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Abstract

Early detection of Parkinson’s disease (PD) remains challenging due to its gradual onset, heterogeneous symptoms and
reliance on subjective clinical assessments. In this study, a robust and interpretable multimodal framework is proposed
that integrates three complementary biomarkers: digitized spiral drawings, speech-derived time-frequency
representations and structural magnetic resonance imaging (MRI) slices. Each modality is processed using a dedicated
encoder, where convolutional neural networks are applied to spiral and speech inputs and a Vision Transformer is
employed for MRI data. The outputs are combined using an entropy-guided fusion mechanism that adaptively assigns
weights based on prediction confidence. To improve clinical interpretability, Gradient-weighted Class Activation
Mapping (Grad-CAM) and a novel Localization Support Index (LSI) are incorporated to quantify the alignment between
model attention and clinically relevant regions. The framework is designed to handle missing or degraded modalities,
ensuring robustness in practical screening scenarios. Experimental evaluation on a subject-independent, class-
balanced dataset demonstrates that the proposed multimodal approach outperforms single-modality models,
achieving an accuracy of 98.42%, sensitivity of 98.17% and specificity of 98.67%. Additional ablation and statistical
analyses validate the effectiveness of entropy-based fusion and diversity regularization. These results highlight the
potential of interpretable multimodal learning for improving early PD detection while maintaining transparency and
real-world applicability. The ViT-B/16 MRI encoder is initialized using ImageNet-pretrained weights and then fine-
tuned on the MRI training subset.
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Introduction
Parkinson’s disease (PD) is one of the most deep learning approaches have also been
common neurodegenerative disorders, successfully used for analyzing hand-drawn

affecting millions of people worldwide. It is
characterized by progressive
dysfunction, tremors, rigidity and impaired
coordination and balance. Traditional
diagnosis mainly depends on neurological
examinations and clinical observations, which
are often subjective and may identify the
disease only at stages
significant neuronal damage has occurred. This
limitation has encouraged the wuse of
computational and machine learning
approaches to support early and objective
diagnosis. Spiral drawing analysis has emerged
as a promising technique for PD detection.
Machine learning methods applied to spiral
drawing tasks have shown the ability to
identify subtle motor impairments and
generate measurable features for automated
analysis (1). Echo state networks and other

motor

advanced after

spirals to support early diagnosis (2). These
findings suggest that low-cost and non-
invasive digital drawing tests can serve as
effective screening tools for Parkinson’s
disease. Advanced imaging and deep learning
techniques have further improved PD research.
Radiomics and deep feature extraction using

3D autoencoder networks demonstrated
promising results in medical image
classification and may be adapted for
neurodegenerative disease analysis (3).

Parkinson’s disease has also been recognized
as a multidimensional disorder involving both
motor and non-motor symptoms such as sleep
disturbances, mood disorders and autonomic
dysfunction (4). Studies on the biological
mechanisms of PD identified dopaminergic
neuron degeneration and abnormal protein
aggregation as major pathological features of
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the disease (5). It has also been suggested that
PD may begin years before visible motor
symptoms appear, making early diagnosis
particularly  challenging (6). Cognitive
assessment tools such as the Montreal
Cognitive Assessment (MoCA) have been
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effective in identifying non-motor symptoms
and cognitive impairment in PD patients (7).
Overall, recent studies indicate that spiral
drawing analysis, combined with deep learning
and multimodal frameworks, offers significant
potential for the early and reliable detection of
Parkinson’s disease (8, 9).
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v
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Figure 1: General Framework for Parkinson’s Disease Detection and Classification

In Figure 1, the symptoms are captured through
handwriting, speech and imaging modalities; each
source is processed by a dedicated learning stream
and the extracted evidence is fused to support
early PD diagnosis.

Research on Parkinson’s disease (PD) detection
has advanced through spiral drawing analysis,
machine learning, multimodal imaging and
transfer learning approaches (10). Spiral drawing-
based studies demonstrated that deep learning
models, including convolutional autoencoders and
convolutional neural networks (CNNs), can
automatically discriminative  motor
features without manual feature engineering,
enabling accurate PD classification (11).

