered models have
made significant progress. This demonstrates that these tech-
nologies can accurately distinguish between different stages of
illness and help clinicians to make decisions. However, despite
these achievements, several problems persist.
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Issues related to data standards, privacy, and the ethical
implications of genetic testing require careful consideration
and regulation. There is a greater need for longitudinal multi-
modal datasets that can more effectively document disease
progression and diversity across various groups. Furthermore,
the advancement of explainable ML techniques is crucial
for enhancing transparency, interpretability, and clinical
confidence in model predictions. The absence of defined
biomarker techniques persists in hindering reproducibility and
comparability across research, underscoring the need to create
universal standards. Further study is required to verify the
robustness and generalizability of ML models across varied
demographics and clinical situations. Additionally, to fully
utilize ML approaches in combating NDDs, multidisciplinary
support among healthcare professionals, data scientists, and
ethicists is necessary. A significant research gap exists in the
application of machine learning discoveries from controlled
research settings to practical clinical situations, necessitating
collaboration among healthcare providers, data scientists, and
ethicists. By bridging the gap between technology innovation
and clinical application, researchers may advance toward a
future of more precise, efficient and customized healthcare.

However, challenges and limitations remain. The use of
ML in NDD research has considerable challenges. Limited and
diverse datasets, particularly in rare NDDs, restrict model gener-
alization and increase the risk of overfitting. Challenges such
as missing data, inconsistent formats (such as neuroimaging,
genetics and wearable sensor information), and difficulties in
integrating multiple data types render model development more
complex. A major obstacle is the lack of interpretability; many
ML algorithms act as ‘black boxes’, which can reduce confi-
dence among clinicians and patients. Additionally, the absence
of standardized evaluation methods and technical hurdles for
clinical implementation hinders real-world application. Ethical
issues, including patient privacy, algorithmic bias, and ensuring
equitable access, further contribute to these challenges.
Addressing these challenges requires larger, high-quality
datasets, advancements in explainable ML, the creation of
standardized evaluation criteria, and thorough validation across
multiple centers to build trust and ensure clinical use.
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