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Abstract: Neurodegenerative diseases, including amyotrophic lateral sclerosis (ALS),
present significant challenges owing to their complex pathologies and a lack of curative
treatments. Early detection and reliable biomarkers are critical but remain elusive. Artificial
intelligence (AI) has emerged as a transformative tool, enabling advancements in biomarker
discovery, diagnostic accuracy, and therapeutic development. From optimizing clinical-trial
designs to leveraging omics and neuroimaging data, Al facilitates understanding of disease
and treatment innovation. Notably, technologies such as AlphaFold and deep learning
models have revolutionized proteomics and neuroimaging, offering unprecedented in-
sights into ALS pathophysiology. This review highlights the intersection of Al and ALS,
exploring the current state of progress and future therapeutic prospects.
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1. Introduction

Neurodegenerative diseases pose a significant global health challenge and burden
individuals, societies, and healthcare systems [1]. These disorders result from complex
mechanisms, such as neurodegeneration, inflammation, and ischemia, and present with
diverse symptoms, including cognitive, motor, and sensory impairments [2,3]. ALS is
characterized by the progressive degeneration of upper and lower motor neurons, which
leads to severe muscle weakness and death within 3-5 years, primarily from respiratory
failure [4-6]. In conditions such as ALS, for which curative treatments are lacking, early
detection and appropriate treatment are essential to slowing disease progression and main-
taining quality of life [4]. However, definitive diagnosis remains difficult because clinical
assessments often rely on non-specific symptoms and imaging findings [7], underscoring
the need for reliable biomarkers to enable early, precise diagnosis and monitoring [4,8].

Artificial intelligence (Al is pivotal in clinical trials [9]. Recently, trials have become
more complex and costly, and machine learning has been used to optimize trial design and
participant selection [10,11]. Al enables rapid, comprehensive data analysis, enhancing
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predictions of treatment efficacy and accelerating drug development. Al models can predict
pharmacokinetic parameters, simulate drug distribution and clearance, and optimize
dosing regimens and administration routes. Consequently, they reduce the need for animal
experiments and human trials, offering a cost-effective approach [12,13]. Moreover, next-
generation sequencing, advanced computation, and novel algorithms have created new
opportunities to predict patient outcomes and prioritize trials. Currently, Al evaluates
disease progression and carries out stage classification in large-scale neurodegenerative
trials and is expected to contribute significantly to the development of new therapeutic
agents [14-16] (Figure 1).
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Figure 1. Role and potential of artificial intelligence for applications in ALS research and thera-
peutics. Conceptual diagram of the key domains in which artificial intelligence (AI) contributes to
amyotrophic lateral sclerosis (ALS) research and care. Figure created with BioRender.com (accessed
on 20 February 2025).

Recent advancements in genomics, metabolomics, proteomics, and broader omics
research have enhanced integrated analyses for biomarker discovery [17]. Omics imaging
combines omics data (including genomics, transcriptomics, and proteomics) with struc-
tural, functional, and molecular imaging data to facilitate this search [17]. Advances in
genetic testing have revealed that most patients with ALS have identifiable genetic causes
of disease [18]. However, the complexity of these datasets necessitates the use of Al, with
machine and deep learning techniques that extract patterns from large-scale data to identify
reliable biomarkers for prediction of disease course, diagnosis, and pathogenesis [19-22].
Al has already automated and enhanced diagnostics based on medical imaging and shows
promise for the early detection of neurodegenerative diseases [23-25]. Moreover, by clari-
fying disease pathogenesis, Al aids in identifying new therapeutic targets. In omics data
analysis, established genomic methods such as cluster analysis and machine learning have
been widely used; however, generative adversarial networks (GANSs), a class of deep learn-
ing models, have more efficiently identified disease-related gene-expression patterns and
molecular networks [23,26-28].

Al also has uses in proteomics: Jumper et al. [29], who developed the Al-based protein
structure-prediction model “AlphaFold”, were awarded the Nobel Prize in Chemistry in
2024. This technology has significantly enhanced the efficiency of proteomics research,
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yielding results that far exceed the limitations of traditional structural-analysis methods.
The potential applications of AlphaFold extend beyond cancer research, holding substantial
promise for the development of treatments for neurodegenerative diseases and provid-
ing new insights into their underlying pathologies [30]. In data analysis, the volume of
data is increasing, and deep learning models have been developed to extract highly ab-
stract features and patterns from large datasets. This technology has been particularly
prominent in cancer research for the identification of novel biomarkers through proteomic
analysis [31-33].

Al is also being employed in neuroimaging analysis, particularly in the classification
of magnetic resonance imaging (MRI) images from patients with ALS [34,35]. Machine
learning algorithms are facilitating the identification of disease subtypes, enhancing di-
agnostic accuracy, and contributing to advancements in neuroimaging technology. Deep
learning models, including Convolutional Neural Networks (CNNs) and Support Vector
Machines, are also widely used in the analysis of MRI images from patients with neurode-
generative diseases [23-25]. Additionally, in connectomics, a field that aims to map and
understand the neural circuits throughout the brain, FusionNet, a deep learning-based
image-processing model, is used to analyze neuronal structures, such as cell membranes
and nuclei, allowing the detection of abnormalities in disease-specific neural networks and
thus further elucidating the underlying pathological mechanisms [36,37]. Through these
methods, Al promotes a multifaceted understanding of neurodegenerative diseases, from
molecular insights to circuit-level pathophysiology.

Recently, reviews have examined the intersection of ALS and Al [38-45] (Table 1).
We reviewed recent advances in ALS biomarkers and diagnostics, explored how Al can
clarify the pathophysiology of neurodegenerative diseases, and examined Al’s potential
for developing novel ALS treatments. Finally, we provide an outlook on future Al-driven
therapeutics for ALS.

Table 1. Trends in review articles on Al in ALS research.

Year Authors Title Journal Focus Reference
High-Throughput o Overview of HTDS
Expert Opinion methods and
McGown & Drug Screens e -
2018 on Drug artificial intelligence [42]
Stopford (HTDS) or ALS Di Al licati .
Drug Discovery iscovery (Al) applications in
ALS drug discovery.
Al telemedicine and
New Technologies Journal of assistive
2020 Pinto et al. and Amyotrophic Neurological technologies [43]
Lateral Sclerosis Sciences accelerated by
COVID-19.
Biomedical S}gnals ML applications in
and Machine BioMed En ALS diagnosis
2021 Fernandes et al. Learning (ML) in @ Bng 1agt ! [44]
! Online communication, and
Amyotrophic survival prediction
Lateral Sclerosis P i
Advances in the .
: Genetic
Genetic Current Opinion classification and
2021 Cooper-Knock et al. Classification of . [45]
Amyotrophic in Neurology ML models for
y understanding ALS.
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Table 1. Cont.
Year Authors Title Journal Focus Reference
Diffusion Tensor . Use of diffusion
. International . .
Imaging in ALS: Journal of tensor imaging (DTI)
2022 Behler et al. Machine Learning and ML for ALS [41]
. Molecular . .
for Biomarker Sciences biomarker discovery
Development and stratification.
AT and Statistical Al methods for
. Methods for . .. stratification and
2023 Tavazzi et al. Stratification and Al in Medicine prediction of ALS [39]
Prediction of ALS progression.
Al and qualitative
2024 Bovee et al What Do You Think Fror?c](;tseérlrrlldoral methods to analyze [40]
y ' Caused Your ALS? b patient-reported
Degeneration
causes of ALS.
. ALS and Meta-analysis of Al
Al for Screening and tools for ALS
2024 Umar et al. . . Frontotemporal . [38]
Diagnosis of ALS D . screening and
egeneration di .
iagnosis.

2. Methodology

This review article is not a systematic review, but was written with reference to the
PRISMA guidelines. PubMed was used to search for two keywords, one each for “ALS”
or “amyotrophic lateral sclerosis” and “Al” or “artificial intelligence”. In total, 342 papers
were extracted.

The inclusion criterion was the actual use of Al in the diagnosis, examination, or
treatment of ALS or in research on ALS. As part of the selection process, all review articles
were included and summarized in a table. The accompanying references were added to
explain in detail the application of Al to ALS that appeared in the selected papers.

3. Al for Screening and Diagnosis of ALS
3.1. Diagnosis of Neurodegenerative Diseases

To understand the pathophysiology of complex neurological diseases and identify
early biological markers for diagnosis and treatment efficacy, neuroimaging techniques
(MR, functional MRI, and positron emission tomography [PET]) have been extensively
used [46-49]. The diagnosis of ALS involves a comprehensive evaluation, including patient
history, physical examination, electromyography (EMG), evaluation of nerve-conduction
velocity, and MRI. Additionally, electrophysiological tests—nerve-conduction studies and
somatosensory evoked potentials—and the Revised ALS Functional Rating Scale (ALSFRS-
R), which gauges severity, are employed. This complex diagnosis requires expertise in
both clinical and electrophysiological testing and captures changes in the motor cortex and
corticospinal tract [35,49-51]. PET is a powerful molecular imaging tool that assesses the
distribution and binding of radiolabeled compounds to biologically relevant molecules [51].
Furthermore, neurophysiological testing, notably EMG, critically evaluates peripheral
nerve function and sensory pathways to quantify the extent of motor neuron damage, an
essential component of ALS diagnosis [52-54].

Cerebrospinal fluid (CSF), which surrounds the central nervous system (CNS), is rich
in brain-specific proteins that can be preferentially detected over blood-derived proteins.
Advanced biochemical and molecular techniques allow for the identification of specific pro-



Int. J. Mol. Sci. 2025, 26, 4346

50f23

teins and RNA molecules in both blood and CSEF, and these can serve as reliable diagnostic
markers for various neurodegenerative conditions [55,56].

3.2. Integration and Impact of Al in ALS Diagnosis

In recent years, integration of Al and machine learning into diagnostics has advanced
significantly. Al-driven image analysis now surpasses manual analysis in accuracy and
reproducibility [6,57] and addresses challenges such as scarcity of labeled data and data
imbalance [6,57]. Ker et al. reported that GANs facilitate the generation of synthetic data,
thereby augmenting existing datasets and enhancing performance [57]. Future Al appli-
cations in medical diagnostics may include advancing radiation genetics, improv patient
safety, and automating complex diagnostic tasks. However, as Al evolves in medicine,
ethical concerns and algorithm transparency remain critical to the work [6,57]. Papi et al.
demonstrated that blood tests using the biomolecular corona around nanoparticles exhibit
high specificity and sensitivity in reducing mortality among early-stage cancer patients,
suggesting that similar diagnostics could be developed for neurodegenerative diseases by
identifying the nano-accumulation of plasma proteins correlated with disease states [20].
In large biomolecular corona datasets, Al can detect disease-specific patterns, enabling the
early and precise identification of various diseases.

Al technologies are increasingly used to detect a wide range of diseases and improve
diagnostic processes across multiple disciplines, including the diagnosis of neurodegenera-
tive diseases such as ALS [19,20]. Additionally, more accurate diagnoses can be achieved
by integrating multiple types of data, such as images, genomic data, and clinical informa-
tion, for comprehensive analysis. In cancer research, Kosvyra et al. observed a growing
reliance on data-driven Al methods to improve decision-making accuracy and efficiency.
In Europe, the INCISIVE project is underway; this project utilizes cancer Digital Imaging
and Communications in Medicine images to address challenges related to data availability
and facilitate the widespread adoption of Al solutions in medical imaging [58]. Active
research in both Al and precision medicine by Johnson et al. suggests a future in which
healthcare professionals and consumers will benefit from highly personalized diagnostic
and treatment information. The synergy between Al and precision medicine is expected
to revolutionize healthcare by enabling early disease detection and prevention, thereby
reducing the overall disease burden and associated healthcare costs [59].

Al is finding uses in the diagnosis and treatment of various diseases; these methods
are also being explored in work that to facilitate the diagnosis of ALS.

Huber et al. utilized proteomic data derived from induced pluripotent stem cell
(iPSC)-derived motor neurons from patients with ALS, which were available through the
AnswerALS consortium, to build a statistical classification machine learning model using
ridge regression. This model distinguished between patients with ALS and controls with
high accuracy [60]. The machine learning model identified 10 diagnostic biomarker proteins
that could distinguish patients with ALS from healthy controls with notable sensitivity and
precision [60]. Imamura et al. employed iPSCs to construct an artificial intelligence-based
ALS-prediction model, analyzing images of spinal motor neurons from both healthy control
participants and patients with ALS using a CNN [61]. The deep learning model generated
in this study was able to classify ALS and healthy controls with high accuracy. This report
suggests that this predictive model, using iPSC technology and deep learning algorithms,
holds promise for supporting diagnosis and guiding potential treatments for ALS through
future prospective studies [61].

