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ABSTRACT

Neurodegenerative diseases pose significant challenges in
diagnosis and management due to their progressive nature
and overlapping clinical presentations. Recent advancements
in artificial intelligence, particularly machine learning, and
deep learning techniques, have shown promising results in
improving the diagnostic accuracy and evaluation of these
conditions. This review explores the cutting-edge applications
of these techniques in the diagnosis and evaluation of
Parkinson's Disease, Multiple System Atrophy, Dementia with
Lewy Bodies, and Progressive Supranuclear Palsy since they
share similar clinical presentation in their initial period. By
examining the latest research and advancements, we highlight
the potential of these Al-driven approaches to revolutionize
the field of neurodegenerative disease management, enhance
diagnostic accuracy, enable early intervention, and ultimately

improve patient outcomes.
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Introduction
Neurodegenerative diseases, a group of
debilitating
progressive degeneration

conditions characterized by

and death of
neurons in the brain and spinal cord, are
increasingly prevalent in the aging population
worldwide'. The need for early and accurate
diagnosis of neurodegenerative diseases is
growing, given the emergence of potential
disease-modifying treatments and ongoing
clinical trials>>. This alarming trend highlights
the important challenge clinicians face in
discerning disease states, as they differentiate
between early symptoms based solely on
clinical information or those discovered by
neuropsychological testing, which can be
subjective and prone to error. The consequences
of misdiagnosis can be severe, leading to
inappropriate treatment regimens, delayed
access to care, and adverse impacts on
patients' quality of life. Delays in diagnosis
often result in prolonged distress, increased
healthcare expenses, and missed opportunities

for research®”.

Although a large number of neurodegenerative
diseases have been defined, we target the
ones with the highest prevalence and
representative of the neurodegenerative
spectrum'®. Further, while Alzheimer's disease
(AD) is the most common neurodegenerative
disorder globally, several previous reviews
have extensively covered the applications of
artificial intelligence (Al) in its diagnosis and
analysis, so this review will not repeat that.
The reader is referred to: Tdutan et al.’, Yao et

al.”, and Borchert et al."2.

Obtaining an accurate and definitive
diagnosis for neurodegenerative diseases is a

complex process, with brain imaging playing

a crucial role. The analysis of these complex
brain images, however, can be subjective and
prone to variability among clinicians'™ ™. This
highlights the need for advanced techniques,
such as machine learning and deep learning,
to enhance diagnostic accuracy and
consistency in the interpretation of structural

brain MRI data.

Among neurodegenerative  Parkinsonian
disorders, Progressive Supranuclear Palsy
(PSP), Multiple System Atrophy-Parkinsonian
subtype (MSA-P), and Dementia with Lewy
Bodies (DLB) follow Parkinson’s Disease (PD)
in prevalence. Despite advances in medical
technology, up to 20% of patients with

neurodegenerative diseases may receive an

incorrect initial diagnosis'. Their early
diagnosis is complicated by shared clinical
and neuropathological traits”'¢"’.

While single-photon emission computed
tomography (SPECT) offers differential
diagnostic  advantages®”'®%,  Magnetic

Resonance Imaging (MRI), particularly through

longitudinal studies, has superior
performance and is preferred due to lower
cost and greater accessibility?™?. MRl can also
help to identify other disease processes that
might initially be confusing. With its superior
ability to render high-resolution images of
brain anatomical structures, MRI provides
precise differentiation between gray and
white matter, enabling the detection of subtle
changes associated with these conditions?%.
As the disease progresses, MRI can clearly
depict the widening and deepening of
which are

cerebral sulci and ventricles,

hallmarks of neurodegeneration?”. The
Magnetic Resonance Parkinsonism Index
(MRPI 2.0) aids in differential diagnosis'®'?2¢-

