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Abstract

Parkinson’s disease (PD) is a complex, progressive neurodegenerative disorder with high heterogeneity, making early diagnosis difficult.
Early detection and intervention are crucial for slowing PD progression. Understanding PD’s diverse pathways and mechanisms is key
to advancing knowledge. Recent advances in noninvasive imaging and multi-omics technologies have provided valuable insights into
PD’s underlying causes and biological processes. However, integrating these diverse data sources remains challenging, especially when
deriving meaningful low-level features that can serve as diagnostic indicators. This study developed and validated a novel integrative,
multimodal predictive model for detecting PD based on features derived from multimodal data, including hematological information,
proteomics, RNA sequencing, metabolomics, and dopamine transporter scan imaging, sourced from the Parkinson’s Progression
Markers Initiative. Several model architectures were investigated and evaluated, including support vector machine, eXtreme Gradient
Boosting, fully connected neural networks with concatenation and joint modeling (FCNN_C and FCNN_JM), and a multimodal encoder-
based model with multi-head cross-attention (MMT_CA). The MMT_CA model demonstrated superior predictive performance, achieving
a balanced classification accuracy of 97.7%, thus highlighting its ability to capture and leverage cross-modality inter-dependencies
to aid predictive analytics. Furthermore, feature importance analysis using SHapley Additive exPlanations not only identified crucial
diagnostic biomarkers to inform the predictive models in this study but also holds potential for future research aimed at integrated
functional analyses of PD from a multi-omics perspective, ultimately revealing targets required for precision medicine approaches to
aid treatment of PD aimed at slowing down its progression.

Keywords: Parkinson’s disease; multimodal data; cross-attention; deep learning; classification; transformer

Introduction
Parkinson’s disease (PD) is the second most prevalent neurode-
generative disorder after Alzheimer’s disease (AD), characterized
primarily by motor symptoms such as bradykinesia, hand tremor,
freezing gait, muscle stiffness, and balance impairments [1, 2].
In addition, some individuals experienced non-motor symptoms,
including speech disorders like dysarthria [3], which contributed
to the complexity of the disease [4]. The defining feature of PD
is the progressive loss of dopamine-producing neurons in the
brain [5], which underpins the current therapeutic approaches
of administering dopamine precursors like levodopa to address
dopamine deficiency [6, 7]. Given the progressive nature of PD
and the variability in symptoms among patients, early diagnosis
is essential for initiating timely treatments to slow disease pro-
gression and improve patients’ quality of life [8].

Traditional diagnostic methods relied heavily on clinical and
cognitive observations [9], such as speech analysis [10] and spiral
drawing assessments [11, 12]. However, these approaches often
overlook molecular-level changes and the underlying etiologies

that underlie PD. The prevalence of PD varies significantly
across different regions, largely influenced by genetic and
environmental factors [4, 9]. Recent studies on circular RNA
[13] and noncoding RNA [14] linked PD pathogenesis to specific
metabolic processes [15]. Furthermore, the hematological long
noncoding RNA-messenger RNA (mRNA) co-expression network
identified immune-related biomarkers, likely playing a key
role in the immune response associated with PD [16]. Another
significant factor in the development of neurodegenerative
diseases was pathological protein aggregates. For instance, the
accumulation of misfolded α-synuclein was a central feature
in PD pathology, contributing to its progression [17]. Advances
in single-cell sequencing further elucidated the association
between specific cell populations and PD through single-cell RNA
sequencing [18]. Consequently, with the development of multi-
omics analysis techniques encompassing imaging, genomics,
transcriptomics, proteomics, and metabolomics, more studies
have begun to explore PD’s molecular and cellular mechanisms.
As traditional methods fail to fully capture the intricate interplay
of various biological factors contributing to PD, leading to delayed
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or missed diagnoses, a multimodal classification approach
addresses these challenges by integrating diverse data types
captured across various modalities, such as RNA sequencing
(RNA-seq), proteomics, metabolomics, hematology, and imaging
[e.g. dopamine transporter scan (DaTscan)]. Each modality
provides unique, complementary insights into different biological
layers of the disease, from molecular alterations to physiological
dysfunctions. The integrative approach enables a holistic under-
standing of PD by leveraging the complementary information
from these modalities, improving diagnostic accuracy and early
detection/treatment to slow down the progressive nature of this
neurodegenerative disorder.

Despite these advancements, integrating multi-omics data
into coherent functional pathways for studying PD pathogenesis
remained challenging. As the volume of available data grew,
machine learning (ML) and deep learning methods emerged
as powerful tools for PD classification and diagnosis due to
their ability to process large datasets and improve diagnostic
accuracy [19–21]. However, relatively few studies leveraged the
full range of available biological data, with many focusing on
only a few data modalities [22]. For instance, [23] combined
clinical data with DaTscan imaging for PD classification. Similarly,
Höglinger et al. [24] proposed a biologically based PD classification
system incorporating pathological α-synuclein in tissues or
cerebrospinal fluid (CSF), neuroimaging, and pathogenic gene
variants. Furthermore, few analytical frameworks existed in
the literature for comprehensively integrating multiple data
modalities in PD research.