We believe that the integration of various Al-assisted technologies will lead to
more precise ALS diagnoses in the future, facilitating the selection of personalized
treatments [59,62-64].
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Segura et al., a research group based in Spain, reported a study that utilized natural
language processing Al tools to automatically extract clinical information from a large
patient population. They found that major ALS symptoms, such as dyspnea, weakness,
dysarthria, fasciculation, and dysphagia, often appeared before ALS was officially doc-
umented in a patient’s electronic medical record. The failure to recognize these early
symptoms resulted in a significant diagnostic delay, averaging 11 months [65]. Addition-
ally, only one-quarter of patients were referred to a neurologist 1 year before their ALS
diagnosis, with dyspnea being particularly strongly associated with delayed referral and
diagnosis [65]. Bede et al. developed an observer-independent multiclass (three-way)
classification protocol for classifying multi-parameter imaging data from a large cohort
of participants consisting of 214 patients with ALS, 127 healthy controls, and 37 disease
controls [66]. Using a multilayer perceptron model within an artificial neural network
framework, they found that white-matter indices were significantly more associated with
ALS than were gray-matter indices [66].

Recently, review papers on the use of Al in ALS have begun to emerge (Table 1).
In a systematic review of ALS and Al by Umar et al., a meta-analysis was conducted
that involved extracting data from 34 studies. The pooled sensitivity and specificity of
the Al model were 94.3% and 98.9%, respectively, surpassing those of conventional ALS
diagnostic methods [38]. They concluded that Al could play an important role in the
screening and diagnosis of ALS because of its high sensitivity and specificity. However,
concerns regarding the quality of the evidence in the literature remain [38]. In a systematic
review by Tavazzi et al., it was stated that Al is valuable for the stratification and prediction
of ALS progression [39]. Although the superiority of deep learning-based models for
prediction of ALS progression over conventional methods has not yet been conclusively
demonstrated, there remains significant potential for applying Al in patient stratification.
In a review by de Jonge et al., the potential use of Al in the interpretation of clinical needle
electromyography signals necessary for ALS diagnosis was discussed. Although many
studies have reported highly accurate classification models, the authors cautioned that
issues such as bias and overfitting remain concerns and that current models are insufficient
for clinical implementation [22]. These issues will be addressed in detail in a later section
of this article.

4. Application of Al in ALS Biomarkers
4.1. Role of Biomarkers in Neurodegenerative Diseases

Reliable CNS biomarkers are crucial for diagnosing and treating neurodegenerative
diseases [67,68]. Although tissue biopsy and neuroimaging are used to evaluate CNS
tumors, they offer incomplete and sometimes ambiguous data. Consequently, circulating
biomarkers—including circulating tumor cells, circulating tumor DNA, and extracellular
vesicles (EVs)—are emerging as promising real-time tools for liquid biopsy. They can be
used to monitor tumor burden, disease progression, and treatment response and provide
dynamic genetic profiles for adaptive management. In neurodegenerative diseases, re-
cent CSF biomarker development has established clinical diagnostic tools that reflect CNS
pathology and effectively monitor proteins, gene expression, and metabolites [68,69]. In
ALS, EV cargo from patient blood samples has been investigated for biomarker develop-
ment, elucidation of pathological mechanisms, and therapeutic applications [31,70-81]
(Table 2).
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Table 2. Overview of biomarker types and clinical applications in ALS.
. Diagnostic Associated Details and Clinical
Biomarker Type Examples Relevance Diseases Applications References
Used in CSF and
Neurofilament light Indicator of axonal blood tests;
Protein Biomarkers . & damage, correlates ALS, Alzheimer’s prognostic marker [74,75,77]
chain (NFL) . : . .
with disease severity for disease
progression
Linked to neuronal Identifies TDP-43
degeneration, found ALS, roteinopathies; aids
TDP-43 & i Frontotemporal protemnop L [31,76]
in cytoplasmic dementia in differential
inclusions diagnosis
Common genetic Screening in at-risk
Mutations in SOD1 cause of familial ALS ALS populatlonsl;. genetic [70,71]
Genetic Markers counseling
Most common Helps in confirming
. genetic variation in familial cases; guides
C90RF72 expansions familial ALS and ALS, FTD prognosis and [72]
FTD management
Implicated in ALS Useful for familial
TDP-43 mutations pathology, affects ALS ALS cases; potential [76]
RNA processing targets for therapy
Plasma cell-free
miRNA Non-invasive ALS Potential for early [73]
Molecular Th ; markers that reflect diagnosis and
Biomarkers ¢ carl%olconter}t 10 gene expression ALS monitoring of 79-81
extracellular vesicles changes disease progression [79-81]
(EVs)
Quantifies the Assesses disease
Electrophysiological ~ Motor Unit Number . progression and
Biomarkers Estimation (MUNE) number of functional ALS response to [78]

motor units

treatment in ALS

4.2. Role of Biomarkers in ALS

Biomarker research in ALS deepens our understanding of its pathogenesis and pathol-
ogy [68,76]. Neuropathologically, ALS is associated with degeneration and death of upper
and lower motor neurons; however, recent studies revealed the involvement of sensory
neurons. Seki et al., 2019 reported an abnormality in the trigeminal nucleus, the primary
controller of mastication, in infants with the SOD1G93A mutation [5,6,82-84]. In a review,
Seki et al. noted that primary sensory (dorsal root ganglion [DRG]) neurons accumulate mis-
folded proteins and exhibit mitochondrial abnormalities, reduced high-voltage-activated
Ca?* currents, and splice variants of peripherin, a biomarker of axonal damage [5]. Skeletal
muscle also can serve as a potential biomarker for ALS diagnosis. Kawata et al. observed
that progression of muscle atrophy varies significantly across ALS-affected skeletal re-
gions, with the masseter muscle in ALS mice (SOD1G93A) resisting atrophy until the end
stage [85]. ALS and frontotemporal dementia (FTD) are devastating neurodegenerative
diseases characterized by progressive motor=neuron loss and cognitive decline, respec-
tively [86]. The discovery of hexanucleotide repeat expansion mutations in the C9orf72
gene has spurred intense research into the pathogenesis of these diseases and the develop-
ment of targeted therapies [87]. Additionally, four novel potential genetic biomarkers for
ALS have been identified in human bone marrow mesenchymal stem cells derived from
patients: TAR DNA-binding protein 43 (TDP-43), secretory leukocyte protease inhibitor,
CyFIP2, and RbBP9. Abnormal aggregation of TDP-43 is a major pathological feature of
ALS [76]. TDP-43, a key component of cytoplasmic ubiquitinated protein inclusions in



Int. J. Mol. Sci. 2025, 26, 4346

8 of 23

neurons and glial cells in both sporadic and familial ALS, shows significant nuclear deple-
tion in ALS [88]. In most cases of sporadic ALS and many cases of frontotemporal lobar
degeneration, TDP-43-positive neuronal cytoplasmic inclusions, which are hyperphos-
phorylated and ubiquitinated, occur in the brain and spinal cord [89]. In ALS pathology,
TDP-43 aggregation is a major feature, and proteomic analysis has identified proteins that
interact with TDP-43 [31,32,76]. Recent advances in proteomics have enabled the detection
of protein mutations in neurodegenerative diseases.

Novel RNA biomarkers, such as plasma cell-free microRNA (miR-181), have also been
developed for ALS. It has been shown that microRNA (miRNA) is an endogenous non-
coding RNA essential for the survival of motor neurons and that miR-181 is downregulated
in post-mortem ALS motor neurons [73,90]. Moreover, mutations associated with ALS have
been reported to affect the activity of the DICER complex and disrupt miRNA biosynthesis,
suggesting a role in altering neuronal integrity. This disruption underscores the potential
of miRNAs as therapeutic targets in ALS [73,90]. The neurofilament light chain protein
(NFL) is an inflammatory cytokine and has been reported to be the first blood biomarker
that could be used to predict the progression rate of ALS and stratify patients based on
their expected survival times [73,91]. Recent studies have demonstrated that combining
NFL with miR-181 enhances the accuracy of prognostic predictions, allowing for better

patient stratification and more precise treatment planning [73-75] (Figure 2).
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Figure 2. Abnormalities in neurons in ALS.

Schematic showing neuronal and glial abnormalities in ALS. The figure illustrates
motor and sensory neuron involvement, including hyperexcitability, axonopathy, and glial
dysfunction, with associated gene mutations. Figure created with BioRender.com (accessed
on 20 February 2025).

Biomarkers are also crucial in drug development. Because biomarker research began
in the early 2000s, many studies have been published; however, the number of biomark-
ers currently used in clinical practice remains relatively small. This is primarily due to
the limited number of participants in biomarker studies, which results in low statistical
power, as well as the lack of robust validation and standardization of the methods used.
The discovery and development of reliable biomarkers has the potential to significantly
advance patient stratification and personalized medicine by providing insights into the
molecular mechanisms of diseases [50,92,93]. These biomarkers are vital for selecting appro-
priate clinical-trial participants and monitoring treatment efficacy [50,67,78,92,93]. While
numerous drugs have entered clinical research for ALS, many have failed to demonstrate
definitive efficacy [23].
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In addition, the clinical heterogeneity of ALS arises from the variable combination of
upper- and lower-motor-neuron signs, which complicates diagnosis, tracking of disease
progression, and monitoring of treatment outcomes, particularly in clinical trials. Therefore,
it is crucial to assess both upper- and lower-motor-neuron dysfunctions. Neurophysio-
logical biomarkers that electrophysiologically evaluate motor neurons are actively being
developed. According to Huynh et al., transcranial magnetic stimulation (TMS) can be
employed by placing a TMS coil on the scalp of a patient with ALS to activate the primary
motor cortex, which induces hyperpolarization of the postsynaptic neurons. It has been
reported that TMS, including single-pulse TMS and paired-pulse TMS, is particularly useful
for monitoring ALS progression [94].

4.3. Research on the Development of Biomarkers for ALS Using Al

The identification and validation of new biomarkers for ALS remain critical for ad-
vancing diagnostic accuracy and therapeutic approaches. The combination of multiple
biomarkers has the potential to significantly improve both the diagnosis and prognosis
of ALS [73,76,95-98]. One promising approach for identifying novel biomarkers is omics
imaging, an emerging interdisciplinary field that combines biomedical imaging with omics
data (such as genomics, proteomics, and metabolomics). Omics imaging seeks to uncover
complex genotype—phenotype relationships by integrating data from multiple sources, thus
providing deeper insights into disease mechanisms, onset, and progression, while also
identifying new diagnostic and prognostic biomarkers [17]. Hariri and Weinberger have
highlighted the potential of integrating functional neuroimaging with functional genomics,
predicting that this combination will yield a more comprehensive understanding of human
behavior and the pathological states of the brain [17]. Similarly, Xu et al. explored genetic
diseases by merging information from genome-wide association studies with large-scale
imaging datasets, facilitating a more thorough elucidation of disease mechanisms [17].
Katrib et al. reviewed the increased availability of RNA- sequencing data and noted its
growing importance in the integration of transcriptomic data into disease research [17].
Ongoing advancements in Al-driven large-scale analysis can similarly be applied to ALS
research, offering promising avenues for identifying new biomarkers, tracking disease
progression, and ultimately improving diagnostic and therapeutic strategies.

Al has also been applied to image analysis for patients with ALS, providing valuable
insights into disease progression. Behler et al. reported that diffusion tensor imaging (DTI)
can be used to image patients with ALS in vivo, capitalizing on the fact that the distribution
of pTDP-43 follows a continuous pattern across four distinct neuropathological stages in
the CNS [41]. This approach facilitates in vivo tracking of pTDP-43 distribution, which
has become a hallmark of ALS pathology. Furthermore, DTI enables a more nuanced
understanding of white-matter degeneration in ALS, particularly of the degeneration of
the upper motor neurons. Behler et al. employed a combination of DTI, eye-movement
recordings, and cognitive testing using the ECAS in a cohort of 245 patients with ALS.
Using hierarchical clustering, they identified four distinct clusters, offering a deeper under-
standing of the clinical heterogeneity of ALS and suggesting the utility of Al for stratifying
patients with ALS based on disease characteristics [41]. Based on FA values, cognitive
assessments, and eye-movement analysis, each cluster provided an indicator of disease
progression. Al-based analysis confirmed correlations between structural and functional
brain changes, enabling in vivo stage classification at the individual level and quantitative
mapping of disease progression [41].