Machine learning methods such as Random Forest
and Support Vector Machine have been applied for
predicting cognitive impairment and classifying
PD-related symptoms, highlighting the importance
of computational methods in detecting both motor
and non-motor abnormalities (12). Studies on the
prodromal phase of PD further suggested that
subtle motor impairments may appear years
before clinical diagnosis, emphasizing the need for

extract
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sensitive digital biomarkers and early screening
systems (13). Similarly, advanced imaging
approaches, including generative deep learning
and radiomics-based models, have shown
potential enhancing neurological
analysis and PD-related investigations (14).
Multimodal frameworks integrating clinical,
genomic and imaging data have demonstrated
improved prediction accuracy and better
understanding of disease progression (15, 16).
Digital spiral analysis was also shown to effectively
measure tremor amplitude, drawing speed and
shape irregularities, supporting its use as a low-
cost and objective diagnostic tool (17). Transfer
learning and meta-learning approaches have
gained importance due to the limited size of
medical datasets. These methods allow pre-trained
models to adapt effectively to PD-specific tasks
such as spiral classification and MRI analysis (18).
Blood-based biomarkers such as neurofilament
light chain (NFL) have also been explored to
complement imaging and clinical assessments for
monitoring disease progression (19, 20).

for image
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In addition, IoT-enabled and real-time monitoring
systems using spiral images have demonstrated
potential for remote healthcare applications (21).
Although significant progress has been achieved,
many existing studies remain limited to specific
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datasets and controlled environments. Therefore,
the development of generalized, interpretable and
clinically reliable PD detection systems remain an
important research challenge, as described in
Table 1.

Table 1: Summary of Related Studies on Parkinson’s Disease Detection and Classification

Method Dataset/Source Key Outcome Metric / Constraint
Convolutional Spiral drawings Unsupervised feature Single-modality spiral evidence;
autoencoder extraction for PD evaluation depends on drawing

detection
Comparison for
cognitive-impairment

Random forest and Clinical features

support vector machine

quality
Random forest handled

heterogeneous features better; SVM

prediction was sensitive to sample variation
Multimodal machine Genomic, imagingand  Improved prediction Requires harmonized multimodal
learning clinical data and subtype data and careful cohort alignment
classification
Cosine deep CNN in [oT  Spiral drawings Detection and severity ~ Focused on handwriting modality;
platform classification limited multimodal interpretability
CNN classifier Spiral diagrams High accuracy without  Single-modality model; clinical

manual feature
extraction

generalization requires further
testing

Note: CNN= Convolutional Neural Network; SVM= Support Vector Machine; MRI= Magnetic Resonance Imaging; loT= Internet of

Things.

Despite significant progress in Parkinson’s disease
(PD) detection, most existing studies rely on
single-modality data or lack interpretability and
robustness in multimodal settings. This work
proposes an entropy-guided adaptive multimodal
fusion framework that dynamically weights
modalities based on prediction confidence,
improving robustness against noisy or degraded
inputs (22, 23). Recent studies have also shown
that spiral meander drawing analysis can
effectively support Parkinson’s Disease (24). Also,
convolutional neural networks on spiral diagrams
to improve the accuracy of handwriting-based
Parkinson’s detection systems (25).

The framework combines CNNs for spiral
drawings and speech analysis with a Vision
Transformer (ViT) for MRI feature extraction to
enable complementary learning across
heterogeneous modalities.  Additionally, a
quantitative explainability metric, the Localization
Support Index (LSI), is introduced to evaluate the

Datasets Used

alignment between model attention and clinically
relevant regions, while the system also supports
stable performance under missing-modality
conditions.

Methodology
We propose a practical and interpretable
framework for Parkinson’s Disease (PD)
detection and classification that integrates
diverse data sources, uses a hybrid ensemble for
robust predictions and explains decisions
through Grad-CAM visualizations. The method is
designed to be simple to deploy (few pre-
processing  steps), generalizable across
modalities and transparent for clinical review.
The integration strategy is
multimodal fusion: each encoder

decision-level
produces
modality-specific logits, uncertainty is estimated
from prediction entropy and lower-entropy
modalities receive higher fusion weights.

Let a labelled dataset be defined as given in Equation [1]:

D = {(x, ¥}y, vi € {0,13

(1]

Where, 0 represents healthy subjects and 1 represents Parkinson’s disease (PD).