Multi-omics data provide a more comprehensive understand-
ing of the molecular mechanisms behind specific biological pro-
cesses or complex diseases than models that use single-omics
data [25, 26]. Deep learning-based multi-omics fusion methods
have been widely used in cancer studies [27–29]. However, as men-
tioned in the Introduction, multi-omics data integration remains
relatively underexplored in PD-related research. Each modality
captures unique aspects of the PD, but together, they form a more
comprehensive picture. For example, RNA-seq provides insights
into gene expression levels, offering a snapshot of transcriptional
activity. However, not all mRNA transcripts are translated into
proteins, so mRNA profiling does not capture regulatory pro-
cesses or posttranscriptional modifications that might affect the
amount of active protein [30], as proteins undergo posttrans-
lational modifications (PTMs) that impact their function. Pro-
teomics bridges this gap by capturing the protein-level expres-
sion and modifications [31], enabling a deeper understanding of
how gene expression translates into functional changes. Proteins,
especially enzymes, directly regulate metabolic pathways, influ-
encing metabolite concentrations. Metabolism plays an instruc-
tive role in cell signaling or gene expression, as the stoichiometries
of PTMs caused by a metabolite typically depend on its cellular
concentration [32]. Similarly, metabolic changes observed in PD
often have systemic effects that can be reflected in blood markers
captured by hematological data. Therefore, although each data
modality captures different PD biological or clinical aspects, com-
plementary information can be obtained from other modalities.
A fused method using a combination of multi-omics data enables
a more comprehensive study of complex biological processes and
highlights the interrelationship of relevant data modalities [27].

In the literature, three types of multimodal data fusion,
namely, early fusion, intermediate fusion, and late fusion, were
proposed for integrating various data sources, as summarized by
[33]. Standard techniques like data concatenation often fail to
capture interactions between data modalities effectively. Given

the limitations of standard techniques, a similarity network
fusion approach was introduced to integrate multiple data types
[34]. Transformer models, widely applied in imaging and natural
language processing (NLP) [35], were also explored in PD research,
although primarily focused on audio or imaging data [36, 37].
With their powerful cross-attention mechanism [38], transformer
models might have the potential to capture intrinsic interactions
between multiple biological modalities, thereby enhancing PD
classification.

In this study, hematological information, proteomics, RNA-seq,
metabolomics, and DaTscan imaging data were obtained from the
Parkinson’s Progression Markers Initiative (PPMI) to investigate
PD classification. Differential expression analysis was performed
on the RNA-seq data to identify genes with significantly altered
expression between PD patients and healthy controls. After data
cleaning, features from each modality were used as input for
various ML or deep learning models, including support vector
machines (SVMs), eXtreme Gradient Boosting (XGBoost), fully con-
nected neural networks (FCNNs), and multimodal transformers
with cross-attention (MMT_CA). Finally, SHapley Additive exPla-
nations (SHAP) values and learnable modality scaling weights
were employed to explore the contributions of each feature and
modality to model predictions, enhancing the interpretability of
the predictive models.

Materials
Dataset
The dataset used in this study was obtained with approval from
the PPMI database (https://www.ppmi-info.org/) as of 24 June
2024. RNA-seq counts were analyzed to identify differentially
expressed genes, and transcripts per million (TPM) values were
then normalized for these genes. Blood test parameters available
for most participants were retained and normalized according
to their respective reference ranges. Although the PPMI database
includes CSF and plasma proteomics across various projects,
proteomics data from Project 115, which featured CSF tests on
participants with PD, Prodromal, and Healthy Control statuses,
were chosen to ensure a good balance between sample size and
data availability. Additionally, metabolomics data and DaTscan
imaging results were extracted. In total, 306 participants (192 with
PD and 114 healthy controls) were retained for further analysis.
For participants with multiple clinical visits, the average value for
each data type was used, and all data were normalized prior to
model training. The overview of the data modalities used in the
predictive models of this study can be found in the Supplementary
Table S1.

Methods
Schematic of the proposed method
Figure 1 depicts a schematic of this study that includes data
collection and preprocessing, ML- and deep learning-based PD
classification model development, and model evaluation.

In the literature, SVM was widely used in PD detection and
other ML-based classification models [39–41]. Known for its
exceptional predictive and computational performance, XGBoost
[42] was also commonly used in neurodegenerative diseases
classification [43, 44]. Moreover, XGBoost is optimized for large
datasets, making it suitable for high-dimensional data. Therefore,
ML-based SVM and XGBoost were chosen in this study for PD
classification with multiple features. The grid search technique
was leveraged for hyperparameter optimization in both SVM and
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Figure 1. The predictive modeling workflow for PD classification incorporated RNA-seq, hematological information, metabolomics, proteomic, and
DaTscan imaging data, exploring various model architectures. HC, healthy control.