. Despite the advantages offered by MRI, the
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interpretation of these complex brain images
can be subjective, prone to variability among
clinicians', and inaccuracies can arise from
asymmetry in brainstem atrophy'’ ', While
MRI findings like the ‘hummingbird’, ‘Mickey
mouse’, and ‘hot cross-bun’ signs can aid
early diagnosis when present, similar early-
stage symptoms pose challenges in accurately

distinguishing these conditions’3"323537,

This limitation underscores the need for
Artificial
Intelligence (Al) driven analysis, to enhance

advanced techniques, such as
diagnostic accuracy and consistency. By

leveraging machine learning and deep

learning algorithms, researchers aim to
develop automated systems capable of
analyzing structural brain MRI data, extracting
relevant features, and providing objective and

reliable diagnostic support**=¢-4°,

In this narrative review, we will explore the
cutting-edge applications of machine learning
and deep learning techniques in the analysis
of brain imaging data for the diagnosis and
evaluation of Parkinson's Disease, Multiple
System Atrophy, Dementia with Lewy Bodies,
and Progressive Supranuclear Palsy. We will
examine  the  latest research  and
advancements in these Al-driven approaches,
discussing their potential to revolutionize the
field  of

management. By exploring the current state

neurodegenerative  disease
of the art and future directions, we aim to
highlight how these sophisticated techniques
can enhance diagnostic accuracy, enable early
intervention, and ultimately improve patient
outcomes. Furthermore, we will address the
challenges and limitations associated with
implementing these Al methodologies in
clinical and discuss

practice potential

solutions to overcome these obstacles.

Parkinson’s Disease

Deep learning is increasingly recognized for
its influence across multiple aspects of
disease (PD)

encompassing  diagnosis,

Parkinson's management,
evaluation  of
neurological impairment, forecasting disease
progression, and the detection of subtle

motor features.

Recent studies harnessed deep learning
approaches to improve the diagnosis and
future outlook of PD, utilizing an array of
medical imaging techniques such as MRI and
(PET)"2.
Wang et al. developed a PD diagnostic model

positron emission tomography
using T1-weighted MRI images, achieving

area under the receiver operating
characteristic curve (AUC) scores of 0.901 and
0.845 in internal and external testing cohorts,
respectively. Dinnwald et al. employed a 3D-
Unet model for the precise localization and
segmentation of the locus coeruleus in aging
and Parkinson's disease cohorts, utilizing
neuromelanin-sensitive MRI to demonstrate
the model's effectiveness®. Furthermore, Wu
et al. demonstrated that a deep learning
algorithm applied to 18F-FDG PET images

achieved a diagnostic accuracy of 98.6%".

Deep learning has also been utilized for the
prediction of PD progression, prognosis in PD
patients, and assessment of severity of
neurological dysfunction in PD*", As shown
by Kaur et al., predicting gait disturbances
and classifying tremor types in PD patients
advanced by DL
methodologies. This study is the first attempt

have also been
to apply and demonstrate the potential of DL
with a multi-view digital camera-based gait
analysis framework for neurological gait

dysfunction prediction. They presented a
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comprehensive quantitative comparison of 16
diverse traditional machine and deep learning
algorithms. The results indicated that multi-
scale residual neural networks achieved the
highest levels of accuracy and AUC, at 78.1%
and 0.87, respectively®.

For instance, Ahn et al. developed an
algorithm using fundus photography and
deep learning to predict the Hoehn and Yahr
(H-Y) scale and Unified Parkinson’s Disease
Rating Scale part Il (UPDRS-IIl) score among
patients with PD*. Leung et al.employed
deep learning for the prognosis of PD,
showcasing its ability to forecast the course of
the disease and contribute to the

management of patients®.

Collectively, these investigations illuminate
the significant role of deep learning in
delivering precise and efficient diagnostic and
classification systems for PD symptomatology.

Multiple system atrophy

Multiple system atrophy (MSA) is a severe

rapid-onset  neurodegenerative  disease
resulting in atrophy of several midbrain
structures (Figure 1). Its prevalence is low, and
as a consequence, the number of studies
using computational approaches for its

characterization is limited32°°,

Figure 1. Pontine atrophy, cerebellar atrophy, and enlargement of the fourth ventricle in

probable multiple systems atrophy (MSA) on sagittal T1-weighted images. (a) Absent, (b)

moderate, and (c) severe®’.