In clinical practice, advancements in sensor technology and data-processing capabili-
ties have led to more sensitive and accurate measurements, enabling the earlier detection
of pathological changes in patients with ALS. Al-assisted imaging techniques have also
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significantly enhanced image processing and detection [6,78]. One notable example is the
threshold-tracking TMS technique used in paired-pulse TMS, which allows for the exami-
nation of short-term intracortical inhibition and intracortical facilitation in patients with
ALS. By applying subthreshold conditioning stimuli at predetermined time intervals before
suprathreshold test stimuli, this technique provides insights into motor-cortex dysfunction,
which is often observed in patients with ALS [94]. Neurophysiological biomarkers facilitate
non-invasive measurements, making ALS diagnosis simpler and more accurate. Com-
bining electrophysiological and behavioral physiological assessments offers substantial
benefits, particularly when these assessments are integrated with sensor technologies. For
instance, Kitaoka et al. developed an Al model using the Single Shot Multibox Detector,
a deep learning-based object-recognition algorithm, to track mouth-opening and -closing
movements in ALS mouse models (SOD1G93A). This model demonstrated a correlation
between the extension of the chewing cycle and weight loss in ALS mice, highlighting
the potential of behavioral biomarkers as indicators of disease progression [6]. Nakamori
et al. examined the utility of swallowing-sound assessment in 24 patients with ALS us-
ing an electronic stethoscope, with a subsequent analysis performed by an Al-based tool.
Their findings revealed a strong correlation between the results of this method and tradi-
tional swallowing- assessment indices, demonstrating its potential as a novel diagnostic
approach [99]. Pancotti et al. developed a predictive model of ALS progression using data
from the Pooled Resource Open-Access ALS Clinical Trials (PRO-ACT) repository, one of
the most comprehensive open-access data resources on ALS. By applying deep learning
techniques, they showed that the model accurately predicted the ALSFRS progression slope
in patients with ALS [100].

Detailed monitoring of disease progression using such biomarkers can enhance the as-
sessment of treatment efficacy and contribute to the development of new therapeutic strate-
gies [6,17,94,101]. Ultimately, the integration of biomarkers for early diagnosis and person-
alized treatment, augmented by Al, is expected to improve the prognosis and quality of life
of patients with neurodegenerative diseases, including ALS [10-12,19,20,23-25,102-108]
(Table 3).

Table 3. Applications of Al in ALS management.

s . Description and Impact and Associated
AI Application Techniques Used Use Cases Clinical Relevance Diseases References
Al algorithms analyze
MRI, PET scans to Enhances accuracy
. and speed
detect and quantify . .
: : Deep Learning, pathological changes of diagnosis
Diagnostic . ALS, Alzheimer’s,
Imaging Convolutional Automated y ; [23-25]
Neural Networks . . Parkinson’s
measurement of brain Provides
atrophy and detection early-detection
of specific protein capabilities
accumulations
Identification of new Speeds up
. Machine Learning, drug targets and drug-discovery ALS, Alzheimer’s,
Drug Discovery Network Analysis repurposing of process, reduces Parkinson’s [12,104]
existing drugs costs

Al-driven simulations
predict drug
interactions and
effectiveness

Improves safety
and efficacy of
new drugs
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Table 3. Cont.
R . Description and Impact and Associated
AI Application Techniques Used Use Cases Clinical Relevance Diseases References
Optimization of -
L . . Increases efficiency
clinical-trial design .
; and participant and efficacy
o ) Deep L.ea1.*n1ng, Pl " P of trials Neurodegenerative
Clinical Trials Predictive selection diseases [10,11]
Analytics Real-time data Facilitates faster
analysis predicts regulatory
treatment outcomes approvals
Customization of Enhances
treatment
treatment plans based .
. effectiveness and
: . on patient reduces adverse
Personalized Machine Learnlng/ genetic profiles offects Neurodegenerative [102,103,105]
Medicine Gegomllc I?ata . - diseases T
nalysis AI models pred}ct Allows timely
disease progression .
adjustments to
and treatment
therapy
responses
Al algorithms control Improves motor
robotic devices for function and
] ) physical therapy recovery rates
Neurorehabilitation Al-driven Robotics, Stroke, ALS, [106-108]
Neurofeedback Neurofeedback Parkinson’s
techniques train Enhances cognitive
patients to modify rehabilitation
brain activity
Analysis of large-scale Aids in
Predictive Machine Learning, y gesee public-health Neurodegenerative
. . A health data to predict . . [19,20]
Analytics Big Data Analysis . planning and diseases
disease trends

resource allocation

5. New Approaches to ALS Treatment
5.1. Development of Future ALS Treatment Methods

Riluzole, a glutamate neurotransmitter-release inhibitor, and edaravone, a free- radi-

cal scavenger that prevents cell damage and slows early ALS progression, are currently
approved for ALS patients. However, these treatments yield only modest survival benefits
and have limited effects [109,110]. Therefore, innovative therapeutic approaches offering
substantial and fundamental cures for ALS are urgently needed.

Stem-cell therapy has recently gained significant attention for its potential to target
multiple disease mechanisms and slow ALS progression. Notably, it provides nutritional
and immunomodulatory support while promoting motor-neuron regeneration. Neural and
mesenchymal stem cells have differentiated into motor neurons in vitro, and their trans-
plantation in ALS animal models has improved symptoms and motor function [110,111].
Additionally, iPSC therapy shows promise. Pun et al. utilized PandaOmics, an Al-driven
target-discovery platform, to analyze gene-expression profiles from CNS samples (237 cases,
91 controls) and iPSC-derived motor neurons from the AnswerALS initiative (135 cases,
31 controls), identifying 17 highly reliable and 11 novel therapeutic targets, thereby advanc-
ing iPSC-based therapies for ALS treatment [112]. A major challenge in the development of
CNS-targeted drugs is the inability of many compounds to cross the blood-brain barrier
(BBB). To address this, nanoparticle-based drug-delivery systems have gained attention as
non-invasive, safe methods for targeted delivery of drugs to the brain, effectively bypassing
the BBB and offering a promising solution for CNS disorders, including ALS [113].
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Gene therapy represents another promising treatment strategy for ALS. Vectors used in
gene therapy include the oncolytic virus HSV-1, which is mainly used in cancer treatment in
clinical settings [114,115] and has already been used in clinical trials; adeno-associated virus
(AAV) vectors; and EIAV (equine infectious anemia virus) vectors, which have already been
used in clinical trials for neurodegenerative disease [116]. Founta et al. introduced a novel
gene-selection methodology utilizing semi-automatic preprocessing with SES, a causal
feature-selection algorithm specifically designed for high-dimensional datasets including a
limited number of patients with ALS [117]. One approach to treating neurodegenerative
diseases involves RNA degradation via antisense oligonucleotides, whereas proteins can
be supplemented using AAV vectors to address motor dysfunction [118]. For instance,
AAV-miRSOD1, which silences the SOD1 gene, has been shown to suppress ALS onset in
SOD1G93A mice, a common mouse model for ALS [119].

IBM Watson® is an advanced platform for Al and data analytics that facilitates the
development and deployment of machine learning models and generative Al It consists
of three core components and an Al assistant designed to expand and accelerate Al appli-
cations using reliable data [120]. One of its applications, Watson for Oncology, supports
cancer treatment decision-making [116]. Bakkar et al. leveraged IBM Watson® to analyze
RBPs in the genome, identifying novel RBPs associated with ALS. They ranked these RBPs
based on semantic similarity from the published literature and validated their findings
in the tissues and stem cells of patients with ALS, identifying five new RBPs (hnRNPU,
Syncrip, RBMS3, Caprin-1, and NUPL2) linked to ALS [120]. These results highlight
the potential for Al to accelerate neurological disease research. Additionally, it has been
demonstrated that an inhibitor of Src/c-Abl kinase promotes autophagy and protects motor
neurons derived from ALS iPS cells against degeneration. Various molecularly targeted
drugs that modulate these pathways are currently under development [61]. Boyce et al.
investigated the causes of ALS by interviewing 3061 patients with ALS and analyzing their
responses using Al-driven methods. Their findings suggest that Al has the potential to
overcome barriers to understanding the patient experience by integrating first-hand data
from patients with ALS [40]. Furthermore, while traditional ALS research has focused
on motor neurons, Seki et al. have proposed the novel possibility of targeting primary
sensory neurons, such as those in the DRG, which receive muscle-spindle information, as
part of ALS gene therapy [5,121]. In addition, Seki et al., 2023 mentioned the possibility
that neuropeptide Y (NPY) and serotonin may be used as therapeutic agents targeting the
primary sensory neurons of ALS [121,122].

5.2. Development of Therapeutic Strategies Using Al

Al is pivotal in developing treatments for neurodegenerative diseases (Table 2). In drug
discovery, Al identifies new uses for existing drugs (drug repurposing) and designs novel
compounds. Recent advancements underline Al’s role in drug repurposing for COVID-19
treatments [123]. For ALS, an Al-based platform has been created for personalized drug
discovery and identification of molecular biomarkers; it predicts therapeutic properties
using a comprehensive database of transcriptomic and transcriptional response data from
human cell lines exposed to various molecules [12,13,104,123-126]. Furthermore, Al has
been employed in rehabilitation research to implement a self-service telemedicine system
that remotely analyzes voice tests to detect dysarthria progression [127,128]. Notably, Al has
served as a communication tool for patients with ALS via a brain—computer interface using
an intracortical voice prosthesis. After installation in a patient with ALS, the prosthesis
achieved 99.6% accuracy with a 50-word vocabulary just 25 days post-operation, maintained
97.5% accuracy over 8.4 months, and enabled communication at approximately 32 words
per minute [129]. In addition to these clinical applications, Al-based protein-structure-
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prediction tools such as AlphaFold have opened promising avenues for target identification
in drug development [29,30]. However, it should be noted that these approaches remain
limited in the context of neurodegenerative diseases involving intrinsically disordered
proteins (IDPs), such as TDP-43 in ALS, due to the dynamic and context-dependent nature
of these proteins [130,131].

5.3. Progress in Personalized Medicine

Most neurodegenerative diseases are extremely complex, involving numerous in-
teractions between genetic, environmental, and lifestyle factors. Given this diversity,
personalized treatment tailored to specific conditions is crucial. Personalized medicine
involves the use of an individual’s unique genomic information to optimize patient care.
Because disease onset, progression, prognosis, and drug response vary among individuals,
the primary goal is to effectively apply genomic insights to clinical practice. Genomic
analysis helps identify genetic factors that influence disease susceptibility and pathology,
which in turn informs stratified treatment approaches and gene-therapy strategies using
nanomedicine [132,133]. Al also plays a critical role in realizing personalized medicine.
By accurately predicting disease progression in individual patients based on genomic
data and clinical information, Al assists in determining the most appropriate treatment
methods and dosages for each patient’s specific disease trajectory [105,134,135]. McGown
et al. reviewed the use of various high-throughput screening (HTS) platforms in ALS drug
discovery, noting that the introduction of Al technologies could improve target selection
and compound optimization in HTS, thus enhancing clinical trials by accounting for the
genetic profiles of patients [42]. Marriott et al. employed machine learning to conduct
hierarchical clustering, demonstrating that gene-expression data can effectively stratify
patients with ALS into molecular and phenotypic subgroups [136]. Their findings suggest
that distinct ALS pathologies are driven by different underlying mechanisms, which can
be identified through specific gene-expression signatures, enabling the development of
personalized treatments [136]. Integrative analysis of omics data, imaging, and clinical
information is set to provide deeper insights into individual disease states, paving the
way for tailored treatment strategies and advancing the development of targeted ther-
apies [113,133]. This approach to personalized medicine is anticipated to significantly
enhance disease prevention, early intervention, and patient outcomes.

5.4. Advantages and Limitations of Al Technology

Al-assisted diagnosis offers advantages owing to its advanced analytical capabil-
ities, which enable the early detection of subtle changes and the identification of dis-
ease [6,58,62,63]. Al can reveal novel disease patterns in large datasets, thereby deepening
our understanding of the pathology [19-21,58]. Furthermore, advances in visualization
technologies allow the presentation of complex data in more intuitive formats, supporting
clinicians in making accurate and reproducible diagnoses while reducing their work-
load [62,63,137].

However, several limitations persist. A major concern is the “black box” nature of
Al decision-making, wherein the output derivation remains opaque [137]. As a response
to concerns regarding the black-box nature of artificial intelligence, the adoption of Ex-
plainable AI (XAI) has garnered increasing attention. XAI aims to present the basis and
reasoning process behind the outputs of machine learning models—particularly deep learn-
ing models—in a form that is comprehensible to humans. This approach has potential
for improving algorithmic transparency and ensuring verifiability by end users [138,139].
In particular, in domains such as medicine and the life sciences, explainability in the
decision-making process is increasingly emphasized from both legal and ethical perspec-
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tives. The implementation of XAl is therefore expected to enhance the acceptability and
trustworthiness of Al systems in these fields [138,139].