Table 1. Grid search parameters for SVM and XGBoost models

Model Hyperparameter Values

SVM C [0.1, 1, 10]
kernel [“linear,” “rbf,” “poly”]
gamma [“scale,” “auto”]

XGBoost n_estimators [50, 100, 150]
learning_rate [0.01, 0.1, 0.2]
max_depth [3, 5, 7]
subsample [0.8, 1.0]

XGBoost models in the model training process. Details of the grid
search parameters for these models can be found in Table 1.

In addition to the above two ML-based methods, deep learning-
driven frameworks were leveraged in this study. Since five data
types were considered, different data fusion techniques and
model architectures were explored for multimodal deep learning
models.

As mentioned in the Introduction section, different multimodal
data fusion techniques were proposed in the literature. In this
study, concatenation and joint modeling methods were used.
The concatenation method combined hematological information,
protein, RNA-seq, metabolomics part 1, metabolomics part 2, and
DaTscan imaging features into a single feature matrix, which
was then fed into FCNN. In contrast, the joint modeling approach
processed each feature type separately through the initial layers
of the FCNN and merged them in a joint layer [45]. The models
were referred to as FCNN_C and FCNN_JM, respectively.

As highlighted in a recent review of transformer-based models
in neuroscience, neurology, and psychiatry [35], transformer-
based models had primarily been applied to imaging data [46,
47] and signal data [48]. However, transformer-based models

incorporating cross-attention mechanisms demonstrated strong
performance in various other classification tasks [49]. While
some studies focused on PD diagnosis using transformer-
based models on specific modalities like imaging and audio
data [50] or genomics data [51], there is still limited research
on integrating comprehensive biological data modalities for
PD classification using transformer-based model architecture.
The cross-attention mechanism [52] was particularly useful
for capturing multimodal features. Thus, this study employed
an MMT_CA model architecture to address this gap in PD
classification. Further details of the MMT_CA model are provided
in the following section.

Multi-head cross-attention
Each data modality in this study, namely, hematological infor-
mation, protein, RNA-seq, metabolomics, and DaTscan imaging,
had its dedicated cross-attention module. These modules allowed
each modality to attend to and integrate information from the
others. Furthermore, multi-head attention enabled the model
to focus on information from multiple feature representation
sub-spaces simultaneously, capturing diverse patterns at various
scales and across different positions [38].

Given the query matrix Q, key matrix K, and value matrix V, the
multi-head attention can be expressed as [38]

MultiHead(Q, K, V) = Concat(head1, ..., headh)WO, (1)

where

headi = Attention
(
QWQ

i , KWK
i , VWV

i

)

= softmax

(
QWQ

i (KWK
i )T√

dk

)
VWV

i

, (2)

where WQ
i , WK

i ∈ R
dmodel×dk , WV

i ∈ R
dmodel×dv , and WO ∈ R

hdv×dmodel .

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/26/2/bbaf088/8068118 by guest on 14 M

arch 2025



4 | Zhou et al.

Table 2. Key general model parameters, optimization parameters, and regularization parameter of the MMT_CA model

Parameter Description Value

Transformer_dim (D) Embedding dimension for transformer layers 512
Num_heads (H) Number of attention heads in multi-head attention 8
Dropout Dropout rate applied in attention and feed-forward networks 0.1
Learning_rate Learning rate for the optimizer 1.00e-04
Optimizer Optimization algorithm used Adam
Dropout_rate Dropout rate to prevent overfitting 0.1

Figure 2. Features from each modality were input into a cross-attention
module, where outputs from all eight heads were concatenated into a
512-dimensional vector, which was then passed through a transformer
encoder for PD classification.

In this study, the number of attention heads is set to 8, with
each head having dimensions dk = dv = dmodel/h, following
standard practice in the literature [38].

After processing each modality through its respective cross-
attention module, the MMT_CA model aggregated the enriched
embeddings and fed them into a transformer encoder to capture
higher level interactions.

A schematic diagram illustrating the flow within the MMT-CA
model is shown in Fig. 2. Briefly, the features of each modality
were fed into their respective cross-attention modules, each con-
sisting of eight heads processing the data in parallel. The outputs
from these heads were then concatenated and passed through
a transformer encoder for further processing before being used
for PD classification. A detailed introduction of the multi-head
cross-attention mechanism can be found in the study of [38].
Briefly, six modalities were leveraged in this study, as related to
hematological information, proteomics, RNA-seq, metabolomics,
and the DaTscan imaging, and each modality was passed through
a separate cross-attention layer, which would interact with the
other modalities. For instance, the cross-attention mechanism
allowed the proteomic modality to interact with the other five
modalities and vice versa. Since eight heads were used in this
study, the attention heads help the model learn eight aspects of
the relationships between these modalities.

The key model parameters, along with the optimization and
regularization parameters of the MMT_CA model, are summa-
rized in Table 2. During training, learnable scalar weights were
assigned to each modality to scale its feature vector before inte-
gration. The weights were initially set to 1 and updated through
back-propagation. These learnable weights provide insights into
the contribution of each modality to the model’s predictive per-
formance.