A major challenge in diagnosing MSA is
differentiating it from other Parkinsonian
syndromes, such as Parkinson's disease (PD)
and progressive supranuclear palsy (PSP).
Duchesne et al.*" reported that the initial error
clinical

rate for diagnosis of idiopathic

Parkinson's disease (IPD) against other

7

Parkinson Plus Syndromes (PPS) could reach
up to 35%. To address this issue, they
developed an automated technique based on
structural, cross-sectional T1-weighted (T1w)
magnetic resonance imaging (MRI) to perform
differential classification of IPD patients versus
those with either PSP or MSA. The system
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achieved 91% accuracy, 88% specificity, and
93% sensitivity, demonstrating the potential
of Al-based approaches in assisting the
differential diagnosis of IPD versus PSP and MSA.

Kanatani et al.”® examined the validity of MSA
diagnosis using a pointwise linear model
(deep learning-based method) and identified
features associated with disease
differentiation. The study used a large dataset
of 3,377 registered MSA cases. It estimated
the diagnostic probabilities of striatonigral
degeneration (SND) to be 0.852 + 0.107, Shy-
Drager syndrome (SDS) to be 0.650 % 0.235,
and olivopontocerebellar atrophy (OPCA) to
be 0.858 * 0.270. The model also identified
autonomic dysfunction, respiratory failure,
dysphagia, and brain-stem
characteristic features of SDS, SND, and
OPCA, respectively.

atrophy as

Tsuda et al.> aimed to differentiate the
Parkinson's variant of MSA (MSA-P) from PD in
the early stages using neural network (NN)
analyses before the ‘hot cross-bun’ and
putaminal rim imaging features of MSA
appeared. The analysis involved data from
voxel-based morphometry (VBM) and magnetic
resonance spectroscopy (MRS). The study
found that MSA-P patients showed atrophy in
various brain regions compared to PD patients,
and NNs contributed to the clinical diagnosis
when using both VBM and MRS data.

Rau et al.® determined the performance of a
Deep Neural Patchwork (DNP) in comparison
to the established segmentation algorithms
for delineating the putamen in MSA, PD, and
healthy controls. The DNP achieved a Dice
coefficient of 0.96, significantly outperforming

other methods. The DNP-based segmentation

was also more capable of differentiating
between MSA and PD than other algorithms.

Tan et al> employed a deep learning
approach to differentiate between PD and
MSA based on MR and PET/CT images. The
study used the nnU-Net network to segment
the putamen and caudate nucleus regions in
MRl images and convolutional neural
networks (CNNs) for classification. The nnU-
Net achieved a Dice score of 84.92% in the
segmentation task, and the CNNs could
distinguish PD from MSA with an accuracy of

89.71% and an AUC of 0.87.

Nemmi et al.>> developed a fully data-driven
analysis pipeline to discriminate between PD,
MSA, and healthy controls (HC) using a MRI
3D T1
magnetization prepared rapid gradient-echo
(MPRAGE) and transverse T2 fluid-attenuated
inversion recovery (T2-FLAIR). The pipeline

protocol that included sagittal

combined several feature selection and
reduction steps to obtain interpretable models
with just a few discriminant features. The study
achieved accuracies of 0.78, 0.94, and 0.88 for
discriminating between PD and HC, MSA and
HC, and PD and MSA, respectively. The
results showed that indices derived from
resting-state fMRI| alone could discriminate
between PD and HC, while mean diffusivity in
the cerebellum and the putamen alone could

discriminate between MSA and HC.

