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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 

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 

Applications of machine learning and multimodal integration 
for the early diagnosis of neurodegenerative diseases (Review)

SARANYA VELMURUGAN1,  SHIEK WAHEEDA2,  LANGESWARAN KULANTHAIVEL3  
and  GOWTHAM KUMAR SUBBARAJ1

1Faculty of Allied Health Sciences, Chettinad Hospital and Research Institute, Chettinad Academy of Research and Education,  
Chennai, Tamil Nadu 603103, India; 2Department of Physiology, Kirupananda Variyar Medical College and Hospital,  

Vinayaka Mission Research Foundation (Deemed to be University), Salem, Tamil Nadu 636308, India; 
3Department of Biomedical Sciences, Alagappa University, Karaikudi, Tamil Nadu 630001, India

Received June 11, 2025;  Accepted September 24, 2025

DOI: 10.3892/wasj.2025.403

Correspondence to: Dr Gowtham Kumar Subbaraj, Faculty of 
Allied Health Sciences, Chettinad Hospital and Research Institute, 
Chettinad Academy of Research and Education, Rajive Gandhi 
Salai, Kelambakkam, Chengalpattu, Kanchipuram, Chennai, 
Tamil Nadu 603103, India
E‑mail: gowtham_phd@yahoo.com

Abbreviations: NDDs, neurodegenerative disorders; AD, Alzheimer's 
disease; PD, Parkinson's disease; ALS, amyotrophic lateral sclerosis; 
ML, machine learning; CNNs, conventional neural networks; SVMs, 
support vector machines; WHO, World Health Organization; SNP, 
single nucleotide polymorphism; AI, artificial intelligence; DL, 
deep learning; PET, positron emission tomography; MRI, magnetic 
resonance imaging; MCI, mild cognitive impairment

Key words: biomarker discovery, machine learning, early diagnosis, 
multimodal imaging, neurodegenerative disease

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


VELMURUGAN et al: AI AND MULTIMODAL BIOMARKERS IN NEURODEGENERATIVE DISEASE2

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 to36% 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 AI in the early detec‑
tion and management of NDDs.

2. Pathophysiology of neurodegenerative diseases: 
Overview

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 α‑synuclein. PD with autosomal‑dominant inheritance 
patterns showed that an early onset may be due to mutations 
in SNCA (28). The α‑synuclein protein, a key component of 
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Lewy bodies in the brains of patients with PD, destroys dopa‑
minergic neurons. More dopamine may worsen dopaminergic 
neuron degeneration. While α‑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‑1β and TNF‑α 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 

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 (mSOD1) 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 SOD1 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, SOD1 aggregates capture heat shock proteins, leading 
to endoplasmic reticulum stress and the accumulation of toxic 
substances (38). Autophagy mitigates mutant SOD1 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, SOD1, 
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). 

Figure 1. General pathophysiological factors of neurodegenerative diseases. SNCA, synuclein alpha.
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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‑β 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). 
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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‑
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 

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

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 
analyses; ii) 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 

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

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. 

https://www.spandidos-publications.com/10.3892/wasj.2025.403
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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 MCFS 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 et 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: 
STAMBPL1, ANKRD34B, FAM82A1, CDKN1C, NOG, 
CORO2 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 
NDDs 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 APOLD1 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 
III 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). 
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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. 

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 et 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 (GNNs) 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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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 et 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 f ramework for mult i‑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 et 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 
CNNs 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. 

Figure 4. Schematic diagram illustrating how machine learning models are used in the early detection of cognitive and behavioral assessment. SVM, support 
vector machine; ANN, artificial neural network; OLS, ordinary least squares; LR, linear regression; MRI, magnetic resonance imaging; PET, positron emis‑
sion tomography; FMRI, functional magnetic resonance imaging.
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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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