Model evaluation
The model evaluation and comparison relied on several com-
monly used metrics, including balanced accuracy, weighted

precision, weighted recall, weighted F1-score, and the Area Under
the Receiver Operating Characteristic Curve (ROC-AUC). These
metrics, in their raw form, are defined as follows and were then
balanced and weighted accordingly to consider imbalances in the
data, which are typical of medical diagnostics data:

Accuracy = TP + TN
TP + FP + FN + TN

(3)

Recall = TP
TP + FN

(4)

Precision = TP
TP + FP

(5)

F1_score = 2 × precision × recall
precision + recall

, (6)

where TP, TN, FP, and FN, respectively, denote true positives, true
negatives, false positives, and false negatives.

Results
RNA-seq analysis
With RNA-seq analysis, the DESeq2 dispersion plot displaying the
relationship between gene mean expression and variance and
the enhanced Volcano plot highlighting the relationship between
statistical significance and the magnitude of fold change (FC) for
genes are shown in Fig. 3(A) and (B), respectively. The dispersion
plot shows a clear downward trend. Genes with an adjusted
P-value <0.05 were considered statistically significant. In total,
there were 10 652 genes retained, and the TPM values of these
significant genes were normalized and passed as features for
model training. A more detailed description of this RNA-seq data
source can be found in two studies mentioned by the PPMI [53, 54].

Performance comparison between different
model architectures
A comparison of the results obtained from leveraging different
model architectures in this study is provided in Table 3. The
corresponding evaluation metrics were assessed comprehensively
across all available data via five-fold cross-validation. The
FCNN_C model, which utilizes a simple data concatenation
approach, yielded poor performance in PD classification. In
contrast, the joint modeling architecture (FCNN_JM), involving
separate FCNNs for hematological information, proteomics, RNA-
seq, metabolomics, and DaTscan imaging data, followed by a
joint fusion layer, significantly enhanced predictive performance,
increasing the accuracy from 65.0% to 87.5%. While both ML-
based models achieved relatively high predictive accuracy, the
XGBoost model outperformed the SVM model, achieving an accu-
racy of 96.7%, as compared with 83.0%. By applying grid search-
based hyperparameter optimization, the optimal performance
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Figure 3. RNA-seq analysis results. (A) DESeq2 dispersion plot displaying the relationship between gene mean expression and variance. (B) Enhanced
volcano plot highlighting differentially expressed genes, with representative genes labeled. The fold-change cutoff (FCcutoff) was set to 0.32, and the
significance threshold (pCutoff) was set at 10e-3.

Table 3. Comparison of mean predictive performance across different model architectures using accuracy, weighted average precision,
recall, F1 score, and ROC-AUC. The metrics were scaled from 0 to 1. Thus, they can be easily converted into percentages by multiplying
them by 100. Acc, accuracy

Models Acc Precision Recall F1 score AUC

SVM 0.830 ± 0.031 0.834 ± 0.028 0.830 ± 0.031 0.828 ± 0.032 0.914 ± 0.024
XGBoost 0.967 ± 0.023 0.967 ± 0.023 0.967 ± 0.023 0.967 ± 0.023 0.988 ± 0.015
FCNN_C 0.650 ± 0.044 0.662 ± 0.044 0.650 ± 0.044 0.650 ± 0.042 0.696 ± 0.059
FCNN_JM 0.875 ± 0.042 0.887 ± 0.033 0.875 ± 0.042 0.874 ± 0.043 0.924 ± 0.044
MMT_CA 0.977 ± 0.017 0.977 ± 0.017 0.977 ± 0.017 0.977 ± 0.017 0.994 ± 0.008

of the SVM model was attained with parameters set to C = 0.1,
gamma = scale and kernel = linear, and the XGBoost model yielded
its best performance with n_estimators = 50, learning_rate = 0.2,
max_depth = 3, and subsample = 0.8. Noteworthily, the MMT_CA
model yielded slightly higher classification performance across
multiple evaluation metrics, including accuracy, weighted F1-
score, weighted precision, weighted recall, and ROC-AUC, than
the XGBoost model, highlighting the superior capability of the
MMT_CA model in capturing cross-modality interactions for
improving PD detection.

To gain deeper insights into the stability and generalization
of these models’ performance, ROC-AUC curves for each fold
of the five-fold cross-validation in the SVM model were plotted,
as illustrated in Fig. 4(A). The low variability across folds indi-
cates that the model performs consistently. Furthermore, the ROC
curves and corresponding AUC values for various models are
presented in Fig. 4(B) to facilitate a straightforward comparison
across different model architectures. It can be observed that the
MMT_CA and XGBoost models demonstrated comparable perfor-
mance, with both models showing a significant improvement over
the FCNN_JM and SVM models.

Feature importance
For enhancing the interpretability of each type of data in the
detection of PD, the SHAP method was leveraged to assess feature

importance, as illustrated in Fig. 5, which shows the top 20 fea-
tures identified by SHAP and their impact on the model output.