Jucaite et al.>® assessed the performance of
TSPO imaging as a diagnostic marker for MSA
using [M"1AC]PBR28 binding to TSPO in a
multicenter PET study. The study analyzed
imaging data of 66 patients with MSA and 24
patients with PD and found a pattern of
significantly increased regional glial TSPO
binding in patients with MSA. Visual reading
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discriminated MSA from PD with 100%
specificity and 83% sensitivity, while the
machine  learning

approach  improved

sensitivity to 96%.

Abos et al.”” investigated whether the strength
of structural connectivity between subcortical
structures, measured as the number of
streamlines (NOS) derived from tractography,
can be used to classify MSA and PD patients
at the single-patient level. The study found
reduced NOS in MSA compared with controls
and PD in connections between the putamen,
pallidum, ventral diencephalon, thalamus,
and cerebellum. The classification procedure
achieved an overall accuracy of 78%, with 71%
of the MSA subjects and 86% of the PD
patients correctly classified. The results suggest
that structural connectivity derived from
tractography has the potential to correctly

distinguish between MSA and PD patients.

Coll et al.>®® CNNs to MRI data to predict the
course of multiple sclerosis (MS) and identify
key disease mechanisms leading to disability
accumulation. The study used T1-weighted
and T2-FLAIR brain MRl sequences from a
cohort of patients prospectively followed after
a first demyelinating attack. The CNN model
achieved a mean accuracy of 79% and proved
to be superior to the equivalent logistic
regression model (77%). The attention-map
analyses revealed the predominant role of the
frontotemporal cortex and cerebellum for
CNN decisions, suggesting that the mechanisms
leading to disability accrual exceed the mere

presence of brain lesions or atrophy.

Kim et al.? developed a fully automated

volumetric diagnostic decision tree to

facilitate early and accurate differential

diagnosis of neurodegenerative movement

disorders (NMDs), including MSA, PSP, and
PD. The study used 3DT1 MRI from 171 NMD
patients and 171 matched healthy subjects
and produced decision trees employing
substructure volumes and a novel volumetric
pons-to-midbrain ratio (3D-PMR). The optimal
tree separating NMD from healthy subjects
achieved a sensitivity of 84%, specificity of
94%, accuracy of 84%, and kappa of 0.69 in
cross-validation. The optimal tree restricted to
NMD  patients  vyielded  sensitivities/
specificities of 94/84% for MSA, 72/96% for
PSP, and 73/92% for PD, with 79% accuracy
and 0.62 kappa.

Tupe-Waghmare et al.®® explored the
feasibility of radiomics features extracted from
T1-weighted MRI to differentiate PD from
atypical parkinsonian syndromes (APS). The
study computed radiomics features from T1
images of 65 patients with PD, 61 patients
with APS (31: PSP and 30: MSA), and 75
healthy controls (HC). The PD vs. HC classifier
illustrated an accuracy of 70%, while the PD
vs. APS classifier demonstrated a superior test
accuracy of 92%. Moreover, a 3-way PD/MSA/

PSP classifier was performed with 96% accuracy.

Bu et al.®® investigated the potential of
radiomics with multiple parameters from
conventional T1-weighted imaging (T1WI)
and susceptibility-weighted imaging (SWI) in
distinguishing between idiopathic Parkinson's
disease (PD) and multiple system atrophy
(MSA). The study used 2,640
features extracted from both T1WI and SWI
scans of 57 patients with PD, 74 with MSA,
and 70 healthy control (HCs) individuals. The
light gradient boosting machine (LGBM)

radiomic

model trained by the features combination of
T1WI and SWI exhibited the most outstanding
differential performance in both the three-
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class classification task of MSA vs. PD vs. HC
and the binary classification task of MSA vs.
PD, with an accuracy of 0.814 and 0.854, and
an AUC of 0.904 and 0.881, respectively.

