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Deep learning for Parkinson’s disease s
classification using multimodal and multi-
sequences PET/MR images

Yan Chang'?", Jiajin Liu®", Shuwei Sun®, Tong Chen* and Ruimin Wang®"

Abstract

Background We aimed to use deep learning (DL) techniques to accurately differentiate Parkinson’s disease (PD)
from multiple system atrophy (MSA), which share similar clinical presentations. In this retrospective analysis, 206
patients who underwent PET/MR imaging at the Chinese PLA General Hospital were included, having been clinically
diagnosed with either PD or MSA; an additional 38 healthy volunteers served as normal controls (NC). All subjects
were randomly assigned to the training and test sets at a ratio of 7:3. The input to the model consists of 10 two-
dimensional (2D) slices in axial, coronal, and sagittal planes from multi-modal images. A modified Residual Block
Network with 18 layers (ResNet18) was trained with different modal images, to classify PD, MSA, and NC. A four-fold
cross-validation method was applied in the training set. Performance evaluations included accuracy, precision, recall,
F1 score, Receiver operating characteristic (ROC), and area under the ROC curve (AUQC).

Results Six single-modal models and seven multi-modal models were trained and tested. The PET models
outperformed MRI models. The ''C-methyl-N-23-carbomethoxy-3B-(4-fluorophenyl)-tropanel ("' C-CFT) -Apparent
Diffusion Coefficient (ADC) model showed the best classification, which resulted in 0.97 accuracy, 0.93 precision, 0.95
recall, 0.92 F1,and 0.96 AUC. In the test set, the accuracy, precision, recall, and F1 score of the CFT-ADC model were
0.70,0.73,0.93, and 0.82, respectively.

Conclusions The proposed DL method shows potential as a high-performance assisting tool for the accurate
diagnosis of PD and MSA. A multi-modal and multi-sequence model could further enhance the ability to classify PD.
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Background

Parkinson’s disease (PD) and multiple system atrophy
(MSA) are neurodegenerative disorders with overlap-
ping motor symptoms, such as bradykinesia and rigidity,
yet they differ significantly in prognosis and treatment.
PD, characterized by the loss of dopaminergic neurons,
typically responds to levodopa therapy [1]. In contrast,
MSA, a rapidly progressive a-synucleinopathy affecting
autonomic and cerebellar systems, lacks effective dis-
ease-modifying treatments [2]. With misdiagnosis rates
exceeding 20%, many patients receive inappropriate ther-
apies and experience delayed interventions, underscoring
the critical need for accurate differentiation [3].

Current diagnostic methods predominantly rely on
clinical criteria, including levodopa responsiveness and
the presence of autonomic dysfunction [4]. However,
these features often emerge late in the disease course,
delaying definitive diagnosis. Current imaging biomark-
ers for PD and MSA include structural and functional
modalities [5]. Magnetic resonance imaging (MRI) tech-
niques, such as T1- and T2-weighted sequences, detect
atrophy in the putamen or pons, which is suggestive of
MSA, but these structural changes often manifest late,
limiting early diagnostic utility [6]. Diffusion-weighted
imaging (DWI) and apparent diffusion coefficient (ADC)
maps reveal microstructural abnormalities, such as ele-
vated putaminal diffusivity in MSA, yet lack specificity
for atypical parkinsonian syndromes [7]. Positron emis-
sion tomography (PET) imaging provides functional
insights. Dopamine transporter (DAT) ligands such as
"1C-methyl-N-2B-carbomethoxy-3p-(4-fluorophenyl)-
tropanel (!C-CFT) quantify presynaptic dopaminergic
deficits, a hallmark of PD, while '®F-fluorodeoxyglucose
("®F-FDG) PET assesses regional glucose metabolism,
distinguishing PD (e.g., lentiform nucleus hypermetabo-
lism) from MSA (e.g., cerebellar hypometabolism) [5, 8,
9]. However, single-modality approaches are limited by
subjectivity in interpretation, inter-rater variability, and
insufficient sensitivity for early-stage differentiation. For
instance, CFT-PET cannot reliably distinguish PD from
MSA due to overlapping nigrostriatal degeneration, while
FDG-PET patterns require expert analysis and lack stan-
dardized quantification. These limitations highlight the
need for computational tools that integrate multimodal
data to capture multifactorial pathophysiology.