Figure 5(A) illustrates that the top eight features, namely,
Lowput_expected, Mean_putamen, Datscan_putamen_L, Datscan_
putamen_R, Mean_striatum, Mean_caudate, Datscan_caudate_L, and
Datscan_caudate_R, which had the most significant impact on the
prediction using the SVM model, were derived from DaTscan
imaging results. In contrast, the top features in the XGBoost model
were more diverse, as shown in Fig. 5(B). Although Lowput_expected
remained the most influential feature in the XGBoost output,
five of the next six top features were proteins, while one feature
originated from RNA-seq data. Among the top 20 features,
many were from the proteomics and RNA-seq data modalities,
along with features from the DaTscan imaging modality. A full
description of these top features presented in Fig. 5 can be found
in the Supplementary Table S2. Consistently with the feature
importance rankings from both the SVM and XGBoost models,
the learnable weights from the MMT_CA model also assigned a
higher modality weight to DaTscan imaging data as compared
with other modalities, as presented in Table 4.

Conclusion and Discussion
To enhance PD classification, hematological information, pro-
teomics, RNA-seq, metabolomics, and DaTscan imaging data were
retrieved from the PPMI database. Various model architectures
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Figure 4. Classification performance comparisons between models based on ROC curves. (A) Performance comparison of the SVM model, showing the
ROC curves for each fold in a five-fold cross-validation. In this process, the dataset was divided into five equally-sized subsets, or ”folds.” The model
was trained on four folds and validated on the remaining fold. The ROC curves represent the model’s classification performance on the validation set
for each fold. (B) Performance comparison of SVM, XGBoost, FCNN_JM, and MMT_CA models, each evaluated using five-fold cross-validation.

Figure 5. Features explained by SHAP values. (A) SHAP values show the relative impact of each feature on the SVM model output. (B) SHAP values show
the relative impact of each feature on the XGBoost model output.

were investigated and evaluated, including the ML-based SVM and
XGBoost models and the deep learning-based FCNN_C, FCNN_JM,
and MMT_CA models. The results of this study demonstrated
that both XGBoost and MMT_CA models achieved high predictive
performance compared with the other state-of-the-art models.
Multimodal data enabled a more comprehensive approach to
discriminating PD from healthy controls, reducing the potential
bias and practical diagnostic limitation of relying on a single
data modality. The key novelty of this study lies in its innovative
approach to enhancing PD prediction by integrating multi-omics

data collected via different but complementary modalities that
span both structural/morphological and physiological/functional
techniques, which is relatively uncharted territory in PD-related
diagnostic research. While conventional ML-driven algorithms,
such as SVM, XGBoost, and FCNN_C, have been widely adopted
to aid various predictive tasks in the literature, from classifica-
tion to regression, this study highlights the unique potential of
MMT_CA models, typically used for aiding imaging analyses or
NLP, in capturing complex interactions of multi-omics data cap-
tured via different but complementary biological data modalities.
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Table 4. Average modality weights derived from the MMT_CA
model

Modality Modality weights

Hematology 0.9996
Protein 0.9998
RNA-seq 0.9991
Image 1.0010
Metabolomics part1 0.9989
Metabolomics part2 0.9988

Integrative analysis and modeling of multi-omics data can provide
a more holistic view of the underlying genetic and biological
mechanisms driving PD, providing the foundation for further
analysis to identify critical targets for enabling early treatments
for PD.

Based on the taxonomy of early, intermediate, and late fusion
outlined in [33], the FCNN_C model of this study represents
an early fusion technique. In contrast, FCNN_JM and MMT_CA
models represent an intermediate fusion technique. Performance
metrics in Table 3 revealed that a simple concatenation of
features failed to integrate the data modalities effectively, as
reflected by the relatively low accuracy of 65% from five-
fold cross-validation. However, when the joint modeling tech-
nique was applied, the classification performance improved
significantly, increasing accuracy from 65% to 87.5%. These
results demonstrated that handling hematological information,
proteomics, RNA-seq, metabolomics, and DaTscan imaging
data separately in the initial layers before merging them in
a joint layer more accurately captured the inter-dependencies
between these data modalities. This finding is consistent with
prior research [34], which showed that standard techniques like
feature concatenation yielded a lower predictive performance
in capturing interactions among different data modalities as
compared with advanced data fusion-driven methods, such as
similarity network-based fusion.

Although late fusion exists, it typically processes each modal-
ity independently and combines the outputs or predictions at
the final decision layer, usually via equal/weighted averaging
and meta-learning [33, 55]. However, multi-omic data modal-
ities might provide supplementary information to each other,
and biological interactions can exist between them. For instance,
apparent changes in the levels of the endocytic proteins clathrin
and endophilin, as well as Ras-associated binding proteins, were
identified in leucine-rich repeat kinase 2 (LRRK2)-G2019S and
LRRK2-R1441C mutation carriers [56], and mutations in LRRK2
have been regarded as the primary cause of autosomal dominant
PD. When investigating the potential therapeutic effect of Acan-
thopanax senticosus extracts in treating Fu et al. [57] revealed
in their experiments that the expression of key proteins was
affected by the regulation of the level of metabolites. Additionally,
considering the interactions between multi-omics data modali-
ties demonstrated an advantage in finding novel molecular and
pathway alterations associated with neurodegenerative diseases,
such as AD pathology and cognitive impairment [58]. Therefore,
late fusion is less suitable for this study, as it fails to capture the
complex yet important interdependencies between modalities.