Progressive Supranuclear Palsy
(PSP), a
disorder,

Progressive Supranuclear Palsy

devastating neurodegenerative
poses significant diagnostic challenges due to
its overlapping clinical presentations with

other Parkinsonian syndromes®. Accurate and

early diagnosis is crucial for initiating

appropriate  treatment  strategies and
improving patient outcomes. In recent years,
the advent of artificial intelligence (Al) and
machine learning techniques has opened new
frontiers in addressing these diagnostic
challenges, offering the potential for a more
objective and reliable assessment of PSP?1¢"7.
While some cases demonstrate a common
imaging appearance (Figure 2), not all do,

resulting in a diagnostic challenge.

Figure 2: Hummingbird sign, a classic MRl presentation of PSP-RS?® which reflects the atrophy

particularly of the pons, resulting in the hummingbird shape.

One of the pioneering studies in this field was
conducted by Salvatore et al.®! (Figure 3), who
employed a supervised machine learning
algorithm to analyze morphological T1-
weighted Magnetic Resonance Imaging (MRI)

mesencephalon

data from patients with Parkinson's disease
(PD), PSP, and healthy controls. By combining
Principal Component Analysis for feature
extraction and Support Vector Machines
(SVMs) for their

classification, algorithm
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achieved remarkable accuracy, sensitivity =
94.4%, and 91.3%
distinguishing individual cases of PD, PSP,

specificity = in

and healthy controls. Notably, the critical

brain regions influencing the classification

between PD and PSP patients, such as the
and
thalamus, are known to be heavily involved in

midbrain, pons, corpus callosum,

the pathophysiological mechanisms of PSP.

Figure 3. Maps of voxel-based pattern distribution of brain structural differences (sagittal view,

threshold = 60%). The importance of each voxel in the SVM classification is expressed according
to the color scale. A, PD versus Controls; B, PSP versus controls; C, PSP versus PD; PD,
Parkinson's disease; PSP, Progressive Supranuclear Palsy®'.

PD Vs HC

G"?\
4

PSP Vs HC

PSP vs PD

o

Building on this approach, Focke et al.®?

leveraged voxel-based morphometry (VBM)
and SVM
classification of PSP cases from idiopathic

analysis to enable individual
Parkinson's syndrome and healthy controls.
Their SVM analysis allowed for reliable
classification of individual PSP cases with up
to 96.8% accuracy, 90% sensitivity, and 100%
specificity. These results demonstrated the
potential for translating VBM findings into

clinically useful tools for differential diagnosis.

In another study, Singh et al.®* proposed a
novel synergetic paradigm integrating Kohonen
self-organizing maps (KSOM) and least-

squares support vector machines (LS-SVM) for

of
including

individual-level  clinical ~ diagnosis

neurodegenerative diseases,
Parkinson's disease (PD). Their unsupervised
approach involved extracting features from
preprocessed brain MRIs using KSOM, which
were then fed into LS-SVM for subject
classification. Remarkably, they achieved up
to 99% classification accuracy for differential
diagnosis of PD with a 99.9% confidence interval,
T1-weighted MRIs from the
Parkinson's Progression Markers Initiative (PPMI)

database. This study highlighted the potential

using 831

of unsupervised learning techniques, coupled
with powerful classifiers, to serve as first-line
diagnostic tools for early-stage PD and other
neurodegenerative diseases.
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Duchesne et al.>' took a different approach,
employing an automated technique based on
structural MRI in the hindbrain
region. Their method achieved 91% accuracy,
88% specificity, and 93%
differentiating PSP (Figure 4) and Multiple

features

sensitivity in

System Atrophy (MSA) from idiopathic PD.
These findings highlighted the potential of
quantitative parameters derived from MRI
data to assist in the differential diagnosis of
Parkinsonian syndromes, thereby reducing

initial clinical error rates.

Figure 4. Mesencephalon atrophy in probable progressive supranuclear palsy (PSP) on sagittal

T1-weighted images. (a) Absent, (b) moderate, and (c) Severe.”’