We form a multimodal union in Equation [ 2]: Subject-level alignment is maintained so that handwriting,

speech and MRI samples from the
diagnostic decision whenever available.

same

subject contribute to the same 4
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A multimodal dataset is constructed as:
Dan = Dspiral Y Dspeech Y Dimri (2]

Stratified K-fold cross-validation is applied while maintaining the class prior (Equation [3]):
m=Pry = 1) (3]

To address class imbalance, class weights are defined as in Equation [4]:
wc=1I[c=1]1+1I[c=0]1 [4]

Preprocessing and Feature Construction

Images (Spiral and MRI)

Each image is resized and normalized as follows: Spiral images are centered on the drawing area before
resizing. MRI images are intensity-normalized, registered to a common space and skull-stripped when a
mask is available (Equation [5])

Inorm(u,v) = ol(u,v) — p [5]
where the mean and standard deviation are defined as in Equation [6]
pu=HW1uy,vYI(y,v),0c = HW1ly, v (I(uv) — w2 +¢€ [6]

Data augmentation is applied as given in Equation [7]:

X' = T(X), T € {rotate(0), scale(s), jitter(on), elastic(a)} [7]

Speech Processing
The Short-Time Fourier Transform (STFT) is computed as: In the experiments, a 25 ms Hamming window,
10 ms hop length, 512-point FFT and 50% overlap are used in Equation [8].

STFT(T, w) = Zs(Dw(t — T)e et [8]

Mel-Frequency Cepstral Coefficients (MFCCs) are derived as: Forty mel filters are used and the first 13
MFCCs with delta and delta-delta coefficients are retained for the speech encoder in Equation [9].

MFCC(k, t) = ZM_, log(Ep(y)) - cos (_ﬂk(zm_l)) 5]

2M

Standardization Across Modalities
All modalities are mapped to a unified representation as in Equation [10, 11]

X € R224-><224><3 [10]

Ensemble Architecture and Training
The proposed model consists of three modality-specific encoders followed by a fusion module.
Encoders

hsp = fSP(Xsp)’ hSPCh = fSPCh(Xspch)' hmri = fmri(eri) [11]

Where, convolutional neural networks (CNN) are used for spiral and speech data and a Vision Transformer
(ViT) is used for MRI as in Equation [12-14].

Vision Transformer Representation

The Vision Transformer (ViT) feature representation used for extracting high-level spatial and contextual
information from MRIimages. The transformer-based architecture enables the model to capture long-range
dependencies and discriminative imaging patterns, thereby improving Parkinson’s disease classification
performance as in Equation [12-14]:

N
Zo = [xpwE]p:p1 + Epos [12]
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7111 = MSA(LN(z)) + 7 [13]
Z141 = MLP(LN(ZI+1)) t Zjyq [14]

Entropy-guided Fusion
Fusion weights are computed as: Intuitively, confident modalities have sharper probability distributions
and lower entropy, so they receive larger weights during fusion as in Equation [15]:

am = Ym*' exp(sm”' )exp(sm), mYam = 1 [15]
The fused representation is given by Equation [16]:
Ufuse = Zm0mUp [16]
*Final prediction is obtained as Equation [17]:
y = softmax(ufuse) [17]

Training Objective
The weighted cross-entropy loss is defined as in Equation [18]:

LWCE = —i}.c}wcyc(e)logy€ [18]

Where label smoothing is applied as: Class weights address imbalance, whereas label smoothing reduces
over-confident targets; the weighted loss is therefore calculated on the smoothed label distribution as
below given in Equation [19]:

y'=(1 -8 ly=0)+: [19]

Diversity Regularization
To reduce redundancy among modalities: This term encourages different encoders to learn complementary
rather than duplicated evidence as in Equation [20]:

1
Laiy = (ﬁ) Ei‘g:l[cos(hsp,hspch) + cos(hsp, hii) + cos(hspch, hinri)] [20]

Total Loss Function

Cross-entropy loss was used as the primary objective for classification, while additional
regularization components were incorporated to balance multimodal feature learning and improve
robustness. The total loss function for the proposed model is expressed as Equation [21]:

2
L = Lwce + All0l]" + BLgiy [21]
Optimization
Cosine learning rate scheduling is applied as Equation [22]:

1 Tt
n=(g)n (1 +eos(5)) 22
Explainability via Grad-CAM

Grad-CAM formulation used to generate class-discriminative activation maps for visual
interpretation of the proposed model as Equation [23]:

GradCAM®(u,v) = ReLU (Z o A‘fw> [23]

K
The localization map is given in Equation [24]:

LGradcam = ReLU( ZyojAy) [24]
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Localization Support Index
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Localization Support Index (LSI), which quantitatively measures the agreement between the model
attention regions and clinically relevant areas. The LSI provides an additional interpretability metric
by evaluating the reliability and consistency of Grad-CAM localization during Parkinson’s disease

classification as in Equation [25]:

LSI = Yu,vGradCAMc(u, v)Y; /u, vGradCAMc(u, v)M(u,v) € [0,1] [25]

Results
Experimental Setup

The performance of the proposed framework was evaluated using standard classification metrics,
including accuracy, sensitivity, specificity, precision and F1-score (Equations [26-31]). These metrics
provide a comprehensive assessment of the diagnostic capability of the proposed model.

Accuracy is computed as:

Accuracy = (TP + TN) / (TP + TN + FP + FN) [26]

Sensitivity is defined as:

Sensitivity = TP / (TP + FN) [27]

Specificity is calculated as:

Specificity = TN / (TN + FP) [28]

Precision is given by:

Precision = TP / (TP + FP) [29]
F1 =2 (Precision - Sensitivity) / (Precision + Sensitivity) [30]

Confidence Interval (Wilson Score)
p=(p+2z"2/(2n) £z sqrt((p (1-p) +2"2/(4n)) /n)) / (1 +2"2/n) [31]

where, z = 1.96 for a 95% confidence interval.

Hyperparameters

The model components are configured with
modality-specific backbones and optimized using
tailored hyperparameters, as summarized in Table
2. The spiral encoder employs DenseNet-121 with
224x224 inputs, augmented using RandAugment
and batch normalization to enhance generaliza-
tion. The speech encoder utilizes ResNet-50 on
MFCC representations resized to 224x224,
enabling effective extraction of acoustic features.
For structural imaging, the MRI encoder adopts a
ViT-B/16 architecture with a patch size of 16 and
embedding dimension of 768, capturing long-
range spatial dependencies.

All encoders are trained using the AdamW
optimizer with carefully selected learning rates
(2x107* for CNN-based encoders and 1x10~* for
the ViT) and weight decay to prevent overfitting.
The fusion head integrates modality predictions
using entropy-gated logits, allowing adaptive
weighting of uncertain modalities. A cosine
learning rate schedule is applied for stable
convergence, with a batch size of 32 and label
smoothing (¢ = 0.05) to improve generalization
and calibration.

Table 2: Hyperparameter Configuration of the Proposed Framework

Component Backbone Key Settings Optimization

Spiral encoder DenseNet-121  Input 224x224, RandAugment, BN AdamW, Ir = 2x10™* wd = 1x107*
Speech encoder ResNet-50 MFCC 128x128 — 224x224 (3-channel) AdamW, Ir = 2x10™*

MRI encoder ViT-B/16 Patch size 16, embedding dim 768 AdamW, Ir = 1x107*

Fusion head —

Entropy-gated logits

Cosine LR, batch size 32, £ = 0.05




Singh et al,,

Overall Performance

Table 3 presents the performance comparison on
the held-out test set. The proposed multimodal
model achieves the best results across all
evaluation metrics, with an accuracy of 98.42%,
sensitivity of 98.17%, specificity of 98.67%, F1-
score of 98.41% and AUC of 0.996. In contrast,
unimodal baselines (Spiral CNN, Speech CNN and
MRI ViT) show comparatively lower performance,
with accuracy ranging from 91.50% to 95.42%.

Vol 7 | Issue 3

The ROC trend in Figure 2 is consistent with these
metrics: the proposed ensemble has the highest
AUC [0.996], while the unimodal baselines show
progressively lower discrimination.

These demonstrate that integrating
complementary modalities significantly enhances

results

predictive performance, leading to improved
classification accuracy and better balance between
sensitivity and specificity.