Nevertheless, current XAl techniques are subject to several technical limitations. They
are not universally applicable to all model types, and the explanations provided may
not always offer accurate or consistent interpretations. Consequently, challenges remain
in terms of their practical utility and reliability [138,139]. Other challenges include data
biases, variability in Al-tool effectiveness across healthcare providers, and automation bias,
which may lead clinicians to rely excessively on decision-support systems. Additionally, Al
expertise is crucial for accurately evaluating test results. The integration of Al in medical-
image interpretation requires effective collaboration between clinicians and Al algorithms.
Although Al has demonstrated the potential to improve clinical performance, its impact on
individual clinicians remains unclear and may even detrimentally affect diagnostic accuracy.
Similar limitations have been noted in the field of structural biology. As outlined earlier,
although AlphaFold has had a transformative impact on protein-structure prediction, it
encounters substantial difficulties in accurately modeling intrinsically disordered proteins
(IDPs) and membrane proteins. These classes of proteins either lack well-defined tertiary
structures or require specific environmental contexts such as lipid membranes or ligand
interactions in order to acquire their functional conformations. These context-dependent
structural features remain challenging for current Al-based prediction algorithms, including
AlphaFold, to fully capture [130,131]. Therefore, ensuring the accuracy of AI models and
understanding their effects on clinical decision-making is critical [140-142].

5.5. Future Impact of Al on ALS Treatment Strategies

Further advancements in Al are anticipated to substantially change treatment strate-
gies for neurodegenerative diseases. By integrating multi-omics data and connectomics, Al
can elucidate the molecular pathology of diseases and the underlying neuronal structures
and neural networks, paving the way for the realization of personalized treatments [36,37].
Additionally, Al-driven drug discovery has the potential to accelerate the development of
disease-specific therapeutic agents. Al is also revolutionizing drug-delivery technologies,
enabling the creation of targeted, personalized, and adaptive therapies. Al-based data
analysis and optimization methods are expected to empower pharmaceutical researchers
and medical professionals to enhance drug efficacy, reduce side effects, and improve patient
outcomes [12,13]. Moreover, the growing use of wearable devices and mobile applications
will facilitate the large-scale collection and analysis of real-world data, including neuro-
physiological biomarkers that can be recorded non-invasively, clinical characteristics of
diseases, and demographic statistics. Notable examples include smart applications that use
tactile and visual stimulus modalities to monitor tremors (involuntary movements) and
cognitive impairments (e.g., memory loss or dementia) through AI analysis.

This innovative approach is likely to enhance treatment monitoring and provide real-
time feedback to patients and clinicians [135,143-145]. Thus, Al technology is expected
to revolutionize the entire treatment paradigm for neurodegenerative diseases, making a
significant contribution to improving quality of life for each patient.

5.6. Issues in Translational Research Using Al

In recent years, new ALS treatments have been developed by integrating clinical
data, genetic information, and physiological measurements to construct disease models
using machine learning technology [145]. Critical to this approach is the use of Al in
preclinical research, such as proteomic analysis, and its effective application in translational
research [135]. Specifically, by merging extensive non-invasive data—including clinical
characteristics, demographic information, and diagnostic biomarkers (neurophysiological
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biomarkers)—into databases, Al technology significantly enhances analytical efficiency for
the clinical translation of new treatment modalities [78,145,146]. In clinical settings, where
personalized treatment plans are developed based on the design of therapeutic strategies,
Al-driven intelligence is expected to improve decision-making [135].

Despite its potential, translational research using Al faces challenges. Large-scale
clinical trials remain essential for validating the efficacy and safety of novel treatments,
especially for emerging therapies such as gene therapy, which require critical long-term
safety assessments [120]. Moreover, machine learning and Al-generated models are often
criticized as “black boxes” with unclear prediction rationales; this disadvantage complicates
their interpretation and potentially impedes their clinical application [120,121]. Addition-
ally, establishing manufacturing and supply systems, evaluating cost-effectiveness, and
assessing ethical and social implications require multifaceted efforts. Effective collaboration
among patient groups, regulatory bodies, healthcare professionals, and researchers is vital
to address these concerns [147,148].

5.7. Future Prospects for Al Technology in ALS

The continued evolution of Al technology promises to optimize diagnosis and improve
clinical outcomes by enhancing early disease detection and timely, appropriate treatment.
Moreover, consolidating Al models, datasets, and algorithms into a comprehensive, widely
accessible database, even in remote and resource-limited areas, would broaden access to
advanced diagnostic and treatment capabilities, significantly impacting clinical practice
and public health [62,63,137]. Al plays a critical role, particularly in diseases such as ALS,
for which treatment options are scarce and outcomes often remain poor. Furthermore,
Al is being integrated into the rehabilitation and care of patients with ALS to improve
treatment efficiency and quality of life [6,149]. Additionally, a systems-biology approach
integrating multi-layered data, such as genomics, proteomics, and imaging, holds the
potential to deepen our understanding of disease mechanisms and guide therapeutic devel-
opment [6,58]. Al’s capacity to analyze large, complex datasets and learn from them could
support clinicians in making more informed, data-driven decisions, ultimately contribut-
ing to personalized medicine by providing patients with the most appropriate diagnosis
and treatment based on extensive data [59,64,102,103]. Specifically, Al- and data-driven
approaches are expected to advance the identification of novel biomarkers, including new
drug targets and neurophysiological biomarkers, thus deepening our understanding of
ALS pathophysiology and leading to more effective treatments [17,64,76,104,122,124-126].
Moreover, advances in brain-function monitoring and neurofeedback technologies could
leverage brain plasticity to develop neuroprotective strategies and support functional re-
covery [106-108]. With progress in regenerative medicine, innovative therapies such as
the transplantation of artificially constructed neural networks are becoming increasingly
feasible [150]. In clinical settings, Al integration will be indispensable in enhancing diag-
nostic and treatment capabilities and enabling the full utilization of emerging therapeutic
approaches [135] (Figure 3).

Schematic representation of an Al-integrated workflow for ALS diagnosis and treat-
ment. Al-assisted imaging analysis supports radiological interpretation, diagnosis, and
personalized care, enhancing clinical decision-making and patient outcomes. Figure created
with BioRender.com (accessed on 20 February 2025).
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Figure 3. ALS treatment using Al assistance versus traditional methods.

6. Conclusions

ALS remains a challenging neurodegenerative disease with limited therapeutic op-
tions and modest benefits from currently available treatments. However, recent advances
in stem-cell therapy, gene therapy, nanomedicine, and Al offer promising new directions
for personalized interventions. Al in particular, is transforming ALS research by acceler-
ating drug discovery, identifying biomarkers, and enabling precision medicine through
integrated data analysis. New platforms highlight Al’s capacity to uncover novel therapeu-
tic targets, and Al-driven communication tools enhance patients” quality of life. Despite
these advances, challenges such as a lack of transparency surrounding Al models, ethical
concerns, and the need for validation studies remain. Therefore, the integration of Al with
multi-omics and regenerative medicine has the potential to revolutionize ALS treatment.
Achieving this will require collaborative efforts to ensure equitable access and meaning-
ful clinical translation. Al’s role in ALS research is not just innovative; it is essential for
advancing truly patient-centered care.

Author Contributions: Conceptualization, S.S. and Y.K.; methodology, S.S. and Y.K ; software, YK.;
validation, T.Y., TU,, S-i.H., Y.Y,, ETIL, MK, S.T. and LS.; formal analysis, S.S., SK., AN. and
Y.K.; investigation, S.S., SK., AN. and Y.K.; resources, S.K., A.N. and YK,; data curation, YK,
writing—original draft preparation, S.S. and Y.K.; writing—review and editing, S.S.; visualization,
S.S. and Y.K,; supervision, L.S.; project administration, S.S.; funding acquisition, T.U., S.-i.H., Y.Y., ET.IL
and S.T. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Japan Society for the Promotion of Science grant number
21K10091, 23K09351, 23K09310, 24K13154, 24K13113 and 24K13112. The APC was funded by Japan
Society for the Promotion of Science.

Acknowledgments: The authors would like to thank the members of the Department of Oral and
Maxillofacial Surgery, Graduate School of Dentistry, The University of Osaka.

Conflicts of Interest: The authors declare no competing interests. The funders had no role in
the design of the study; in the collection, analyses, or interpretation of data; in the writing of the
manuscript; or in the decision to publish the results.



Int. J. Mol. Sci. 2025, 26, 4346 17 of 23

References

1. Menken, M.; Munsat, T.L.; Toole, J.F. The global burden of disease study: Implications for neurology. Arch. Neurol. 2000, 57,
418-420. [CrossRef] [PubMed]

2. Gao, H.-M.; Hong, ].-S. Why neurodegenerative diseases are progressive: Uncontrolled inflammation drives disease progression.
Trends Immunol. 2008, 29, 357-365. [CrossRef] [PubMed]

3.  Fakhoury, M. Role of immunity and inflammation in the pathophysiology of neurodegenerative diseases. Neurodegener. Dis. 2015,
15, 63-69. [CrossRef]

4. Taylor, J.P.; Brown, R.H.; Cleveland, D.W. Decoding ALS: From genes to mechanism. Nature 2016, 539, 197-206. [CrossRef]
[PubMed]

5. Seki, S.; Kitaoka, Y.; Kawata, S.; Nishiura, A.; Uchihashi, T.; Hiraoka, S.-I.; Yokota, Y.; Isomura, E.T.; Kogo, M.; Tanaka, S.
Characteristics of sensory neuron dysfunction in amyotrophic lateral sclerosis (ALS): Potential for ALS therapy. Biomedicines 2023,
11, 2967. [CrossRef]

6. Kitaoka, Y.; Seki, S.; Kawata, S.; Nishiura, A.; Kawamura, K.; Hiraoka, S.-1.; Kogo, M.; Tanaka, S. Analysis of feeding behavior
characteristics in the Cu/Zn Superoxide Dismutase 1 (SOD1) SOD1G93A Mice Model for Amyotrophic Lateral Sclerosis (ALS).
Nutrients 2023, 15, 1651. [CrossRef]

7. Doroszkiewicz, ].; Groblewska, M.; Mroczko, B. Molecular biomarkers and their implications for the early diagnosis of selected
neurodegenerative diseases. Int. . Mol. Sci. 2022, 23, 4610. [CrossRef]

8. Lin, M.T.; Beal, M.F. Mitochondrial dysfunction and oxidative stress in neurodegenerative diseases. Nature 2006, 443, 787-795.
[CrossRef]

9.  Allegra, A,; Mirabile, G.; Tonacci, A.; Genovese, S.; Pioggia, G.; Gangemi, S. Machine learning approaches in diagnosis, prognosis
and treatment selection of cardiac amyloidosis. Int. J. Mol. Sci. 2023, 24, 5680. [CrossRef]

10. Gligorijevic, J.; Gligorijevic, D.; Pavlovski, M.; Milkovits, E.; Glass, L.; Grier, K.; Vankireddy, P.; Obradovic, Z. Optimizing clinical
trials recruitment via deep learning. . Am. Med. Inform. Assoc. 2019, 26, 1195-1202. [CrossRef]

11.  Wu, K;; Wu, E.; Dandrea, M.; Chitale, N.; Lim, M.; Dabrowski, M.; Kantor, K.; Rangi, H.; Liu, R.; Garmhausen, M.; et al. Machine
learning prediction of clinical trial operational efficiency. AAPS |. 2022, 24, 57. [CrossRef] [PubMed]

12. Vora, LK.; Gholap, A.D,; Jetha, K.; Thakur, R.R.S.; Solanki, H.K.; Chavda, V.P. Artificial intelligence in pharmaceutical technology
and drug delivery design. Pharmaceutics 2023, 15, 1916. [CrossRef] [PubMed]

13. Hessler, G.; Baringhaus, K.-H. Artificial intelligence in drug design. Molecules 2018, 23, 2520. [CrossRef]

14. Gautam, R.; Sharma, M. Prevalence and diagnosis of neurological disorders using different deep learning techniques: A
meta-analysis. |. Med. Syst. 2020, 44, 49. [CrossRef]

15. Lan, A.Y.; Corces, M.R. Deep learning approaches for noncoding variant prioritization in neurodegenerative diseases.
Front. Aging Neurosci. 2022, 14, 1027224. [CrossRef]

16. Selvi, K.; Kalaivani, K.S.; Ramesh, H. Alzheimer’s Disease Prediction Using Deep Learning. In Proceedings of the Interna-
tional Conference on Circuit Power and Computing Technologies (ICCPCT), Kollam, India, 10-11 August 2023; Volume 2023,
pp. 1161-1164. [CrossRef]

17.  Antonelli, L.; Guarracino, M.R.; Maddalena, L.; Sangiovanni, M. Integrating imaging and omics data: A review. Biomed. Signal
Process. Control 2019, 52, 264-280. [CrossRef]