The rationale for combining FDG- and CFT-PET lies in
their complementary insights. CET-PET directly assesses
dopaminergic integrity-a hallmark of PD, while FDG-
PET reveals the downstream metabolic consequences of
neurodegeneration. In MSA, cerebellar hypometabolism
and putaminal ADC abnormalities provide distinct diag-
nostic signatures. Moreover, FDG- and CFT-PET, when
combined with computational algorithms based on pat-
tern recognition and machine learning, are beginning to

Page 2 of 11

address these challenges and have significantly advanced
our understanding of the morphological changes
observed in PD and MSA. Multiple neuroimaging bio-
markers are especially suited for assessing the neuro-
degenerative process, as neuronal dysfunction spreads
along discrete brain networks in a highly repeatable pat-
tern across patients, despite the clinical heterogeneity of
the disease [10]. Numerous machine learning and deep
learning (DL) methods have been developed for PD diag-
nosis. Gabriel [11] used voxel-based morphology (VBM)
to extract the featured area of the MRI and utilized the
machine learning method to assist these in the diagno-
sis of PD, achieving a high accuracy result. Ping and col-
leagues have developed Deep Metabolic Imaging Indices
(DMI) based on DL, offering a novel, metabolism-based
imaging approach for the differential diagnosis of par-
kinsonism [12]. Heim [13] discussed the application of
various MRI techniques and models—utilizing both sin-
gle-modal and multi-modal images—in diagnosing PD.
Additionally, Rojas [14] showed that fusing brain imag-
ing techniques improved diagnostic performance, while
Soltaninejad [15] provided evidence that multi-modal
data fusion yields higher accuracy than single-modal
approaches. Similarly, Dai [16] compared the diagnostic
effects of multi-modal and single-modal images through
comparative experiments and reached a similar conclu-
sion. Collectively, these results underscore the significant
impact of DL methods on the diagnosis of PD. Here, we
propose a multimodal DL framework combining ''C-
CFT, '8F-FDG PET and MRI sequences, which leverages
both dopaminergic dysfunction, glucose metabolism
and microstructure changes to achieve superior classifi-
cation performance compared to existing single-modal
approaches.

Materials & methods

Study design

In this retrospective study, we enrolled patients who
underwent positron emission tomography / magnetic
resonance (PET/MR) imaging at the People’s Liberation
Army General Hospital. Imaging was performed on a
GE Healthcare PET/MR scanner (SIGNA™, GE Health-
care, Milwaukee W1, United States). The inclusion crite-
ria were as follows: (1) fulfilling the diagnosis of PD and
MSA according to the clinical criteria [17, 18]; (2) an
interval between 'C-CFT and '®F-FDG PET/MR imag-
ing of fewer than two weeks; (3) clinical follow-up at
least six months after the initial PET/MR imaging with-
out change in diagnosis. Exclusion criteria were (1) poor
PET/MR image quality; (2) lack of recorded PET infor-
mation; (3) evidence of vascular disease on computed
tomography (CT) or MRI; (4) incomplete whole brain
scanning. Of the two hundred fifty patients screened for
eligibility, 44 were excluded due to poor image quality,
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insufficient PET information, signs of vascular disease, Imaging protocol
or incomplete brain coverage. Ultimately, 206 patients  Prior to undergoing the 'C-CFT PET/MR scan, patients
were included in the analysis, comprising 143 cases of PD  were required to abstain from medication for 12 h to pre-
and 25 cases of MSA. In addition, 38 volunteers without vent interference with dopamine transporter binding.
any identifiable neuropsychiatric diseases or symptoms Immediately after tracer administration, 20 milligrams
were recruited to form the normal control (NC) group, as  of furosemide were injected. 50 minutes following the
shown in Fig. 1A. intravenous injection of ''C-CFT (180-370 MBq), three-
The workflow of this study is presented in Fig. 1 and dimensional (3D) MR and PET scans were acquired using
consists of four major components: (i) image acquisition, an integrated whole-body PET/MR system. During this
(if) image preprocessing, (iii) single-modal and multi- session, a multiparametric MRI examination of the brain
modal training and cross-validation, and (iv) evaluation, —was performed simultaneously within a 15 min single-