Recognizing the limitations of relying solely
on structural MRI data, researchers have
explored the potential of other neuroimaging
modalities, such as diffusion tensor imaging
(DTI) and susceptibility-weighted imaging
(SWI). Haller et al.®* employed SVM-based
pattern recognition of DTI data, accurately
detecting patients with PD among those with
suspected PD at an individual level, with
accuracies up to 97%. Their subsequent
study®® using SVM analysis of SWI data
demonstrated accurate discrimination of PD
among patients with various forms of
Parkinsonism despite the absence of visually

detectable alterations.

In a more recent study, Illan-Gala et al.®®
conducted a comprehensive assessment of

the diagnostic value of various MRI-based

measures of cerebral atrophy in differentiating
PSP, Corticobasal Degeneration (CBD), and
Their
findings demonstrated that a combination of

other neurodegenerative diseases.
cortical and subcortical atrophy measures
achieved excellent diagnostic accuracy, even
in participants without the canonical clinical
presentations of PSP or CBD at the time of
MRI acquisition. This study underscored the
potential of structural MRI analysis to support
the diagnosis of these tauopathies in diverse

clinical scenarios.

Moving beyond structural imaging, Wu et al.®’
developed deep metabolic imaging indices
based on deep learning analysis of 18F-FDG
PET data from a large Parkinsonian patient
database. Their approach exhibited robust
performance in differentiating PD, MSA, and
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PSP, with high sensitivity and specificity rates,
even when applied to an external cohort with
different imaging acquisition protocols. This
study highlighted the potential of Al-driven
metabolic imaging analysis to provide
accurate differential diagnosis of parkinsonism,
clinical

addressing  the overlap in

presentations among these conditions.

Recognizing the importance of

neuropathological ~ assessment in  the
diagnosis of PSP, Koga et al.®® took a unique
approach by developing a machine learning-
based decision tree classifier for the
differential diagnosis of PSP and CBD. By
analyzing tau pathology scores in specific
brain regions, their decision tree achieved
remarkable accuracy in distinguishing PSP and
CBD cases, simplifying the neuropathological
differential diagnosis process. This study
of Al-driven

analysis to enhance diagnostic accuracy at the

underscored the potential

neuropathological level.

These studies collectively highlight the
immense potential of Al and machine learning
techniques in improving the diagnosis of PSP,
a condition that has historically been

challenging to  diagnose  accurately,
particularly in its early stages. By leveraging

various  neuroimaging modalities  and

advanced computational methods,
researchers are paving the way for more
reliable and objective diagnostic tools, which
could ultimately lead to earlier intervention,

treatment  strategies, and

69,70

personalized
improved patient outcomes

Dementia with Lewy bodies
Dementia with Lewy bodies (DLB) is a
prominent

neurodegenerative  condition

marked by the accumulation of Lewy bodies
in the brain. Accounting for 25-45% of
dementia cases, Lewy body pathology is
frequently identified during autopsies,
making it one of the leading causes of
dementia’’. While DLB presents challenges in
diagnosis and management due to its overlap
with other dementias and under-detection,
efforts are being made to improve diagnostic

rates 2.

Nevertheless, recent progress in
machine learning and deep learning has been
encouraging in improving the diagnosis and
distinction of DLB from other dementia forms.
highlighted the

effectiveness of deep learning algorithms,

Several studies have
especially support vector machines and deep
learning models, in predicting the onset of AD
from its early stages and in differentiating
between various forms of dementia, including
DLB, PD Dementia, and AD’374

models employ imaging techniques such as

Several

fluorodeoxyglucose (FDG) PET and structural
MRI to estimate discrepancies in brain age
and detect metabolic patterns unique to
DLB75—77.
classifiers have been developed to distinguish

Furthermore, machine learning
among prevalent dementia syndromes using
FDG PET scans, offering valuable support in
differential diagnosis’®. Additionally, Lizuka et
al. showcased the effectiveness of deep
learning in pinpointing specific imaging markers,
like the cingulate island sign, in DLB patients
using PET images. This study employed a
deep CNN for autonomous feature extraction,
underscoring deep learning's potential in

image classification and recognition).