18. Mead, RJ.; Shan, N.; Reiser, H.].; Marshall, F.; Shaw, PJ. Amyotrophic lateral sclerosis: A neurodegenerative disorder poised for
successful therapeutic translation. Nat. Rev. Drug Discov. 2023, 22, 185-212. [CrossRef]

19. Kaur, S; Singla, J.; Nkenyereye, L.; Jha, S.; Prashar, D.; Joshi, G.P; El-Sappagh, S.; Islam, M.S.; Islam, S.M.R. Medical diagnostic
systems using artificial intelligence (AI) algorithms: Principles and perspectives. IEEE Access 2020, 8, 228049-228069. [CrossRef]

20. Papi, M.; Caracciolo, G. Principal component analysis of personalized biomolecular corona data for early disease detection.
Nano Today 2018, 21, 14-17. [CrossRef]

21. Afzal, HM.R; Luo, S.; Ramadan, S.; Lechner-Scott, ]. The emerging role of artificial intelligence in multiple sclerosis imaging.
Mult. Scler. 2022, 28, 849-858. [CrossRef]

22. deJonge, S.; Potters, W.V.; Verhamme, C. Artificial intelligence for automatic classification of needle EMG signals: A scoping
review. Clin. Neurophysiol. 2024, 159, 41-55. [CrossRef] [PubMed]

23. Kocar, T.D.; Miiller, H.-P; Ludolph, A.C.; Kassubek, J. Feature selection from magnetic resonance imaging data in ALS: A
systematic review. Ther. Adv. Chronic Dis. 2021, 12, 20406223211051002. [CrossRef] [PubMed]

24. Muhammed, S.; Upadhya, J.; Poudel, S.; Hasan, M.; Donthula, K.; Vargas, J.; Ranganathan, J.; Poudel, K. Improved Classification
of Alzheimer’s Disease With Convolutional Neural Networks. In Proceedings of the 2023 IEEE Signal Processing in Medicine and
Biology Symposium (SPMB), Philadelphia, PA, USA, 2 December 2023; pp. 1-7. [CrossRef]

25. Sarica, A.; Cerasa, A.; Valentino, P.; Yeatman, J.; Trotta, M.; Barone, S.; Granata, A.; Nistic6, R.; Perrotta, P.; Pucci, F,; et al. The

corticospinal tract profile in amyotrophic lateral sclerosis. Hum. Brain Mapp. 2017, 38, 727-739. [CrossRef] [PubMed]


https://doi.org/10.1001/archneur.57.3.418
https://www.ncbi.nlm.nih.gov/pubmed/10714674
https://doi.org/10.1016/j.it.2008.05.002
https://www.ncbi.nlm.nih.gov/pubmed/18599350
https://doi.org/10.1159/000369933
https://doi.org/10.1038/nature20413
https://www.ncbi.nlm.nih.gov/pubmed/27830784
https://doi.org/10.3390/biomedicines11112967
https://doi.org/10.3390/nu15071651
https://doi.org/10.3390/ijms23094610
https://doi.org/10.1038/nature05292
https://doi.org/10.3390/ijms24065680
https://doi.org/10.1093/jamia/ocz064
https://doi.org/10.1208/s12248-022-00703-3
https://www.ncbi.nlm.nih.gov/pubmed/35449371
https://doi.org/10.3390/pharmaceutics15071916
https://www.ncbi.nlm.nih.gov/pubmed/37514102
https://doi.org/10.3390/molecules23102520
https://doi.org/10.1007/s10916-019-1519-7
https://doi.org/10.3389/fnagi.2022.1027224
https://doi.org/10.1109/ICCPCT58313.2023.10245171
https://doi.org/10.1016/j.bspc.2019.04.032
https://doi.org/10.1038/s41573-022-00612-2
https://doi.org/10.1109/ACCESS.2020.3042273
https://doi.org/10.1016/j.nantod.2018.03.001
https://doi.org/10.1177/1352458520966298
https://doi.org/10.1016/j.clinph.2023.12.134
https://www.ncbi.nlm.nih.gov/pubmed/38246117
https://doi.org/10.1177/20406223211051002
https://www.ncbi.nlm.nih.gov/pubmed/34729157
https://doi.org/10.1109/SPMB59478.2023.10372725
https://doi.org/10.1002/hbm.23412
https://www.ncbi.nlm.nih.gov/pubmed/27659483

Int. J. Mol. Sci. 2025, 26, 4346 18 of 23

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.
50.

Eisen, M.B.; Spellman, P.T.; Brown, P.O.; Botstein, D. Cluster analysis and display of genome-wide expression patterns. Proc. Natl.
Acad. Sci. USA 1998, 95, 14863-14868. [CrossRef]

Jiang, X.; Zhao, J.; Qian, W.; Song, W.; Lin, G.N. A generative adversarial network model for disease gene prediction with
RNA-Seq data. IEEE Access 2020, 8, 37352-37360. [CrossRef]

Xu, C.; Zhang, ].-G,; Lin, D.; Zhang, L.; Shen, H.; Deng, H.-W. A systemic analysis of transcriptomic and epigenomic data to
reveal regulation patterns for complex disease. G3 Genes Genomes Genet. 2017, 7, 2271-2279. [CrossRef]

Jumper, J.; Evans, R,; Pritzel, A.; Green, T.; Figurnov, M.; Ronneberger, O.; Tunyasuvunakool, K.; Bates, R.; Zidek, A; Potapenko,
A.; et al. Highly Accurate Protein Structure Prediction with AlphaFold. Nature 2021, 596, 583-589. [CrossRef]

Mubeen, H.; Masood, A.; Zafar, A.; Khan, Z.Q.; Khan, M.Q.; Nisa, A.U. Insights into AlphaFold’s Breakthrough in Neurodegener-
ative Diseases. Ir. J. Med. Sci. 2024, 193, 2577-2588. [CrossRef]

Davis, S.A.; Itaman, S.; Khalid-Janney, C.M.; Sherard, ]J.A.; Dowell, J.A.; Cairns, N.J.; Gitcho, M.A. TDP-43 interacts with
mitochondrial proteins critical for mitophagy and mitochondrial dynamics. Neurosci. Lett. 2018, 678, 8-15. [CrossRef]

Van Deerlin, VM.; Leverenz, J.B.; Bekris, L.M.; Bird, T.D.; Yuan, W.; Elman, L.B.; Clay, D.; Wood, EM.; Chen-Plotkin, A.S,;
Martinez-Lage, M.; et al. TARDBP mutations in amyotrophic lateral sclerosis with TDP-43 neuropathology: A genetic and
histopathological analysis. Lancet Neurol. 2008, 7, 409-416. [CrossRef]

Xiao, Q.; Zhang, E; Xu, L.; Yue, L.; Kon, O.L.; Zhu, Y.; Guo, T. High-throughput proteomics and AI for cancer biomarker discovery.
Adv. Drug Deliv. Rev. 2021, 176, 113844. [CrossRef] [PubMed]

Turner, M.R.; Verstraete, E. What does imaging reveal about the pathology of amyotrophic lateral sclerosis?
Curr. Neurol. Neurosci. Rep. 2015, 15, 45. [CrossRef] [PubMed]

Barritt, A.W.; Gabel, M.C.; Cercignani, M.; Leigh, PN. Emerging magnetic resonance imaging techniques and analysis methods in
amyotrophic lateral sclerosis. Front. Neurol. 2018, 9, 1065. [CrossRef] [PubMed]

Quan, T.M.; Hildebrand, D.G.C.; Jeong, W.-K. FusionNet: A deep fully residual convolutional neural network for image
segmentation in connectomics. Front. Comput. Sci. 2021, 3, 613981. [CrossRef]

Fornito, A.; Zalesky, A.; Breakspear, M. The connectomics of brain disorders. Nat. Rev. Neurosci. 2015, 16, 159-172. [CrossRef]
Umar, T.P; Jain, N.; Papageorgakopoulou, M.; Shaheen, R.S.; Alsamhori, J.F; Muzzamil, M.; Kostiks, A. Artifi-
cial intelligence for screening and diagnosis of amyotrophic lateral sclerosis: A systematic review and meta-analysis.
Amyotroph. Lateral Scler. Front. Degener. 2024, 25, 425-436. [CrossRef]

Tavazzi, E.; Longato, E.; Vettoretti, M.; Aidos, H.; Trescato, I.; Roversi, C.; Martins, A.S.; Castanho, E.N.; Branco, R.; Soares, D.E,;
et al. Artificial intelligence and statistical methods for stratification and prediction of progression in amyotrophic lateral sclerosis:
A systematic review. Artif. Intell. Med. 2023, 142, 102588. [CrossRef]

Boyce, D.; Raymond, J.; Larson, T.C.; Kirkland, E.; Horton, D.K.; Mehta, P. What do you think caused your ALS? An analysis
of the CDC national amyotrophic lateral sclerosis patient registry qualitative risk factor data using artificial intelligence and
qualitative methodology. Amyotroph. Lateral Scler. Front. Degener. 2024, 25, 615-624. [CrossRef]

Behler, A.; Miiller, H.-P.; Ludolph, A.C.; Kassubek, ]J. Diffusion tensor imaging in amyotrophic lateral sclerosis: Machine learning
for biomarker development. Int. . Mol. Sci. 2023, 24, 1911. [CrossRef]

McGown, A.; Stopford, M.J. High-throughput drug screens for amyotrophic lateral sclerosis drug discovery.
Expert Opin. Drug Discov. 2018, 13, 1015-1025. [CrossRef]

Pinto, S.; Quintarelli, S.; Silani, V. New technologies and amyotrophic lateral sclerosis—Which step forward rushed by the
COVID-19 pandemic? J. Neurol. Sci. 2020, 418, 117081. [CrossRef] [PubMed]

Fernandes, F,; Barbalho, I.; Barros, D.; Valentim, R.; Teixeira, C.; Henriques, J.; Gil, P.; Dourado Jtnior, M. Biomedical signals and
machine learning in amyotrophic lateral sclerosis: A systematic review. Biomed. Eng. Online 2021, 20, 61. [CrossRef] [PubMed]
Cooper-Knock, J.; Harvey, C.; Zhang, S.; Moll, T.; Timpanaro, 1.S.; Kenna, K.P,; lacoangeli, A.; Veldink, ].H. Advances in the
genetic classification of amyotrophic lateral sclerosis. Curr. Opin. Neurol. 2021, 34, 756-764. [CrossRef]

Johnson, K.A.; Minoshima, S.; Bohnen, N.I.; Donohoe, K.J.; Foster, N.L.; Herscovitch, P.; Karlawish, J.H.; Rowe, C.C.; Hedrick, S.;
Pappas, V.; et al. Update on appropriate use criteria for amyloid PET imaging: Dementia experts, mild cognitive impairment,
and education. Amyloid Imaging Task Force of the Alzheimer’s Association and Society for Nuclear Medicine and Molecular
Imaging. Alzheimers Dement. 2013, 9, e106—e109. [CrossRef]

Grimmer, T.; Wutz, C.; Alexopoulos, P.; Drzezga, A.; Forster, S.; Forstl, H.; Goldhardt, O.; Ortner, M.; Sorg, C.; Kurz, A. Visual
versus fully automated analyses of 18F-FDG and amyloid PET for prediction of dementia due to Alzheimer disease in mild
cognitive impairment. J. Nucl. Med. 2016, 57, 204-207. [CrossRef]

Tai, Y.F,; Piccini, P. Applications of positron emission tomography (PET) in neurology. |. Neurol. Neurosurg. Psychiatry 2004, 75,
669-676. [CrossRef]

Rocchi, L.; Niccolini, F.; Politis, M. Recent imaging advances in neurology. J. Neurol. 2015, 262, 2182-2194. [CrossRef]
Rachakonda, V.; Pan, T.H.; Le, W.D. Biomarkers of neurodegenerative disorders: How good are they? Cell Res. 2004, 14, 347-358.
[CrossRef]


https://doi.org/10.1073/pnas.95.25.14863
https://doi.org/10.1109/ACCESS.2020.2975585
https://doi.org/10.1534/g3.117.042408
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1007/s11845-024-03721-6
https://doi.org/10.1016/j.neulet.2018.04.053
https://doi.org/10.1016/S1474-4422(08)70071-1
https://doi.org/10.1016/j.addr.2021.113844
https://www.ncbi.nlm.nih.gov/pubmed/34182017
https://doi.org/10.1007/s11910-015-0569-6
https://www.ncbi.nlm.nih.gov/pubmed/26008817
https://doi.org/10.3389/fneur.2018.01065
https://www.ncbi.nlm.nih.gov/pubmed/30564192
https://doi.org/10.3389/fcomp.2021.613981
https://doi.org/10.1038/nrn3901
https://doi.org/10.1080/21678421.2024.2334836
https://doi.org/10.1016/j.artmed.2023.102588
https://doi.org/10.1080/21678421.2024.2349920
https://doi.org/10.3390/ijms24031911
https://doi.org/10.1080/17460441.2018.1533953
https://doi.org/10.1016/j.jns.2020.117081
https://www.ncbi.nlm.nih.gov/pubmed/32882437
https://doi.org/10.1186/s12938-021-00896-2
https://www.ncbi.nlm.nih.gov/pubmed/34130692
https://doi.org/10.1097/WCO.0000000000000986
https://doi.org/10.1016/j.jalz.2013.06.001
https://doi.org/10.2967/jnumed.115.163717
https://doi.org/10.1136/jnnp.2003.028175
https://doi.org/10.1007/s00415-015-7711-x
https://doi.org/10.1038/sj.cr.7290235