as illustrated in Fig. 1B. bed PET scan, including both T1-weighted (T1w) and
The study cohort included 119 male and 87 female sub-  T2-weighted (T2w) sequences focused on the brain.
jects, with an average age of 60 + 14 years and an average The 8F-FDG PET/MR scan was conducted on a dif-

weight of 67 + 10 kg. This study was approved by the Chi-  ferent day, either before or after the "C-CFT scan but
nese PLA General Hospital Human Ethics Committee, ~ within a two-week interval. Prior to the '*F-FDG acquisi-
and all participants provided written informed consent tion, all participants fasted for at least 6 h and refrained
prior to undergoing the PET/MR examination. from taking any medications that could affect brain
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metabolism for at least 12 h. An ®F-FDG dose of 0.1
mCi/kg (3.7 MBq/kg) was injected intravenously after
confirming that the participant’s blood glucose level was
<200 mg/dL. Participants then rested in a quiet, dimly
lit room both before and after the injection until image
acquisition commenced. The imaging parameters and
data reconstruction settings for the F-FDG PET/MR
scan were similar to those used in the 'C-CFT scan.

Image preprocessing

Image preprocessing was performed using Python (ver-
sion 3.6) and SimpleITK (version 2.1.1) and involved
several steps. Firstly, all 3D images were resampled via
linear interpolation to achieve a uniform voxel spacing
of 1.0 x 1.0 x 1.0 mm?3. Secondly, skull-stripping was
applied to remove the skull, leaving only the soft brain
tissue [19]. Thirdly, the Block Matching algorithm for
global registration [20] was utilized to ensure the com-
parability among all CFT, FDG, ADC, and DWI images.
This registration process transformed all images into a
common space, aligning corresponding brain substruc-
tures at identical coordinates across participants. Con-
sequently, the registered PET and MRI images could be
directly concatenated as multimodal and multisequence
data for model training or testing.

DL

DL has been successfully applied in various medical
fields, including lesion segmentation, CT image recon-
struction, and lung cancer staging, et al.

Structure of residual block network with 18 layers
(ResNet18)

ResNet, short for Residual Network, is a specific type of
neural network that was introduced in [21]. Deep neu-
ral networks typically stack additional layers to solve
complex problems, leading to improved accuracy and
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performance. For example, in image recognition, the first
layer may learn to detect edges, the second to identify
textures, and the third layer to recognize objects. How-
ever, it has been found that as the depth of the CNN
increases, the performance of the CNN model tends to
degrade [21]. The challenge of training very deep net-
works has been significantly mitigated with the introduc-
tion of ResNet, which is made up of Residual Blocks. The
first key difference is that there is a direct connection that
skips some layers (which may vary in different models) in
between. This connection is called the “skip connection”
and is the core of residual blocks. Due to this skip con-
nection, the output of the layer is different now. The skip
connections in ResNet solve the problem of vanishing
gradient in deep neural networks by allowing this alter-
nate shortcut path for the gradient to flow through. The
other way that these connections help is by allowing the
model to learn the identity function, which ensures that
the higher layers will perform at least as well as the lower
layers.

Due to the very limited number of training data,
ResNet18 was utilized in this project, which can achieve
good performance for three classifications. ResNet18 is a
72-layer architecture with 18 deep layers. At the end of
model, dropout rate is set to 0.4 to improve robustness.
The architecture of this network is aimed at enabling
large amounts of convolutional layers to function effi-
ciently. The introduction of residual blocks overcomes
the problem of vanishing gradients through the imple-
mentation of skip connections and identity mapping.
Identity mapping has no parameters and maps the input
to the output, thereby allowing the compression of the
network at first and then exploring multiple features of
the input. Figure 2 shows the layered architecture of the
ResNet18 CNN model.
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Fig. 2 Anillustration of the architecture of ResNet18
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Image slice

For inputs to the two-dimensional (2D) neural network
classifier, we extracted 2D image slices from 3D PET and
MRI scans. A 3D image can be viewed from three per-
spectives—axial, coronal, and sagittal—corresponding
to the three standard anatomical axes. We identified key
positions within a 3D image where the corresponding 2D
slice most clearly revealed morphological differences in
brain atrophy between PD cases, MSA cases, and normal
controls. These key positions were individually selected
for each image: the center of the X-axis for the axial view,
the center of the Y-axis for the coronal view, and the cen-
ter of the Z-axis for the sagittal view (see Fig. 3).