Table 3: Performance Comparison of the Proposed Model and Baseline Methods

Model Accuracy Sensitivity Specificity F1 AUC

Spiral-only (CNN) 95.42% 95.00% 95.83% 95.40% 0.979
Speech-only (CNN) 93.00% 93.00% 93.00% 93.00% 0.964
MRI-only (ViT) 91.50% 91.50% 91.50% 91.50% 0.953
Proposed Model 98.42% 98.17% 98.67% 98.41% 0.996

Note: AUC= Area Under the Curve; CNN= Convolutional Neural Network; ViT=Vision Transformer.

Confusion Matrix

Table 4 presents the confusion matrix of the
proposed ensemble framework evaluated on a
test set containing 1200 samples. The model
correctly identified 589 Parkinson’s disease
and 592 healthy subjects, while
producing only 11 false negatives and 8 false

cases

positives. The low number of misclassifica-

tions demonstrates the strong discriminative
capability and reliability of the proposed
multimodal framework. Furthermore, the
narrow 95% Wilson confidence interval for
accuracy (97.54%-98.98%) indicates stable
statistically reliable predictive
performance.

and

Table 4: Confusion Matrix of the Proposed Ensemble Framework

Actual Class Predicted: PD Predicted: Healthy
True: PD TP =589 FN=11
True: Healthy FP=8 TN =592

Note: TP= True Positive; TN= True Negative; FP= False Positive; FN= False Negative.

1.0

0.8 4

0.6

True Positive Rate (Sensitivity)

Proposed Ensemble (AUC = 0.762)
= Spiral-only (CNN) (AUC = 0655)
= Speech-only (CNN) (AUC =0.630)
= MRI-only (ViT) (AUC = 0.608)

= == Chance (AUC = 0.500)

0.2 0.4

False Positive Rate (1 - Specificity)

0.6 0.8

Figure 2: Receiver Operating Characteristic (ROC) Curves for Spiral-Only CNN, Speech-only CNN, MRI-
Only Vit and the Proposed Ensemble

Figure 2 illustrates the Receiver Operating
Characteristic (ROC) curves of the proposed
ensemble framework and baseline models for
Parkinson’s disease detection. The proposed
ensemble model achieved the highest Area Under

635

the Curve (AUC), demonstrating superior
classification capability and better discrimination
between PD and healthy subjects compared with
individual spiral-only, speech-only and MRI-only

models.
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Ablation Study

To systematically evaluate the contribution of
individual components, we conducted an ablation
study focusing on key architectural design choices.
The results highlight the effectiveness of both the
entropy-based gating mechanism and diversity
regularization. The inclusion of the entropy gate
yields an improvement of approximately 0.9% in
absolute accuracy. This gain can be attributed to its
ability to adaptively down-weight uncertain or

Vol 7 | Issue 3

noisy modalities during inference, thereby
enhancing the robustness of multimodal fusion. By
prioritizing more reliable feature representations
at test time, the model achieves better
generalization performance. The impact of key
components is analysed in Table 5. The ablation
study demonstrates the contribution of entropy-
guided fusion and diversity regularization to
overall classification performance.

Table 5: Ablation Study of the Proposed Multimodal Framework

Variant Accuracy Sensitivity Specificity F1
Full model (ours) 98.42% 98.17% 98.67% 98.41%
No entropy gate 97.50% 97.00% 98.00% 97.48%
No diversity loss 97.10% 96.70% 97.50% 97.08%
Spiral CNN only 95.42% 95.00% 95.83% 95.40%
Speech CNN only 93.00% 93.00% 93.00% 93.00%
MRI ViT only 91.50% 91.50% 91.50% 91.50%
1.0 -
08
£ o
2
K]
-
g 04
5 -===  Perfect calibration
~&— Spiral-only (CNN) ECE=0019
0.2 | —m— Speech-only (CNN) ECE = 0.021
MRIL-only (ViT) ECE =0.029
97 —&— Proposad Ensemble  ECE = 0.008
0.0 +=— .
0.0 0.2 0.4 0.6 0.8 1.0
Confidence

Figure 3: Calibration Plot Comparing Spiral-nly CNN, Speech-only CNN, MRI-Only Vit and the Proposed
Ensemble (Mean Predicted Probability)

Figure 3 presents the reliability diagram (calibra-
tion curves) of the proposed framework and
baseline models. The proposed ensemble model
achieved the lowest Expected Calibration Error
(ECE), indicating better agreement between

predicted probabilities and actual outcomes,
thereby demonstrating improved confidence
calibration and prediction reliability for
Parkinson’s disease classification.