Furthermore, studies have explored using
EEG and quantitative electroencephalogram
(QEEG) in diagnosing and differentiating DLB
from AD. EEG has been investigated for its
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role in providing insights into the clinical
correlations of DLB and has shown the
potential in helping predict the prognosis of
the disease. Additionally, deep learning
models based on EEG spectrograms have
been utilized to identify patterns associated
with rapid eye movement behavior disorder,
a prodromal stage of esynucleinopathies that
PD, DLB, or

79-82

can progress to other

neurodegenerative diseases

In addition to the techniques mentioned,
deep learning integration has also been
promising in identifying crucial microRNA
signatures for various neurodegenerative
including DLB®.
learning classifiers that analyze
attributes

diseases, Furthermore,
machine
speech and language have
successfully differentiated between AD and
DLB, as evidenced by the work of Yamada et
al. Their study achieved impressive accuracy
rates: 87.0% in distinguishing AD from HC,
93.2% for DLB versus CN, and 87.4% for AD
compared to DLB, illustrating machine
learning's capacity to utilize non-imaging data

for precise diagnosis®.

Conclusion

In conclusion, the utilization of deep learning
in neurodegenerative diseases has made
significant progress in early diagnosis, disease
subtype classification, and understanding
disease mechanisms. As the field of deep
learning continues to mature, its applications
in neurodegenerative diseases are poised to
transition from theoretical explorations to
practical clinical tools. Some things that we

expect will occur in this field include:

First, since most of the above studies utilized

a single data type (e.g. T1-weighted MRI),

more efforts should be made to combine
imaging, -omics, and clinical data through
deep learning to produce multimodal deep
learning tools. This integration can create
more  comprehensive disease  models,
shedding light on the multifactorial nature of
neurodegeneration. By combining CT, MRI,
and PET scans with genomic and proteomic
data, deep learning models can generate
comprehensive analyses that may lead to
better diagnosis and treatment plans. This
integration could help identify early markers
of disease progression or predict individual
responses to treatment. Second,
interpretability remains a bottleneck in the
adoption of Al in healthcare. Research
dedicated to unraveling the "black box" of

neural networks will be essential.

Future research should focus on improving
model interpretability, allowing clinicians to
understand and trust Al-assisted tools. In
addition, current models need to effectively
estimate uncertainty in their predictions.
Researchers can focus on how customized
uncertainty metrics should be developed and
how these uncertainty measures can be
communicated to and utilized by healthcare
professionals®. Finally, with deep learning's
entry into the clinical realm, addressing data
bias and ethical considerations will take center
stage. Ensuring that Al systems serve diverse
populations equitably will require large
amounts of high-quality data for training and
diligent research oversight. By delving into
these areas, the field can move towards more
reliable Al

diagnosing and treating neurodegenerative

transparent and tools  for

diseases, ultimately improving patient care

and outcomes.
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Abbreviations:

Alzheimer's disease AD
Artificial Intelligence Al
cognitively normal CN
computed tomography CT
convolutional neural networks CNNs
Deep Neural Patchwork DNP
Dementia with Lewy Bodies DLB
diffusion tensor imaging DTI
electroencephalogram EEG
fluorodeoxyglucose FDG
healthy controls HC
Kohonen self-organizing maps KSOM
least-squares support vector machines LS-SVM
Magnetic Resonance Imaging MRI
magnetic resonance spectroscopy MRS
Multiple System Atrophy MSA
Number of streamlines NOS
olivopontocerebellar atrophy OPCA
operating characteristic curve AUC
Parkinson Plus Syndromes PPS
Parkinson's disease PD
Parkinson's variant of MSA MSA-P
Positron emission tomography PET
Progressive Supranuclear Palsy PSP
Shy-Drager syndrome SDS
Single-photon emission computed tomography SPECT
Striatonigral degeneration SND
T1-weighted imaging T1WI
Voxel-based morphometry VBM
Translocator Protein TSPO
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