Among the ML-based models, XGBoost demonstrated a higher
performance than the SVM, likely due to its architecturally higher
ability to capture complex patterns in the data. Noteworthily,
the MMT_CA model outperformed XGBoost slightly, achieving an

accuracy of 97.7% as compared with 96.7%, and was significantly
better performing than the SVM, FCNN_C, and FCNN_JM mod-
els. These findings support the higher predictive performance
of transformer-based models with cross-attention mechanisms
in comprehensively integrating and leveraging features derived
from multimodal biological data for aiding predictive analytics.
An accuracy of 96.88% was achieved in [59] in identifying PD
and health control for 101 participants from PPMI data, using
magnetic resonance imaging and clinical features and a stacking
ensemble learning method. With DaTscan single photon emission
computed tomography, Challa et al. [60] achieved an accuracy of
97.159% for 402 PD from the PPMI database. The high accuracies of
97.7% and 96.7%, respectively, achieved with the MMT_CA model
and XGBoost model, demonstrate a comparable performance of
models in this study with the state-of-art models in the literature.
However, it should be noted that this comparison is not strictly
comparable, as the samples are different, although they are all
from the PPMI database.

The following 13 proteins were used to perform functional
enrichment analysis, which were also among the top 20 features
in the XGBoost model, including Nuclear Factor of Activated T-
cells Cytoplasmic 4 (NFATC4), Annexin A5 (ANXA5), Melanoma
Inhibitory Activity (MIA), Epidermal Growth Factor (EGF), Granulin
(GRN), C1q and Tumor Necrosis Factor Related Protein 1
(C1QTNF1), 5,10-Methenyltetrahydrofolate Synthase (MTHFS),
XG Blood Group Antigen (XG), Discoidin Domain Receptor
Tyrosine Kinase 2 (DDR2), Fc Receptor-Like 4 (FCRL4), Cytokine-
Responsive Gene Regulator Protein 1 (CARHSP1), AXL Receptor
Tyrosine Kinase (AXL), and Toll-Like Receptor 2 (TLR2). After
the enrichment analysis using the gprofiler2 package in R, nine
Gene Ontology (GO) terms from Biological Process and Molecular
Function were identified, as listed in the Supplementary Table
S3. Among them, GO:0051897, GO:0051896, and GO:0043491 are
related to the Phosphatidylinositol 3-kinases/protein kinase B
(PI3K/AKT) signaling pathway, which has been found to show
close relations with PD in extensive studies in the literature
[61–63]. For instance, the PI3K/AKT pathway could influence
oxidative stress by modulating downstream molecular targets
like the mammalian target of rapamycin (mTOR), and a decrease
in mTOR activity may cause neurodegeneration [62]. Additionally,
the PI3K/AKT/mTOR signaling pathway is critical in Tau protein
phosphorylation, while Tau hyperphosphorylation is related to
the pathogenesis of dementia disorders [61, 63]. Proteins are
crucial in disease mechanisms if changes in their levels or
function are linked to the onset or progression of the disease.
Therapeutic discovery can be facilitated by screening small
molecules or antisense oligonucleotides that can alter the
protein’s function. A PD-related biomarker is identified when
changes in specific key proteins associated with the disease, as
typically detected in blood or CSF before the disease progression
[64].

As shown in Fig. 5, features from DaTscan imaging had the
most significant influence on model outputs in both the SVM and
XGBoost models. Similarly, in the MMT_CA model, DaTscan imag-
ing had the highest modality weights, indicating its substantial
contribution to enhancing PD detection. These consistent results
suggest that DaTscan imaging could be a reliable tool in clinical
settings for accurately discriminating PD from healthy controls.
Nevertheless, some studies argued that caution should still be
applied in interpreting the role of DaTscan [22]. Furthermore, the
significant role of features related to proteomics and RNA-seq, as
highlighted by the XGBoost model, highlights the importance of
multi-omics data in PD diagnostic research. Several CSF protein
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measures ranked among the top contributors to the models’ pre-
dictive performance, emphasizing the relevance of CSF biomark-
ers in aiding the diagnosis of PD. Protein PTMs regulate various
signaling pathways and biological functions, and their relevance
to PD has been demonstrated. For instance, increased LRRK2
activity was linked to PD [65]. Future studies could integrate
abnormal proteins implicated in PD with regulatory networks and
functional associations from PTM databases, such as dbPTM [66],
to further investigate the pathogenesis of PD. This deeper investi-
gation would explore PD’s functional pathway, e.g. by examining
pathophysiological phosphorylation events to identify key kinases
that may offer additional targets for aiding the development of
personalized therapies.