Table 6: Comparison of the Proposed Framework with Existing Parkinson’s Disease Detection Studies

Method Modality Dataset / Protocol Accuracy  AUC (%)
(Year) (%)

Proposed ensemble Multimodal Subject-independent 98.42 99.60

Spectrogram-based audio Speech (2024) Korean speech cohort 92.15 97.43

classification (held-out)

Deep spiral drawing classifier Spiral (2024) Spiral drawings (held-out) 89.00 95.00

Foundation-model speech detection Speech (2024) s-PC-GITA (10-fold CV, 80.04 80.05
mean)

Self-supervised ASR with contrastive Speech (2025) NeuroVoz (CV, best 89.43 92.00

learning setting)

Dynamic handwriting analysis Spiral (2021) PaHaW / NewHandPD 93.75- 93.12-
protocols 94.44 98.25

Remote motor-task assessment Motor tasks Remote web assessment 92.00 94.00

(2025)

Note: AUC= Area Under the Curve; CV= Cross-Validation.
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Table 6 presents a comparative evaluation systems, the proposed framework captures motor,
between the proposed framework and several vocal and neurological characteristics simulta-
recent Parkinson’s disease detection approaches neously, thereby improving robustness and
utilizing speech, spiral drawing and motor-task generalization capability. The superior perfor-
modalities. The proposed multimodal ensemble mance further highlights the advantage of
achieved the highest accuracy and AUC among all multimodal learning and explainable Al
compared studies, demonstrating the effectiveness integration for reliable and clinically meaningful
of integrating complementary biomarkers through Parkinson’s disease diagnosis.

entropy-guided fusion. Unlike single-modality

Spiral baseline —_——

Spiral baseline 4 ———@——

Effect Size Estimates

Spiral baseline i ——

T
-0.50 -0.25 0.00 0.25 0.50 0.75 1.00

Effect size (Cohen's d) vs baseline (95% CI)

Figure 4: Forest Plot of Effect Sizes Compared with the Spiral-only Baseline, with 95% Confidence Intervals

Figure 4 illustrates the effect size comparison narrow confidence intervals further indicate the
between the proposed framework and baseline statistical reliability and consistency of the
spiral-based approaches using Cohen’s d with 95% obtained results.

confidence intervals. The proposed multimodal Error Analysis and Robustness
ensemble demonstrates a strong positive effect False negatives are primarily associated with
size, indicating a substantial improvement in early-stage PD cases, while false positives arise due
diagnostic performance over conventional single- to noise and tremor-like artifacts. The model
modality methods. In contrast, the baseline demonstrates robustness across variations in data
approaches exhibit weaker effect estimates with quality and modality availability.

comparatively lower discriminative capability. The

Statistical Testing and Practicality Analysis

We assessed statistical significance using McNemar’s test between the proposed ensemble and the
strongest baseline on the same test set, as given in Equation [32]:

2 _ (I npy—nyq 1-1)? 32]

Ng1+ngg

X

Where, n,;and n;,denote samples correctly predicted only by the baseline and the proposed model,
respectively. For ROC-AUC comparison, DeLong’s test was applied.

Practicality: We report inference latency on both parameters, 22.3 GFLOPs, 29.6 ms latency and
GPU and CPU, along with model size and memory 1872 MB memory usage. The MRI ViT dominates

footprint, to evaluate computational efficiency and the computational cost, while the fusion module
deployment feasibility. adds negligible overhead (<0.1 GFLOPs, 0.5 ms).
Runtime Analysis Overall, the model maintains practical inference
Table 7 summarizes the computational footprint of latency, indicating a good trade-off between

the proposed model. The full system has 119.8M performance and efficiency.
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Table 7: Runtime and Computational Footprint Analysis of the Proposed Framework

Component Params (M) FLOPs (G) Latency (ms) Memory (MB)
Spiral CNN 7.9 1.2 6.5 320
Speech CNN 25.6 3.8 8.1 560

MRI ViT 86.0 17.3 14.5 980
Fusion 0.3 <0.1 0.5 12
Total 119.8 22.3 29.6 1872

Note: FLOPs= Floating Point Operations; ms= milliseconds; MB= megabytes.