Int. J. Mol. Sci. 2025, 26, 4346 19 of 23

51.
52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Ishii, K. PET approaches for diagnosis of dementia. AJNR Am. ]. Neuroradiol. 2014, 35, 2030-2038. [CrossRef]

Maschke, M.; Kastrup, O.; Forsting, M.; Diener, H.-C. Update on neuroimaging in infectious central nervous system disease.
Curr. Opin. Neurol. 2004, 17, 475-480. [CrossRef]

Cuddon, P.A. Electrophysiology in neuromuscular disease. Vet. Clin. N. Am. Small Anim. Pract. 2002, 32, 31-62. [CrossRef]
[PubMed]

Choi, ].M.; Di Maria, G. Electrodiagnostic testing for disorders of peripheral nerves. Clin. Geriatr. Med. 2021, 37, 209-221.
[CrossRef] [PubMed]

DeBiasi, R.L.; Tyler, K.L. Molecular methods for diagnosis of viral encephalitis. Clin. Microbiol. Rev. 2004, 17, 903-925. [CrossRef]
[PubMed]

Mollenhauer, B.; Trenkwalder, C. Neurochemical biomarkers in the differential diagnosis of movement disorders. Mov. Disord.
2009, 24, 1411-1426. [CrossRef]

Ker, J.; Wang, L.; Rao, J.; Lim, T. Deep learning applications in medical image analysis. IEEE Access 2018, 6, 9375-9389. [CrossRef]
Kosvyra, A ; Filos, D.; Fotopoulos, D.; Olga, T.; Chouvarda, I. Towards data integration for Al in cancer research. In Proceedings
of the 43rd Annual International Conference of the IEEE Engineering in Medicine & Biology Society (EMBC 2021), Virtual,
1-5 November 2021; pp. 2054-2057. [CrossRef]

Johnson, K.B.; Wei, W.-Q.; Weeraratne, D.; Frisse, M.E.; Misulis, K.; Rhee, K.; Zhao, J.; Snowdon, J.L. Precision Medicine, Al, and
the future of personalized health care. Clin. Transl. Sci. 2021, 14, 86-93. [CrossRef]

Huber, R.G.; Pandey, S.; Chhangani, D.; Rincon-Limas, D.E.; Staff, N.P.; Yeo, C.].J. Identification of potential pathways and
biomarkers linked to progression in ALS. Ann. Clin. Transl. Neurol. 2023, 10, 150-165. [CrossRef]

Imamura, K; Izumi, Y.; Watanabe, A.; Tsukita, K.; Woltjen, K.; Yamamoto, T.; Hotta, A.; Kondo, T.; Kitaoka, S.; Ohta, A ; et al. The
Src/c-Abl pathway is a potential therapeutic target in amyotrophic lateral sclerosis. Sci. Transl. Med. 2017, 9, eaaf3962. [CrossRef]
Gu, F; Ma, S;; Wang, X.; Zhao, J.; Yu, Y,; Song, X. Evaluation of feature selection for Alzheimer’s disease diagnosis.
Front. Aging Neurosci. 2022, 14, 924113. [CrossRef]

Zhou, L.-Q.; Wang, ].-Y.; Yu, S.-Y.; Wu, G.-G.; Wei, Q.; Deng, Y.-B.; Wu, X.-L.; Cui, X.-W.; Dietrich, C.F. Artificial intelligence in
medical imaging of the liver. World J. Gastroenterol. 2019, 25, 672-682. [CrossRef] [PubMed]

Khan, A. Transforming Healthcare through AI: Unleashing the Power of Personalized Medicine. Int. . Multidiscip. Sci. Arts 2023,
2,67-77. [CrossRef]

Segura, T.; Medrano, L.H.; Collazo, S.; Maté, C.; Sguera, C.; Del Rio-Bermudez, C.; Casero, H.; Salcedo, I.; Garcia-Garcia, J.;
Alcahut-Rodriguez, C. Symptoms timeline and outcomes in amyotrophic lateral sclerosis using artificial intelligence. Sci. Rep.
2023, 13, 702. [CrossRef] [PubMed]

Bede, P; Murad, A.; Hardiman, O. Pathological neural networks and artificial neural networks in ALS: Diagnostic classification
based on pathognomonic neuroimaging features. J. Neurol. 2022, 269, 2440-2452. [CrossRef]

Olsson, B.; Zetterberg, H.; Hampel, H.; Blennow, K. Biomarker-based dissection of neurodegenerative diseases. Prog. Neurobiol.
2011, 95, 520-534. [CrossRef]

Wang, J.; Bettegowda, C. Applications of DNA-based liquid biopsy for central nervous system neoplasms. J. Mol. Diagn. 2017, 19,
24-34. [CrossRef]

Shahim, P.; Ménsson, ].-E.; Darin, N.; Zetterberg, H.; Mattsson, N. Cerebrospinal fluid biomarkers in neurological diseases in
children. Eur. |. Paediatr. Neurol. 2013, 17, 7-13. [CrossRef]

Kwiatkowski, T.].; Bosco, D.A.; Leclerc, A.L.; Tamrazian, E.; Vanderburg, C.R; Russ, C.; Davis, A.; Gilchrist, J.; Kasarskis, E.J.;
Munsat, T.; et al. Mutations in the FUS/TLS gene on chromosome 16 cause familial amyotrophic lateral sclerosis. Science 2009,
323, 1205-1208. [CrossRef]

Rosen, D.R.; Siddique, T.; Patterson, D.; Figlewicz, D.A.; Sapp, P.; Hentati, A.; Donaldson, D.; Goto, J.; O'Regan, J.P.; Deng, H.X,;
et al. Mutations in Cu/Zn superoxide dismutase gene are associated with familial amyotrophic lateral sclerosis. Nature 1993, 362,
59-62. [CrossRef]

Millecamps, S.; Boillée, S.; Le Ber, I; Seilhean, D.; Teyssou, E.; Giraudeau, M.; Moigneu, C.; Vandenberghe, N.; Danel-Brunaud, V,;
Corcia, P; et al. Phenotype difference between ALS patients with expanded repeats in COORF72 and patients with mutations in
other ALS-related genes. J. Med. Genet. 2012, 49, 258-263. [CrossRef]

Magen, I.; Yacovzada, N.S.; Yanowski, E.; Coenen-Stass, A.; Grosskreutz, J.; Lu, C.-H.; Greensmith, L.; Malaspina, A.; Fratta, P;
Hornstein, E. Circulating miR-181 is a prognostic biomarker for amyotrophic lateral sclerosis. Nat. Neurosci. 2021, 24, 1534-1541.
[CrossRef] [PubMed]

Abu-Rumeileh, S.; Vacchiano, V.; Zenesini, C.; Polischi, B.; de Pasqua, S.; Fileccia, E.; Mammana, A.; Di Stasi, V.; Capellari, S.;
Salvi, F.; et al. Diagnostic-prognostic value and electrophysiological correlates of CSF biomarkers of neurodegeneration and
neuroinflammation in amyotrophic lateral sclerosis. J. Neurol. 2020, 267, 1699-1708. [CrossRef] [PubMed]


https://doi.org/10.3174/ajnr.A3695
https://doi.org/10.1097/01.wco.0000137540.29857.bf
https://doi.org/10.1016/S0195-5616(03)00079-2
https://www.ncbi.nlm.nih.gov/pubmed/11785734
https://doi.org/10.1016/j.cger.2021.01.010
https://www.ncbi.nlm.nih.gov/pubmed/33858605
https://doi.org/10.1128/CMR.17.4.903-925.2004
https://www.ncbi.nlm.nih.gov/pubmed/15489354
https://doi.org/10.1002/mds.22510
https://doi.org/10.1109/ACCESS.2017.2788044
https://doi.org/10.1109/EMBC46164.2021.9629675
https://doi.org/10.1111/cts.12884
https://doi.org/10.1002/acn3.51697
https://doi.org/10.1126/scitranslmed.aaf3962
https://doi.org/10.3389/fnagi.2022.924113
https://doi.org/10.3748/wjg.v25.i6.672
https://www.ncbi.nlm.nih.gov/pubmed/30783371
https://doi.org/10.47709/ijmdsa.v2i1.2424
https://doi.org/10.1038/s41598-023-27863-2
https://www.ncbi.nlm.nih.gov/pubmed/36639403
https://doi.org/10.1007/s00415-021-10801-5
https://doi.org/10.1016/j.pneurobio.2011.04.006
https://doi.org/10.1016/j.jmoldx.2016.08.007
https://doi.org/10.1016/j.ejpn.2012.09.005
https://doi.org/10.1126/science.1166066
https://doi.org/10.1038/362059a0
https://doi.org/10.1136/jmedgenet-2011-100699
https://doi.org/10.1038/s41593-021-00936-z
https://www.ncbi.nlm.nih.gov/pubmed/34711961
https://doi.org/10.1007/s00415-020-09761-z
https://www.ncbi.nlm.nih.gov/pubmed/32100123

Int. J. Mol. Sci. 2025, 26, 4346 20 of 23

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

Verde, E; Steinacker, P.; Weishaupt, ].H.; Kassubek, J.; Oeckl, P.; Halbgebauer, S.; Tumani, H.; von Arnim, C.A.F,; Dorst, ].; Feneberg,
E.; et al. Neurofilament light chain in serum for the diagnosis of amyotrophic lateral sclerosis. . Neurol. Neurosurg. Psychiatry
2019, 90, 157-164. [CrossRef]

Lilo, E.; Wald-Altman, S.; Solmesky, L.J.; Ben Yaakov, K.; Gershoni-Emek, N.; Bulvik, S.; Kassis, I.; Karussis, D.; Perlson, E.;
Weil, M. Characterization of human sporadic ALS biomarkers in the familial ALS transgenic mSOD1(G93A) mouse model.
Hum. Mol. Genet. 2013, 22, 4720-4725. [CrossRef]

Thal, L.J.; Kantarci, K.; Reiman, E.M.; Klunk, W.E.; Weiner, M.W.; Zetterberg, H.; Galasko, D.; Pratico, D.; Griffin, S.; Schenk, D.;
et al. The role of biomarkers in clinical trials for Alzheimer disease. Alzheimer Dis. Assoc. Disord. 2006, 20, 6-15. [CrossRef]
Raghunathan, R.; Turajane, K.; Wong, L.C. Biomarkers in neurodegenerative diseases: Proteomics spotlight on ALS and
Parkinson’s disease. Int. J. Mol. Sci. 2022, 23, 9299. [CrossRef]

Banack, S.A.; Dunlop, R.A.; Mehta, P.; Mitsumoto, H.; Wood, S.P.; Han, M.; Cox, P.A. A microRNA diagnostic biomarker for
amyotrophic lateral sclerosis. Brain Commun. 2024, 6, fcae268. [CrossRef]

Wiersema, A.F,; Rennenberg, A.; Smith, G.; Varderidou-Minasian, S.; Pasterkamp, R.J. Shared and distinct changes in the
molecular cargo of extracellular vesicles in different neurodegenerative diseases. Cell. Mol. Life Sci. 2024, 81, 479. [CrossRef]
Carata, E.; Muci, M.; Di Giulio, S.; Di Giulio, T.; Mariano, S.; Panzarini, E. The neuromuscular disorder mediated by extracellular
vesicles in amyotrophic lateral sclerosis. Curr. Issues Mol. Biol. 2024, 46, 5999-6017. [CrossRef]

Seki, S.; Yamamoto, T.; Quinn, K.; Spigelman, I.; Pantazis, A.; Olcese, R.; Wiedau-Pazos, M.; Chandler, S.H.; Venugopal, S.
Circuit-specific early impairment of proprioceptive sensory neurons in the SOD1G93A mouse model for ALS. J. Neurosci. 2019,
39, 8798-8815. [CrossRef]