During training, slice indices was randomly extracted
within a range of 10 slices around these key positions in
each of the three views (Fig. 3). For validation and test-
ing, 2D slices were constructed precisely at the key posi-
tions for each view. For every testing case, the three 2D
slices (one from each view) were sequentially fed into the
trained network, and the final predicted label was deter-
mined by a majority vote among the three slices. If at
least two out of three 2D slices indicated a PD label, the
entire 3D scan was classified as “having PD”

For the multi-modal and multi-sequence modeling
dataset, 6 slices of images are composed of 3 slices from
a preprocessed MR-ADC scan and 3 slices from the same
patient’s preprocessed PET-CFT scan. Since a rigid reg-
istration was performed during the preprocessing phase,
these 20 slices of images could be directly concatenated
into a synthesized dataset.

Cross-validation and model training

One of the main sources of variability in DL originates
from the difference between the observed samples of the
dataset and the real distribution of the dataset. The fact
that the learning step of the algorithm is performed on
only a part of the distribution can affect the reproduc-
ibility and, particularly, the replication of the results. To
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avoid bias in the data selection, strategies called “Cross-
Validation” are performed. These strategies consist in
dividing the dataset into several folds, then assigning
these folds to the training, validation, and testing sets.
The cross-validation strategies permit one to address
variability in the data. In this study, we chose 4-fold
cross-validation. Data are randomly partitioned into
four folds of roughly equal sizes, and in each round of
the cross-validation process, 3 of the folds are used for
training the model, and the rest fold is used for testing.
The whole process is repeated four times such that all
folds are used in the testing phase, and the average per-
formance on the testing folds is computed as an unbi-
ased estimate of the overall performance of the model, as
shown in Fig. 1.

We trained the network on the framework of Pytorch
1.10.1 version. The graphic card used for training was
NVIDIA Quadro P3200, which has 5 GB memory. In
addition, the optimizer we used is the Adam optimizer,
and the learning rate is set to be 10~%. We set the batch
size as 16 and ran 50 epochs on the training set. For the
four single-modal datasets, the whole training process
took nearly 2 h. For the one multi-modal dataset, the
whole training took around 2.5 h.

Evaluation metrics

The PET/MR dataset in this study contains three classes,
and we treated this multi-label classification problem as
multiple binary classifications. In this setting, the classifi-
cation performance is evaluated in each class. Each of the
metrics is computed for every divided class. Specifically,
for the j class y;, TP;, FPj, FN; denote the number
of true positive, false positive, true negative, and false
negative test samples concerning %;. We reported four
metrics, i.e., Precision, Recall, F'1 score and AUC for
each disease:

Fig. 3 2D Images at Key Positions for Three Views from a preprocessed PET CFT scan. 1st column: axial view; 2nd column: sagittal view; 3rd column:

coronal view
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Table 1 Patient cohort characteristics. Data are median (interquartile range) or N (%)
Total PD MSA Normal Pvalue
(n=206) (n=143) (n=25) (n=38)
Age (mean +SD) (years) 60+14 60.91+13.77 62.42+8.98 53.79+18382 0.059
Weight (mean+SD) (kg) 67+10 67.71+10.74 66.08+9.08 65.15+10.12 0.652
Female, n (%) 87 60(68.97%) 13(14.94%) 14(16.09%) 0.769
Male, n (%) 119 83(69.75%) 12(10.08%) 24(20.17%)
T1 128 103(80.47%) 16(12.50%) 9(7.03%)
T2 161 131(81.37%) 16(9.94%) 14(8.69%)
ADC, n (%) 156 28(82.05%) 13(8.33%) 15(9 62%)
DWI, n (%) 156 1 28(82.05%) 13(8.33%) 15(9.62%)
CFT, n (%) 194 136(70.10%) 25(12.89%) 33(17.01%)
FDG, n (%) 100 62(62%) 24(24%) 14(24%)
SD standard deviation,