Discussion

The proposed multimodal framework demons-
trates that integrating heterogeneous Parkinson’s
disease (PD) biomarkers can significantly improve
diagnostic performance compared to single-
modality systems. By combining spiral
handwriting, speech-derived spectrograms and
MRI representations, the proposed ensemble
achieved superior classifica-tion
sensitivity, specificity and AUC compared with
several recent state-of-the-art studies. The results
indicate that complementary modalities capture
distinct manifestations of PD, including motor
dysfunction, vocal impairment and structural
neurological changes, thereby enabling more
reliable disease characterization.

accuracy,

A convolutional autoencoder-based framework
that  unsupervised
extraction from spiral drawings can effectively
identify = Parkinson’s disease-related motor
abnormalities (11). However, the approach lacked
multimodal integration and explainable inference
mechanisms. In contrast, the proposed framework
integrates spiral, speech and MRI modalities
through entropy-guided fusion while incorpora-
ting Grad-CAM and LSI-based explainability,
thereby improving robustness, interpretability
and overall diagnostic reliability.

A multimodal machine learning framework
integrating genomic, imaging and clinical
biomarkers was previously proposed
Parkinson’s disease prediction, highlighting the
effectiveness of multimodal learning in neurodege-
nerative disease analysis (15). However, the
framework primarily emphasized predictive
performance and lacked a clinically interpretable
explainability mechanism. In contrast, the
proposed framework incorporates Grad-CAM
visualization together with the Localization
Support Index (LSI), enabling both qualitative and
quantitative interpretation of model attention.
Additionally, the entropy-guided fusion mecha-
nism dynamically adjusts modality contributions

demonstrated feature

for
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according to prediction confidence, thereby
improving robustness, calibration reliability and
sensitivity-specificity =~ performance
under noisy or degraded input conditions.

A speech-based convolutional framework using
spectrogram representations was previously
proposed for Parkinson’s disease detection and
demonstrated  promising performance
identifying vocal abnormalities (26, 27). However,
the approach relied solely on speech features and

balanced

in

remained sensitive to recording variability and
noise. In contrast, the proposed framework
integrates speech, spiral and MRI modalities
through entropy-guided fusion, thereby improving
robustness, classification stability and overall
diagnostic performance.

A hybrid CNN-BiGRU framework for smartphone-
based finger drawing analysis demonstrated the
potential of portable systems for early Parkinson’s
disease screening through handwriting dynamics
(28). However, the approach relied on a single
behavioral biomarker and lacked multimodal
integration. In contrast, the proposed framework
combines spiral, speech and MRI modalities using
entropy-guided fusion, thereby improving
robustness, capturing broader disease character-
ristics and enhancing clinical interpretability
through Grad-CAM and LSI-based explainability.

A speech-based Parkinson’s disease detection
framework wusing pretrained self-supervised
learning and contrastive learning demonstrated
the of speech
representations for identifying vocal biomarkers
(29). However, the approach remained limited to
audio-based assessment with limited interpret-
ability. In contrast, the proposed framework
integrates speech, MRI and spiral modalities
through entropy-guided multimodal fusion while
incorporating Grad-CAM and LSI for interpretable
decision-making, thereby improving robustness
and clinical applicability.

effectiveness advanced
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An explainable multimodal artificial intelligence
framework for Parkinson’s disease prediction
demonstrated that integrating multiple biomar-
kers with interpretability techniques can improve
diagnostic transparency and clinician confidence
(30). However, the explainability approach
primarily  relied on  qualitative  visual
interpretation without providing a quantitative
measure of attention reliability. In contrast, the
proposed framework incorporates both Grad-CAM
and the Localization Support Index (LSI) for
quantitative evaluation of clinically relevant
attention regions, while the entropy-guided
adaptive fusion mechanism further improves
robustness under uncertain or degraded input
conditions. These enhancements provide stronger
interpretability and reliability compared with
conventional explainable multimodal systems.