Statland, ].M.; Barohn, R.J.; Mcvey, A.L.; Katz, J.S.; Dimachkie, M.M. Patterns of weakness, classification of motor neuron disease,
and clinical diagnosis of sporadic amyotrophic lateral sclerosis. Neurol. Clin. 2015, 33, 735-748. [CrossRef] [PubMed]
Hardiman, O.; Al-Chalabi, A.; Chio, A.; Corr, E.M.; Logroscino, G.; Robberecht, W.; Shaw, PJ.; Simmons, Z.; van den Berg, L.H.
Amyotrophic lateral sclerosis. Nat. Rev. Dis. Primers 2017, 3, 17071. [CrossRef] [PubMed]

Kawata, S.; Seki, S.; Nishiura, A.; Kitaoka, Y.; Iwamori, K.; Fukada, S.-I1.; Kogo, M.; Tanaka, S. Preservation of masseter muscle
until the end stage in the SOD1G93A mouse model for ALS. Sci. Rep. 2024, 14, 24279. [CrossRef] [PubMed]

Jellinger, K.A. The spectrum of cognitive dysfunction in amyotrophic lateral sclerosis: An update. Int. . Mol. Sci. 2023, 24, 14647.
[CrossRef]

Balendra, R.; Isaacs, A.M. C9orf72-mediated ALS and FTD: Multiple pathways to disease. Nat. Rev. Neurol. 2018, 14, 544-558.
[CrossRef]

Neumann, M.; Sampathu, D.M.; Kwong, L K,; Truax, A.C.; Micsenyi, M.C.; Chou, T.T.; Bruce, J.; Schuck, T.; Grossman, M.; Clark,
C.M,; et al. Ubiquitinated TDP-43 in frontotemporal lobar degeneration and amyotrophic lateral sclerosis. Science 2006, 314,
130-133. [CrossRef]

Bachiller, S.; Jiménez-Ferrer, I.; Paulus, A.; Yang, Y.; Swanberg, M.; Deierborg, T.; Boza-Serrano, A. Microglia in neurological
diseases: A road map to brain-disease dependent-inflammatory response. Front. Cell. Neurosci. 2018, 12, 488. [CrossRef]

Emde, A; Eitan, C; Liou, L.-L.; Libby, R.T.; Rivkin, N.; Magen, I.; Reichenstein, I.; Oppenheim, H.; Eilam, R.; Silvestroni, A.; et al.
Dysregulated miRNA biogenesis downstream of cellular stress and ALS-causing mutations: A new mechanism for ALS. EMBO J.
2015, 34, 2633-2651. [CrossRef]

Gonzalez-Garza, M.T.; Martinez, H.R.; Cruz-Vega, D.E.; Hernandez-Torre, M.; Moreno-Cuevas, J.E. Adipsin, MIP-1b, and IL-8 as
CSF biomarker panels for ALS diagnosis. Dis. Markers 2018, 2018, 3023826. [CrossRef]

Frank, R.; Hargreaves, R. Clinical biomarkers in drug discovery and development. Nat. Rev. Drug Discov. 2003, 2, 566-580.
[CrossRef]

Torok, N.; Tanaka, M.; Vécsei, L. Searching for peripheral biomarkers in neurodegenerative diseases: The tryptophan-kynurenine
metabolic pathway. Int. J. Mol. Sci. 2020, 21, 9338. [CrossRef] [PubMed]

van den Bos, M.A J.; Geevasinga, N.; Higashihara, M.; Menon, P; Vucic, S. Pathophysiology and diagnosis of ALS: Insights from
advances in neurophysiological techniques. Int. . Mol. Sci. 2019, 20, 2818. [CrossRef] [PubMed]

Dubois, B.; von Arnim, C.A.F,; Burnie, N.; Bozeat, S.; Cummings, J. Biomarkers in Alzheimer’s disease: Role in early and
differential diagnosis and recognition of atypical variants. Alzheimer’s Res. Ther. 2023, 15, 175. [CrossRef] [PubMed]

owser, R.; Turner, M.R.; Shefner, J. Biomarkers in amyotrophic lateral sclerosis: Opportunities and limitations. Nat. Rev. Neurol.
2011, 7, 631-638. [CrossRef]

Borrebaeck, C.AK. Precision diagnostics: Moving towards protein biomarker signatures of clinical utility in cancer.
Nat. Rev. Cancer 2017, 17, 199-204. [CrossRef]

Liu, A.; Schisterman, E.F,; Zhu, Y. On linear combinations of biomarkers to improve diagnostic accuracy. Stat. Med. 2005, 24,
37-47. [CrossRef]


https://doi.org/10.1136/jnnp-2018-318704
https://doi.org/10.1093/hmg/ddt325
https://doi.org/10.1097/01.wad.0000191420.61260.a8
https://doi.org/10.3390/ijms23169299
https://doi.org/10.1093/braincomms/fcae268
https://doi.org/10.1007/s00018-024-05522-7
https://doi.org/10.3390/cimb46060358
https://doi.org/10.1523/JNEUROSCI.1214-19.2019
https://doi.org/10.1016/j.ncl.2015.07.006
https://www.ncbi.nlm.nih.gov/pubmed/26515618
https://doi.org/10.1038/nrdp.2017.71
https://www.ncbi.nlm.nih.gov/pubmed/28980624
https://doi.org/10.1038/s41598-024-74669-x
https://www.ncbi.nlm.nih.gov/pubmed/39414899
https://doi.org/10.3390/ijms241914647
https://doi.org/10.1038/s41582-018-0047-2
https://doi.org/10.1126/science.1134108
https://doi.org/10.3389/fncel.2018.00488
https://doi.org/10.15252/embj.201490493
https://doi.org/10.1155/2018/3023826
https://doi.org/10.1038/nrd1130
https://doi.org/10.3390/ijms21249338
https://www.ncbi.nlm.nih.gov/pubmed/33302404
https://doi.org/10.3390/ijms20112818
https://www.ncbi.nlm.nih.gov/pubmed/31185581
https://doi.org/10.1186/s13195-023-01314-6
https://www.ncbi.nlm.nih.gov/pubmed/37833762
https://doi.org/10.1038/nrneurol.2011.151
https://doi.org/10.1038/nrc.2016.153
https://doi.org/10.1002/sim.1922

Int. J. Mol. Sci. 2025, 26, 4346 21 0f23

99.

100.

101.

102.

103.
104.

105.

106.

107.

108.
109.

110.

111.

112.

113.

114.

115.

116.

117.

118.
119.

120.

121.

122.

123.

124.

Nakamori, M.; Ishikawa, R.; Watanabe, T.; Toko, M.; Naito, H.; Takahashi, T.; Simizu, Y.; Yamazaki, Y.; Maruyama, H. Swallowing
sound evaluation using an electronic stethoscope and artificial intelligence analysis for patients with amyotrophic lateral sclerosis.
Front. Neurol. 2023, 14, 1212024. [CrossRef]

Pancotti, C.; Birolo, G.; Rollo, C.; Sanavia, T.; Di Camillo, B.; Manera, U.; Chio, A.; Fariselli, P. Deep learning methods to predict
amyotrophic lateral sclerosis disease progression. Sci. Rep. 2022, 12, 13738. [CrossRef]

Din Abdul Jabbar, M.A.; Guo, L.; Nag, S.; Guo, Y.; Simmons, Z.; Pioro, E.P.; Ramasamy, S.; Yeo, C.J.]. Predicting amyotrophic
lateral sclerosis (ALS) progression with machine learning. Amyotroph. Lateral Scler. Front. Degener. 2024, 25, 242-255. [CrossRef]
Awwalu, J.; Garba, A.G.; Ghazvini, A.; Atuah, R. Artificial intelligence in personalized medicine application of Al algorithms in
solving personalized medicine problems. Int. J. Comput. Theor. Eng. 2015, 7, 439—-443. [CrossRef]

Schork, N.J. Artificial intelligence and personalized medicine. Cancer Treat. Res. 2019, 178, 265-283. [CrossRef] [PubMed]

Zeng, X.; Zhu, S.; Lu, W,; Liu, Z.; Huang, J.; Zhou, Y,; Fang, J.; Huang, Y.; Guo, H.; Li, L,; et al. Target identification among known
drugs by deep learning from heterogeneous networks. Chem. Sci. 2020, 11, 1775-1797. [CrossRef] [PubMed]

Parekh, A.E.; Shaikh, O.A.; Simran, F.; Manan, S.; Hasibuzzaman, M.A. Artificial intelligence (Al) in personalized medicine:
Al-generated personalized therapy regimens based on genetic and medical history: Short communication. Ann. Med. Surg. 2023,
85, 5831-5833. [CrossRef] [PubMed]

Harwin, W.S.; Patton, J.L.; Edgerton, V.R. Challenges and opportunities for robot-mediated neurorehabilitation. Proc. IEEE 2006,
94,1717-1726. [CrossRef]

Sidyakina, 1.V.; Voronova, M.V,; Ivanov, V.V,; Snopkov, PS.; Epifanov, V.A. Questions of neurorehabilitation. Innovative
technologies of neurorehabilitation. Technol. Neurorehab. Fizioter. 2020, 4, 61-65. [CrossRef]

Himabindhu, G. Recent advances in neurorehabilitation an editorial. Int. ]. Neurorehab. 2020, 7, 4. [CrossRef]

Jaiswal, M.K. Riluzole and Edaravone: A tale of two amyotrophic lateral sclerosis drugs. Med. Res. Rev. 2019, 39, 733-748.
[CrossRef]

Writing Group; Edaravone. Safety and efficacy of Edaravone in well defined patients with amyotrophic lateral sclerosis: A
randomised, double-blind, placebo-controlled trial. Lancet Neurol. 2017, 16, 505-512. [CrossRef]

Nizzardo, M.; Simone, C.; Rizzo, F.; Ruggieri, M.; Salani, S.; Riboldi, G.; Faravelli, I.; Zanetta, C.; Bresolin, N.; Comi, G.P; et al.
Minimally invasive transplantation of iPSC-derived ALDHhiSSCloVLA4+ neural stem cells effectively improves the phenotype
of an amyotrophic lateral sclerosis model. Hum. Mol. Genet. 2014, 23, 342-354. [CrossRef]

Pun, EW,; Liu, BH.M,; Long, X.; Leung, HW.; Leung, G.H.D.; Mewborne, Q.T.; Gao, J.; Shneyderman, A.; Ozerov, I.V.; Wang, J.;
et al. Identification of therapeutic targets for amyotrophic lateral sclerosis using PandaOmics—An Al-enabled biological target
discovery platform. Front. Aging Neurosci. 2022, 14, 914017. [CrossRef]

Kaushik, A.; Jayant, R.D.; Bhardwaj, V.; Nair, M. Personalized nanomedicine for CNS diseases. Drug Discov. Today 2018, 23,
1007-1015. [CrossRef] [PubMed]

Todo, T.; Ito, H.; Ino, Y.; Ohtsu, H.; Ota, Y.; Shibahara, J.; Tanaka, M. Intratumoral oncolytic herpes virus G47A for residual or
recurrent glioblastoma: A phase 2 trial. Nat. Med. 2022, 28, 1630-1639. [CrossRef] [PubMed]

Zhang, T.; Jou, TH.T.; Hsin, J.; Wang, Z.; Huang, K_; Ye, J.; Yin, H.; Xing, Y. Talimogene Laherparepvec (T-VEC): A Review of the
Recent Advances in Cancer Therapy. J. Clin. Med. 2023, 12, 1098. [CrossRef] [PubMed]

Emani, S.; Rui, A.; Rocha, H.AL.; Rizvi, R.F; Juacaba, S.F.; Jackson, G.P.; Bates, D.W. Physicians’ perceptions of and satisfaction
with artificial intelligence in cancer treatment: A clinical decision support system experience and implications for low-middle-
income countries. JMIR Cancer 2022, 8, €31461. [CrossRef]

Founta, K.; Dafou, D.; Kanata, E.; Sklaviadis, T.; Zanos, T.P.,; Gounaris, A.; Xanthopoulos, K. Gene targeting in amyotrophic lateral
sclerosis using causality-based feature selection and machine learning. Mol. Med. 2023, 29, 12. [CrossRef]

Doxakis, E. Therapeutic antisense oligonucleotides for movement disorders. Med. Res. Rev. 2021, 41, 2656-2688. [CrossRef]
EIMallah, M.K,; Keeler-Klunk, A.; Zieger, M.; McCall, A.L.; Pucci, L.; Brown, R.H.; Mueller, C. Respiratory directed gene therapy
prolongs survival in an ALS mouse model. FASEB J. 2019, 33, 843.11. [CrossRef]

Bakkar, N.; Kovalik, T.; Lorenzini, I.; Spangler, S.; Lacoste, A.; Sponaugle, K.; Ferrante, P.; Argentinis, E.; Sattler, R.; Bowser, R.
Artificial intelligence in neurodegenerative disease research: Use of IBM Watson to identify additional RNA-binding proteins
altered in amyotrophic lateral sclerosis. Acta Neuropathol. 2018, 135, 227-247. [CrossRef]