As multiple data modalities were used in this study, data
availability of these modalities restricts the number of partici-
pants available. This can be demonstrated by the fact that there
are around 4000 volunteers in the PPMI database, but only 306
participants were included in this study to balance biological data
completeness with sample size. As a result, the limited num-
ber might fail to account for the effects of demographic differ-
ences, hindering the generalizability of the results. In the future,
when more data modalities become available as PPMI projects
go on, such an integrative analysis will be more generalizable.
Additionally, as modalities have differing amounts of features
or quality, the model may rely more heavily on the dominant
modality, the DaTscan modality in this case, potentially hindering
the statistical significance of the contribution of other modalities.
However, other modalities, such as proteomics and metabolomics,
are crucial to reveal PD-related pathophysiological mechanisms.
In the future, weighted fusion strategies can be further optimized
to ensure the contribution of each modality is captured more
coherently, although weights supported by biological evidence
may be challenging to derive but potentially more significant.
Another limitation was that the classification models in this study
focused solely on differentiating PD from healthy controls. As
mentioned in the Introduction, PD is characterized by various
symptoms, including tremor and non-tremor sub-types regulated
by distinct functional pathways. A more nuanced PD sub-type
classification model incorporating biological and clinical data
could be more informative in identifying specific biomarkers for
PD sub-types and advancing precision medicine. Moreover, as
more features were included and the model architecture with
cross-attention to model the relationships between modalities
became more sophisticated, the increased complexity inevitably
led to higher computational costs. As feature importance has
been analyzed with SHAP in ML-based SVM and XGBoost models,
feature selection by removing features with low SHAP importance
scores can also be a good strategy to balance the accuracy and
model complexity. In the future, further dimensionality reduction
strategies, such as principal component analysis and t-distributed
stochastic neighbor embedding, can help reduce the number of
features and potentially transform them into more powerful pre-
dictors, thus mitigating the computational cost and complexity of
these models.

Additionally, the early diagnosis of PD is challenging, and the
research on the etiology and biomarkers has a significant med-
ical value for early diagnosis. As functional pathways revealed
by transcriptomics and proteomics would change with the age
of PD patients, and these changes are in agreement with dis-
ease progression [67], integrative multi-omics analysis can pro-
vide the foundation for revealing more in-depth personalized
molecular network changes in PD in follow-up studies, contribut-
ing to personalized diagnosis and treatment of PD. Moreover,

dysregulation in specific pathways, such as inflammation and
dopamine-related pathways, are closely related to PD progression
[67]; these dysregulation pathways are often driven by kinase
activity [39]. As a result, kinase inhibitors targeting related dysreg-
ulation pathways can be helpful in treating PD. Take the enriched
PI3K/AKT pathway in this study as an example; kinase inhibitors
targeting PI3K/AKT/mTOR signaling pathway have drawn exten-
sive attention and efforts to treat many human diseases, including
PD [68]. Therefore, pathway analysis, combined with protein–
protein interactions and network analysis in the future, can dis-
cover more disrupted signaling pathways in different sub-types of
PD, particularly those involving kinases, and these kinases could
become novel therapeutic targets for PD treatment.

In conclusion, this study leveraged comprehensive biological
data related to PD to build classification models. Among the vari-
ous model architectures investigated and evaluated, the proposed
MMT_CA model achieved the highest classification performance,
demonstrating its higher effectiveness in capturing the inter-
dependencies in the underlying features extracted from different
biological data modalities. This model architecture holds poten-
tial to be extended into PD sub-type classification with more data
available in the future.

Key Points

• This study integrated multimodal data, including
hematological information, proteomics, RNA-seq,
metabolomics, and DaTscan imaging, to enhance the
detection of PD.

• A transformer-based model with cross-attention can
accurately capture cross-modality interactions and has
higher predictive performance in detecting PD compared
with state-of-the-art ML-driven algorithms.

• SHAP feature importance from SVM and XGBoost mod-
els, along with the learnable modality weights from the
MMT_CA model, highlights the crucial role of diagnostic
biomarkers extracted from various data modalities in
aiding the detection of PD.

Author contributions
All authors contributed and approved the final manuscript.
Xiaoyan Zhou (Conceptualization, Formal Analysis, Validation,
Writingoriginal draft), Luca Parisi (Conceptualization, Validation,
Writingreview & editing), Wentao Huang (Formal Analysis, Writin-
greview & editing,), Yihan Zhang (Formal Analysis, Writingreview
& editing), Xiaoqun Huang (Formal Analysis, Writingreview &
editing), Mansour Youseffi (Writingreview & editing), Farideh
Javid (Formal Analysis), and Renfei Ma (Conceptualization, Formal
Analysis, Validation, Writingreview & editing)

Supplementary data
Supplementary data is available at Briefings in Bioinformatics
online.

Conflict of interest: No competing interest is declared.

Funding
This work was supported by the National Natural Science
Foundation of China (32300540) and the Science, Technology

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/26/2/bbaf088/8068118 by guest on 14 M

arch 2025

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf088#supplementary-data


PD classification | 9

and Innovation Commission of Shenzhen Municipality (Grant
No. RCBS20221008093338092).