*Statistically significant difference (p <0.05)

TP; )

preczswnj TP, 1 FP, (1)
TP;

recally = Tp L FN, @)

2 x precision; X recallj

Fl,= :
J precision; + recallj @)

Also, for an overall comparison of all classes, we report
the macro average of the metrics. The macro average of
binary classification metric: B € Precision, Recall, F'1
can be defined as:

macro (h

»Q\»—l

q
Z (TP;, FP;, FN;) (4)

Where ¢ denotes the number of samples.
The area under the ROC curve (AUC) value was calcu-
lated to evaluate the classification performance.

Statistical analysis

All analyses were performed using SPSS (version 22.0;
IBM, Armonk, NY). Quantitative variables are presented
as averages and ranges, while categorical findings are
expressed as numbers and percentages. For quantitative
data with a normal distribution, subgroup differences
were compared using a t-test; for non-normally dis-
tributed data, the Mann-Whitney U test was employed.
Differences between categorical variables were evalu-
ated using chi-squared tests. Statistical significance was
defined at the 5% level (P<0.05).

Results

Patient characteristics

The general characteristics of the patients and NC
are summarized in Table 1. A total of 206 cases were

Table 2 Test sets characteristics. Data are median (interquartile
range) or N (%)

Total MSA PD P-
(n=19) (n=4) (n=15) value
Age 63.00(53.00, 4925+624 66.13+11.58 0013
(mean=+SD) 69.80)*
(years)
Female, n (%) 12 2(50.00%) 10(66.67%) 0.603
Male, n (%) 7 2(50.00%) 5(33.33%)
Weight 6726+1139 6875+810 66.87+1232 0778
(mean+SD)
(kg)

*The overall age distribution does not conform to normality
SD standard deviation

included and divided into three groups: the PD dataset
(143 patients, median age 60.91 years [60.91+13.77]),
the MSA dataset (25 patients, median age 62.42 years
[62.42+8.98]), and the NC dataset (38 subjects, median
age 53.79 years [53.79+18.82]). There were no statisti-
cally significant differences in age, sex, or weight among
the three groups.

Additionally, 19 cases were used as a test set to evaluate
the performance of the model. These cases were divided
into two groups: the PD test set (14 patients, median age
66.13 years) and the MSA test set (5 patients, median age
49.25 years). A significant difference in age was observed
between these two groups, which may be attributed to
the small MSA sample size. However, there were no sig-
nificant differences in sex or weight between the groups.
The general characteristics of the test set are summarized
in Table 2.

The efficiency of 13 models

The experimental results are summarized in Table 3. All
modality and sequence data were trained using the same
training and testing strategy, and we report 4-fold cross-
validation metrics for accuracy, precision, recall, F1 score,
and AUC. Notably, the multi-modal and multi-sequence
approaches improved PD classification compared to
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Table 3 Comparison of single-modal methods to multi-modal methods using training data. The reported results are the mean values
of 4-fold cross-validation (unit: %). The best results in this table are labeled in bold

Accuracy Precision Recall F1 PD-AUC MSA-AUC Normal-AUC
Single-modality
T1 0.87 0.87 0.90 0.93 0.68 0.62 0.54
T2 0.87 0.88 0.91 0.93 0.68 0.62 0.54
ADC 0.89 0.75 0.78 072 092 0.77 0381
DWI 0.82 0.79 0.88 0.82 0.91 0.86 0.83
CFT 093 084 0.90 087 091 087 0.88
FDG 0.89 0.86 0.88 0.85 0.91 0.85 0.79
Multi-modality
CFT-T1 0.94 096 0.95 097 098 0.98 0.99
CFT-T2 0.91 0.90 0.91 0.95 0.98 0.95 0.95
FDG-T1 0.75 073 081 0.83 093 0.94 0.95
FDGT2 0.81 0.80 0.80 0.88 095 0.99 093
FDG-DWI 0.82 0.80 0.67 0.89 0.93 0.93 0.95
FDG-ADC 0.77 0.76 068 0.85 084 087 087
CFT-ADC 0.97 0.93 0.95 0.92 0.96 0.93 0.89

single-modal models. In particular, the combination of
CFT and ADC achieved an accuracy of 0.97, precision of
0.93, recall of 0.95, F1 score of 0.92, and AUC of 0.96.