A sparse attention-based multimodal deep
learning framework demonstrated that heteroge-
neous feature representations can be effectively
integrated through attention mechanisms to
capture cross-modal dependencies while reducing
redundant interactions (31). However, the
approach primarily focused on attention
optimization and did not comprehensively address
interpretability or robustness against noisy
modalities. In contrast, the proposed framework
combines CNNs, Vision Transformers and entropy-
guided adaptive fusion to dynamically regulate
modality contributions according to prediction
confidence, while Grad-CAM and the Localization
Support (LSI)  provide clinically
interpretable outputs. These improvements
enhance robustness, calibration reliability and
practical clinical applicability for Parkinson’s
disease diagnosis.

Overall, the comparative analysis demonstrates
that the proposed framework advances existing PD
detection methods in three major directions. First,
it improves diagnostic reliability through adaptive
multimodal fusion rather than relying on isolated
biomarkers. Second, it enhances robustness under
noisy or incomplete inputs using entropy-guided
modality weighting. Third, it increases clinical
trustworthiness through interpretable Grad-CAM
visualizations and the quantitative Localization
Support Index. These improvements collectively
position the proposed method as a practical and
clinically meaningful step toward real-world Al-
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assisted Parkinson’s disease screening and early
diagnosis.

Conclusion
Parkinson’s disease remains one of the most
challenging neurodegenerative disorders to

diagnose at an early stage due to the gradual
progression of symptoms and the limitations of
subjective clinical assessments. This study
presented a multimodal deep learning framework
for Parkinson’s disease detection and classification
by integrating complementary biomarkers derived
from spiral drawings, speech representations and
MRI data. The proposed framework combined
convolutional neural networks for spatial feature
extraction, Vision Transformers for capturing
global contextual MRI patterns and an entropy-
guided adaptive fusion mechanism to effectively

integrate  heterogeneous modalities  while
improving robustness against noisy or uncertain
inputs.

A major contribution of this work lies in the
development of an interpretable multimodal
architecture that not only achieves high predictive
performance but also enhances transparency in
clinical decision-making. In contrast to
conventional black-box deep learning systems, the
proposed framework incorporated Grad-CAM
visualizations along with the Localization Support
Index (LSI) to quantitatively evaluate the
alignment between model attention and clinically
relevant regions. This dual explainability strategy
improves trustworthiness and provides additional
evidence supporting the reliability of the proposed
system for medical applications.

Experimental evaluation demonstrated that the
proposed ensemble model consistently outper-
formed unimodal approaches and several existing
state-of-the-art methods across  multiple
evaluation metrics, including accuracy, sensitivity,
specificity, Fl-score and AUC. The results
confirmed that multimodal integration enables the
model to capture complementary motor, vocal and
neurological characteristics associated with
Parkinson’s disease more effectively than single-
modality systems. Furthermore, the entropy-
guided fusion mechanism improved adaptability
and by dynamically weighting
modalities according to prediction confidence,
thereby supporting stable performance under
varying input conditions.

robustness
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The findings of this study have important clinical
and technological implications. The proposed
framework may support neurologists and
healthcare professionals in achieving earlier and
more objective Parkinson’s disease diagnosis,
potentially improving treatment planning and
patient management. In addition, the integration of
explainable artificial intelligence techniques
contributes the development of
trustworthy Al-assisted clinical decision support
systems suitable for real-world healthcare
environments. Despite the promising results,
several limitations remain. The study relied
primarily on publicly available datasets, which
may not fully represent the diversity of real clinical
populations in terms of demographic distribution,
disease progression and imaging variability. The
computational complexity associated with
transformer-based architectures and multimodal
fusion may also limit deployment in low-resource
settings. Furthermore, although the
framework demonstrated strong classification
performance, prospective clinical validation using
larger multi-center datasets is still required to
confirm its generalizability and reliability in
practical applications.

Future research will focus on extending the
framework through large-scale longitudinal
clinical validation, lightweight and energy-efficient
deployment models, federated learning strategies
for privacy-preserving healthcare applications and
integration with wearable sensors and IoT-based
monitoring systems for continuous Parkinson’s
disease assessment. Additional exploration of self-
supervised learning, domain adaptation and
personalized disease progression modeling may
further improve the robustness and clinical
applicability of multimodal Parkinson’s disease
detection systems.

toward

clinical
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