Data availability
The dataset leveraged in this study was obtained with approval
from the Parkinson’s Progression Markers Initiative (PPMI)
(https://www.ppmi-info.org/) as of 24 June 2024. The Python code
supporting the methodologies and findings of this article is avail-
able on GitHub at https://github.com/tom-209/PD_classification.

References
1. Váradi C. Clinical features of Parkinson’s disease: the evolution

of critical symptoms. Biology 2020;9:103. https://doi.org/10.3390/
biology9050103

2. Sveinbjornsdottir S. The clinical symptoms of Parkinson’s
disease. J Neurochem 2016;139:318–24. https://doi.org/10.1111/
jnc.13691

3. Pfeiffer RF. Non-motor symptoms in Parkinson’s disease. Parkin-
sonism Relat Disord 2016;22:S119–22. https://doi.org/10.1016/j.
parkreldis.2015.09.004

4. McGregor MM, Nelson AB. Circuit mechanisms of Parkinson’s
disease. Neuron 2019;101:1042–56. https://doi.org/10.1016/j.
neuron.2019.03.004

5. Zaman V, Shields DC, Shams R. et al. Cellular and molec-
ular pathophysiology in the progression of Parkinson’s dis-
ease. Metab Brain Dis 2021;36:815–27. https://doi.org/10.1007/
s11011-021-00689-5

6. Cacabelos R. Parkinson’s disease: from pathogenesis to phar-
macogenomics. Int J Mol Sci 2017;18:551. https://doi.org/10.3390/
ijms18030551

7. Stoker TB, Barker RA. Recent developments in the treat-
ment of Parkinson’s disease. F1000Research 2020;9:9. https://doi.
org/10.12688/f1000research.25634.1

8. Smedinga M, Darweesh SK, Bloem BR. et al. Towards early disease
modification of Parkinson’s disease: a review of lessons learned
in the Alzheimer field. J Neurol 2021;268:724–33. https://doi.
org/10.1007/s00415-020-10162-5

9. Ball N, Teo WP, Chandra S. et al. Parkinson’s disease and the envi-
ronment. Front Neurol 2019;10:421551. https://doi.org/10.3389/
fneur.2019.00218

10. Parisi L, Ma R, Zaernia A. et al. M-ark-support vector machine
for early detection of Parkinson’s disease from speech sig-
nals. Int J Math Comput Simul 2021;15:34–41. https://doi.
org/10.46300/9102.2021.15.7

11. Parisi L, Ma R, Zaernia A. et al. Hyper-sinh-convolutional neural
network for early detection of Parkinson’s disease from spi-
ral drawings. WSEAS Trans Comput Res 2021;9:1–7. https://doi.
org/10.37394/232018.2021.9.1

12. Parisi L, Neagu D, Ma R. et al. Quantum ReLU activation for con-
volutional neural networks to improve diagnosis of Parkinson’s
disease and COVID-19. Expert Syst Appl 2022;187:115892. https://
doi.org/10.1016/j.eswa.2021.115892

13. Jia E, Zhou Y, Liu Z. et al. Transcriptomic profiling of circu-
lar RNA in different brain regions of Parkinson’s disease in a
mouse model. Int J Mol Sci 2020;21:3006. https://doi.org/10.3390/
ijms21083006

14. Zhang H, Yao L, Zheng Z. et al. The role of non-coding RNAs in
the pathogenesis of Parkinson’s disease: recent advancement.
Pharmaceuticals 2022;15:811. https://doi.org/10.3390/ph15070811

15. Zhang J, Chen R, Shi F. et al. Genome-wide data mining to
construct a competing endogenous RNA network and reveal the

pivotal therapeutic targets of Parkinson’s disease. J Cell Mol Med
2021;25:5912–23. https://doi.org/10.1111/jcmm.16190

16. Lei K, Zhang L, He Y. et al. Immune-associated biomarkers for
early diagnosis of Parkinson’s disease based on hematological
lncRNA–mRNA co-expression. Biosci Rep 2020;40:BSR20202921.
https://doi.org/10.1042/BSR20202921

17. Kawahata I, Finkelstein DI, Fukunaga K. Pathogenic impact
of α-Synuclein phosphorylation and its kinases in α-
Synucleinopathies. Int J Mol Sci 2022;23:6216. https://doi.
org/10.3390/ijms23116216

18. Ma SX, Lim SB. Single-cell RNA sequencing in Parkinson’s
disease. Biomedicine 2021;9:368. https://doi.org/10.3390/biomedi
cines9040368

19. Sivaranjini S, Sujatha C. Deep learning based diagnosis
of Parkinson’s disease using convolutional neural network.
Multimed Tools Appl 2020;79:15467–79. https://doi.org/10.1007/
s11042-019-7469-8

20. Burgos N, Bottani S, Faouzi J. et al. Deep learning for brain disor-
ders: from data processing to disease treatment. Brief Bioinform
2021;22:1560–76. https://doi.org/10.1093/bib/bbaa310
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