Although the multi-modal model is more time- and
memory-intensive than the six single-modal models, it
remains fast enough to handle large-scale datasets. The
disease-specific results in Table 3 further demonstrate
the advantage of multi-modal integration. By combining
MR and PET data, the model can extract features based
on the complementary relationships between modalities,
leading to improved classification across all disease cat-
egories. Figures 4 and 5 show the ROC curves for each
disease, sequence, modality, and the overall multi-modal
training results. These results indicate that all models
yield good diagnostic efficacy for PD; however, the multi-
modal model performs best in diagnosing MSA and iden-
tifying normal controls. The lower diagnostic efficacy
observed for MSA may be attributable to the small MSA
sample size.

Subsequently, we tested the performance of these mod-
els on an independent test set comprising 19 cases. The
test results were consistent with those obtained from
cross-validation. The multi-modal models combining
CFT and FDG outperformed both the single-modal and
other multi-modal approaches, with the combination of
CFT and ADC achieving 0.70 accuracy, 0.73 precision,
0.93 recall, and 0.82 F1 score, as shown in Table 4.

Discussion

The primary objective of this study is to develop a DL
approach that effectively extracts features from multi-
modal and multi-sequence imaging to improve the diag-
nosis of PD. Early detection of PD is essential because
timely diagnosis and appropriate treatment can delay
symptom progression [22].

Recently, DL has been increasingly applied to medi-
cal disease detection, particularly in PD treatment [21],
due to its streamlined workflow and high accuracy [20].
It is crucial to compare various classification methods
to determine the most effective approach [23]. In this
study, PD, MSA, and normal control groups underwent
scans using different modalities, and the data were sub-
sequently classified using the ResNetl8 architecture.
Our findings indicate that the CFT-ADC model outper-
forms the other approaches deployed. Furthermore, the
proposed methodology was evaluated against previous
methods in the literature through a series of experiments
on the PD dataset.

We compared six single-modal methods-T1w, T2w,
ADC, DWI, CFT, and FDG-and seven multi-modal
approaches. In this study, single MRI models exhib-
ited poor performance. In fact, when distinguishing PD
within both training and test sets, the CFT-PET model
outperformed the MRI-based methods. When PET and
MRI images were combined in the DL model, perfor-
mance increased significantly. This finding supports the
notion that, given the heterogeneity of these diseases, a
single biomarker is unlikely to achieve the sensitivity and
specificity needed to accurately differentiate PD from
MSA. We evaluated the performance of ResNet18 in dis-
tinguishing PD from MSA and normal controls, and we
observed that the classifier combining "'C-CFT-PET and
ADC images produced the best results among all multi-
modal approaches, with an accuracy of 0.97, precision
of 0.93, recall of 0.95, F1 score of 0.92, and AUC of 0.96.
This result reinforces the critical role of dopaminergic
PET imaging in the differential diagnosis of parkinsonian
disorders.

Interestingly, when assessing the training set, the clas-
sifier performance achieved by combining structural T1
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Table 4 Comparison of single-modal methods to multi-modal
methods using test data. The reported results are the mean
values of 4-fold cross-validation (unit: %). The best results in this
table are labeled in bold

Accuracy Precision Recall F1

Single-modality

T 0.71 0.71 0.97 0.83
T2 0.59 0.81 0.66 0.70
ADC 0.52 0.83 0.53 0.64
DWI 0.69 073 092 0.81
CFT 0.68 0.77 0.83 0.80
FDG 0.66 0.76 0.83 0.80
Multi-modality