Seki, S.; Tanaka, S.; Yamada, S.; Tsuji, T.; Enomoto, A.; Ono, Y.; Chandler, S.H.; Kogo, M. Neuropeptide Y modulates membrane
excitability in neonatal rat mesencephalic V neurons. J. Neurosci. Res. 2020, 98, 921-935. [CrossRef]

Tanaka, S.; Tomita, L; Seki, S.; Yamada, S.; Kogo, M.; Furusawa, K. Serotonergic modulation of slow inward rectification in
mesencephalic trigeminal neurons. Brain Res. 2019, 1718, 126-136. [CrossRef]

Zhou, Y.; Wang, F; Tang, J.; Nussinov, R.; Cheng, F. Artificial intelligence in COVID-19 drug repurposing. Lancet Digit. Health
2020, 2, e667—-€676. [CrossRef] [PubMed]

Gorshkov, K.; Chen, C.Z.; Marshall, R.E.; Mihatov, N.; Choi, Y.; Nguyen, D.-T.; Southall, N.; Chen, K.G.; Park, ] K.; Zheng, W.
Advancing precision medicine with personalized drug screening. Drug Discov. Today 2019, 24, 272-278. [CrossRef] [PubMed]


https://doi.org/10.3389/fneur.2023.1212024
https://doi.org/10.1038/s41598-022-17805-9
https://doi.org/10.1080/21678421.2023.2285443
https://doi.org/10.7763/IJCTE.2015.V7.999
https://doi.org/10.1007/978-3-030-16391-4_11
https://www.ncbi.nlm.nih.gov/pubmed/31209850
https://doi.org/10.1039/C9SC04336E
https://www.ncbi.nlm.nih.gov/pubmed/34123272
https://doi.org/10.1097/MS9.0000000000001320
https://www.ncbi.nlm.nih.gov/pubmed/37915639
https://doi.org/10.1109/JPROC.2006.880671
https://doi.org/10.33920/med-14-2008-07
https://doi.org/10.37421/ijn.2020.7.368
https://doi.org/10.1002/med.21528
https://doi.org/10.1016/S1474-4422(17)30115-1
https://doi.org/10.1093/hmg/ddt425
https://doi.org/10.3389/fnagi.2022.914017
https://doi.org/10.1016/j.drudis.2017.11.010
https://www.ncbi.nlm.nih.gov/pubmed/29155026
https://doi.org/10.1038/s41591-022-01897-x
https://www.ncbi.nlm.nih.gov/pubmed/35864254
https://doi.org/10.3390/jcm12031098
https://www.ncbi.nlm.nih.gov/pubmed/36769745
https://doi.org/10.2196/31461
https://doi.org/10.1186/s10020-023-00603-y
https://doi.org/10.1002/med.21706
https://doi.org/10.1096/fasebj.2019.33.1_supplement.843.11
https://doi.org/10.1007/s00401-017-1785-8
https://doi.org/10.1002/jnr.24583
https://doi.org/10.1016/j.brainres.2019.05.013
https://doi.org/10.1016/S2589-7500(20)30192-8
https://www.ncbi.nlm.nih.gov/pubmed/32984792
https://doi.org/10.1016/j.drudis.2018.08.010
https://www.ncbi.nlm.nih.gov/pubmed/30125678

Int. J. Mol. Sci. 2025, 26, 4346 22 0f 23

125.
126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

Smalley, E. Al-powered drug discovery captures pharma Interest. Nat. Biotechnol. 2017, 35, 604—605. [CrossRef]

Harrold, J.M.; Ramanathan, M.; Mager, D.E. Network-based approaches in drug discovery and early development.
Clin. Pharmacol. Ther. 2013, 94, 651-658. [CrossRef]

Aliyeva, A. Transhumanism: Integrating cochlear implants with artificial intelligence and the brain-machine interface. Cureus
2023, 15, €50378. [CrossRef]

Migliorelli, L.; Scoppolini Massini, L.; Coccia, M.; Villani, L.; Frontoni, E.; Squartini, S. A deep learning-based Telemonitoring
application to automatically assess oral diadochokinesis in patients with bulbar amyotrophic lateral sclerosis. Comput. Methods
Programs Biomed. 2023, 242, 107840. [CrossRef]

Card, N.S.; Wairagkar, M.; Iacobacci, C.; Hou, X.; Singer-Clark, T.; Willett, ER.; Kunz, E.M.; Fan, C.; Vahdati Nia, M.; Deo, D.R,;
et al. An accurate and rapidly calibrating speech neuroprosthesis. N. Engl. . Med. 2024, 391, 609—-618. [CrossRef]

Azzaz, F; Yahi, N.; Chahinian, H.; Fantini, J. The Epigenetic Dimension of Protein Structure is an intrinsic weakness of the
AlphaFold program. Biomolecules 2022, 12, 1527. [CrossRef]

Fantini, J.; Azzaz, F; Di Scala, C.; Aulas, A.; Chahinian, H.; Yahi, N. Conformationally adaptive therapeutic peptides for
diseases caused by intrinsically disordered proteins (IDPs). New paradigm for drug discovery: Target the target, not the arrow.
Pharmacol. Therapeutics. 2025, 267, 108797. [CrossRef]

Zhang, L.; Hong, H. Genomic discoveries and personalized medicine in neurological diseases. Pharmaceutics 2015, 7, 542-553.
[CrossRef]

Luo, M.; Lee, LK.C.; Peng, B.; Choi, C.H.J.; Tong, W.Y.; Voelcker, N.H. Delivering the promise of gene therapy with nanomedicines
in treating central nervous system diseases. Adv. Sci. 2022, 9, €2201740. [CrossRef] [PubMed]

Ahmed, H.; Hamad, S.; Shedeed, H.A.; Hussein, A.S. Enhanced deep learning model for personalized cancer treatment.
IEEE Access 2022, 10, 106050-106058. [CrossRef]

Kale, M.; Wankhede, N.; Pawar, R.; Ballal, S.; Kumawat, R.; Goswami, M.; Khalid, M.; Taksande, B.; Upaganlawar, A.; Umekar,
M.; et al. Al-driven innovations in Alzheimer’s disease: Integrating early diagnosis, personalized treatment, and prognostic
modeling. Aging Res. Rev. 2024, 101, 102497. [CrossRef] [PubMed]

Marriott, H.; Kabiljo, R.; Hunt, G.P,; Khleifat, A.A.; Jones, A.; Troakes, C.; Project MinE ALS Sequencing Consortium; TargetALS
Sequencing Consortium; Pfaff, A.L.; Quinn, ].P; et al. Unsupervised Machine Learning Identifies Distinct ALS Molecular Subtypes
in Post-Mortem Motor Cortex and Blood Expression Data. Acta Neuropathol. Commun. 2023, 11, 208. [CrossRef]

Kermany, D.S.; Goldbaum, M.; Cai, W.; Valentim, C.C.S.; Liang, H.; Baxter, S.L.; McKeown, A.; Yang, G.; Wu, X; Yan, F; et al.
Identifying Medical Diagnoses and Treatable Diseases by Image-Based Deep Learning. Cell 2018, 172, 1122-1131.€9. [CrossRef]

van der Velden, B.H.M.; Kuijf, H.J.; Gilhuijs, K.G.A.; Viergever, M.A. Explainable artificial intelligence (XAI) in deep learning-
based medical image analysis. Med. Image Anal. 2022, 79, 102470. [CrossRef]

Sheu, R.-K ; Pardeshi, M.S. A survey on medical explainable AI (XAI): Recent progress, explainability approach, human interaction
and scoring system. Sensors 2022, 22, 8068. [CrossRef]

Pierce, R.; Sterckx, S.; Van Biesen, W. A riddle, wrapped in a mystery, inside an enigma: How semantic black boxes and opaque
artificial intelligence confuse medical decision-making. Bioethics 2022, 36, 113-120. [CrossRef]

Anderson, M.; Anderson, S.L. How Should Al Be developed, validated, and implemented in Patient Care? AMA J. Ethics 2019, 21,
E125-E130. [CrossRef]

Yu, F.; Moehring, A.; Banerjee, O.; Salz, T.; Agarwal, N.; Rajpurkar, P. Heterogeneity and predictors of the effects of Al assistance
on radiologists. Nat. Med. 2024, 30, 837-849. [CrossRef]

Lauraitis, A.; Maskelifinas, R.; Damasevicius, R.; Potap, D.; WozZniak, M. A smartphone application for automated decision
support in cognitive task based evaluation of central nervous system motor disorders. IEEE ]. Biomed. Health Inform. 2019, 23,
1865-1876. [CrossRef] [PubMed]

Elm, J.].; Daeschler, M.; Bataille, L.; Schneider, R.; Amara, A.; Espay, A].; Afek, M.; Admati, C.; Teklehaimanot, A.; Simuni, T.
Feasibility and utility of a clinician dashboard from wearable and mobile application Parkinson’s disease data. npj Digit. Med.
2019, 2, 95. [CrossRef] [PubMed]

Papaiz, F; Dourado, M.E.T.; Valentim, R.A.M.; de Morais, A.H.E; Arrais, ].P. Machine learning solutions applied to amyotrophic
lateral sclerosis prognosis: A review. Front. Comput. Sci. 2022, 4, 869140. [CrossRef]

Musk, E.; Neuralink. An integrated brain-machine interface platform with thousands of channels. |. Med. Internet Res. 2019,
21, €16194. [CrossRef]

Bartus, R.T.; Weinberg, M.S.; Samulski, R.J. Parkinson’s disease gene therapy: Success by design meets failure by efficacy.
Mol. Ther. 2014, 22, 487-497. [CrossRef]

Oliveira, A.A.; Haeser, A.; Pranke, P. Stem cell grafts as therapeutic tools for central nervous system disorders. Psychol. Neurosci.
2008, 1, 47-54. [CrossRef]


https://doi.org/10.1038/nbt0717-604
https://doi.org/10.1038/clpt.2013.176
https://doi.org/10.7759/cureus.50378
https://doi.org/10.1016/j.cmpb.2023.107840
https://doi.org/10.1056/NEJMoa2314132
https://doi.org/10.3390/biom12101527
https://doi.org/10.1016/j.pharmthera.2025.108797
https://doi.org/10.3390/pharmaceutics7040542
https://doi.org/10.1002/advs.202201740
https://www.ncbi.nlm.nih.gov/pubmed/35851766
https://doi.org/10.1109/ACCESS.2022.3209285
https://doi.org/10.1016/j.arr.2024.102497
https://www.ncbi.nlm.nih.gov/pubmed/39293530
https://doi.org/10.1186/s40478-023-01686-8
https://doi.org/10.1016/j.cell.2018.02.010
https://doi.org/10.1016/j.media.2022.102470
https://doi.org/10.3390/s22208068
https://doi.org/10.1111/bioe.12924
https://doi.org/10.1001/amajethics.2019.125
https://doi.org/10.1038/s41591-024-02850-w
https://doi.org/10.1109/JBHI.2019.2891729
https://www.ncbi.nlm.nih.gov/pubmed/30629520
https://doi.org/10.1038/s41746-019-0169-y
https://www.ncbi.nlm.nih.gov/pubmed/31583283
https://doi.org/10.3389/fcomp.2022.869140
https://doi.org/10.2196/16194
https://doi.org/10.1038/mt.2013.281
https://doi.org/10.3922/j.psns.2008.1.008

Int. J. Mol. Sci. 2025, 26, 4346 23 0f 23

149. Liyao, R. Design innovation driven by artificial intelligence Al multifunctional wheelchair design based on the needs of patients
with ALS. J. Phys. Conf. Ser. 2021, 1880, 012022. [CrossRef]
150. Haglin, ].M.; Jimenez, G.; Eltorai, A.E.M. Artificial neural networks in medicine. Health Technol. 2019, 9, 1-6. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1088/1742-6596/1880/1/012022
https://doi.org/10.1007/s12553-018-0244-4

	Introduction 
	Methodology 
	AI for Screening and Diagnosis of ALS 
	Diagnosis of Neurodegenerative Diseases 
	Integration and Impact of AI in ALS Diagnosis 

	Application of AI in ALS Biomarkers 
	Role of Biomarkers in Neurodegenerative Diseases 
	Role of Biomarkers in ALS 
	Research on the Development of Biomarkers for ALS Using AI 

	New Approaches to ALS Treatment 
	Development of Future ALS Treatment Methods 
	Development of Therapeutic Strategies Using AI 
	Progress in Personalized Medicine 
	Advantages and Limitations of AI Technology 
	Future Impact of AI on ALS Treatment Strategies 
	Issues in Translational Research Using AI 
	Future Prospects for AI Technology in ALS 

	Conclusions 
	References