CFT-T1 0.50 0.60 0.75 0.67
CFT-12 0.65 0.76 0.80 0.78
FDG-T1 046 0.65 0.55 0.59
FDG-T2 0.57 0.76 0.66 0.70
FDG-DWI 061 0.83 0.65 0.70
FDG-ADC 0.77 0.78 0.98 0.87
CFT-ADC 0.70 0.73 0.93 0.82

images with CFT-PET measurements was similar to that
of the CFT-PET and ADC combination. These results
suggest that integrating anatomical and functional imag-
ing through artificial intelligence may prove valuable in
clinical settings. Although much of the previous MRI
research has focused on diagnosing PD via volumetric
and shape analyses of the striatum, features extracted
from various regions of interest (ROIs) have not con-
sistently contributed to successful classification in PD
detection [24]. Additionally, the performance of the FDG
and ADC combination in the test sets was similar to
that of the CFT and ADC combination, likely due to the
relatively small test sample size and the fact that not all
patients underwent every type of scan. Further studies in
larger cohorts are necessary to validate our proposed DL
methods.

People have raised concerns about the adequate inter-
pretation, reproducibility of results, or stability of DL
methods [19]. The model performance demonstrates the
potential diagnostic value of this approach. However,
due to the overall insufficiency of the data, the perfor-
mance of the model on the test set is inferior to that on
the training set. The observed discrepancy between high
cross-validation accuracy (0.97) and lower test perfor-
mance (0.70 accuracy for PD classification) may reflect
inherent challenges in generalizing DL models to unseen
data. This gap could arise from several factors: (1) Over-
fitting: The limited MSA sample size (n=25) likely led
to insufficient diversity in the training set, causing the
model to memorize class-specific features rather than
learning generalizable patterns. (2) Sample Bias: The
retrospective design and single-center data collection
may have introduced selection bias, where the test set
demographics (e.g., age differences between PD and MSA
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groups) diverged from the training distribution. (3) Data
Scarcity: The small test set (n=19) increases variance in
performance metrics, reducing statistical reliability. To
mitigate these issues, future work should prioritize larger,
balanced cohorts and prospective multi-center studies to
enhance model robustness. We noticed that the classifi-
ers did not achieve a good performance in diagnosing the
MSA patients group compared with the control group
and PD group. From our point of view, maybe the weak-
ness in this research is due to the small number of MSA,
as the next researches show that using a large sample size
obtained better results.

Several limitations should be mentioned. The small
sample size of MSA patients and the retrospective nature
of the study pose significant limitations. The limited
number of MSA cases restricts the model’s ability to learn
robust features and generalizable patterns, contributing
to the observed overfitting. Moreover, the retrospective
design may introduce biases related to patient selection
and data collection, further complicating the model’s
generalizability. To address these limitations, future
studies should consider multi-center collaborations to
increase the sample size and diversity of the dataset. A
larger and more varied dataset would provide the model
with a broader range of cases to learn from, potentially
improving its generalizability. Additionally, prospective
studies, where data are collected in real-time and patients
are enrolled according to predefined criteria, would min-
imize sample bias and ensure a more representative data-
set. These strategies are crucial for developing a more
reliable and clinically applicable diagnostic model.

Enhancing model interpretability is essential for bridg-
ing the gap between algorithmic predictions and clini-
cal decision-making. DL models, while powerful, are
often criticized for their “black-box” nature. Techniques
such as feature maps and saliency analyses can provide
insights into which regions of the input data the model
is focusing on to make its predictions. For instance,
saliency maps can highlight the areas of the brain that
are most influential in distinguishing between PD and
MSA. This information can be invaluable for clinicians,
as it allows them to understand the basis of the model’s
predictions and integrate this knowledge into their diag-
nostic processes.

Conclusion

In conclusion, our study introduces a novel multimodal
DL architecture that integrates complementary PET and
MRI biomarkers, demonstrating its potential as a clini-
cally actionable tool for distinguishing PD from MSA.
The proposed method may complement diagnoses made
by expert clinicians and the development of disease-
modifying treatment strategies. A multi-center study
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with a large patient population is needed to validate our
findings.
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