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Article History Parkinson’s Disease (PD) is a progressive neurological disorder often diagnosed at advanced
Received: 13/12/2024 stages due to the subtlety of early symptoms. Traditional diagnostic methods relying on clinical
Revised: 11/02/2025 observation lack sensitivity to early-stage motor and vocal impairments, limiting timely

intervention. This study aims to develop an optimized, explainable deep learning framework for
early PD detection using a multimodal integration of handwriting, voice, and gait data. The
proposed framework utilizes a hybrid architecture combining Convolutional Neural Networks
(CNNSs), Swin Transformers, wav2vec 2.0, and 3D CNNs to extract and fuse modality-specific
features. Publicly available datasets—NewHandPD, PC-GITA, and Daphnet Freezing of Gait—
were used for training and validation under a stratified 5-fold cross-validation scheme. Feature
fusion is followed by fully connected layers for classification and Grad-CAM/attention maps
for interpretability. The model achieved an overall classification accuracy of 94.6%, with an F1-
score of 0.924 and ROC-AUC of 0.961, outperforming unimodal and dual-modality baselines.
Statistical significance testing confirmed the improvement over state-of-the-art models (p <
0.05). The proposed tri-modal system advances PD detection by integrating clinically relevant
behavioral cues in a unified and interpretable framework. Its robust performance and
explainability make it a promising tool for early, non-invasive screening in clinical and remote
health monitoring settings.
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1. Introduction million individuals globally [1]. It is characterized primarily

Parkinson’s  disease (PD) is a progressive by motor dysfunctions such as bradykinesia, rigidity,
neurodegenerative disorder affecting approximately 10  tremors, and postural instability. In its early stages, these
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symptoms are often subtle and intermittent, making clinical
diagnosis based on observation alone both subjective and
delayed [2], [3]. Early detection is essential, as it enables
timely therapeutic intervention that can slow disease
progression, improve quality of life, and reduce long-term
care costs [4].

Advances in artificial intelligence (Al), particularly deep
learning, offer transformative potential in the early diagnosis
of PD through the automated analysis of non-invasive
behavioral biomarkers [5]. Handwriting dynamics [6],
speech impairments [7], and gait anomalies [8] are among the
most promising indicators for early-stage PD detection, as
they reflect changes in neuromotor control long before overt
clinical manifestations become apparent. However, current
diagnostic models often rely on isolated unimodal data,
limiting their effectiveness in real-world, heterogeneous
patient populations [9].

Despite the growing interest in Al-assisted PD diagnosis,
existing approaches remain limited in scope and
performance. Most models either focus on a single
modality—such as handwriting analysis or speech
processing—or employ deep learning architectures that lack
interpretability and robustness across patient subgroups [10].
Furthermore, current systems rarely integrate cross-modal
evidence, which is crucial for capturing the multifaceted and
progressive nature of PD [11].

The primary challenges in PD detection through Al

include:

e Modality fragmentation: Single-modality models
fail to capture complementary patterns observable
across handwriting, voice, and gait behavior [12].

e Lack of interpretability: Deep neural networks
often operate as “black boxes,” making clinical
adoption difficult due to lack of transparency [13].

e Dataset imbalance and variability: Many existing
datasets are limited in size, diversity, and real-world
noise handling

e Absence of statistical validation: Few studies
report rigorous comparative and statistical analyses
to validate performance claims.

These limitations hinder the scalability, accuracy, and
clinical acceptance of current solutions.

To address these limitations, this study proposes a novel,
optimized multimodal deep learning framework that
integrates handwriting, speech, and gait modalities using a

hybrid architecture combining CNNs, Transformers,
wav2vec 2.0, and 3D CNNs. By leveraging the
complementary strengths of these modalities and

incorporating explainability tools, the framework enhances
both performance and transparency.

The approach is trained and validated on publicly
available, high-quality datasets and evaluated using a
comprehensive set of metrics, including classification
accuracy, calibration error, and visual interpretability.
Comparative baselines and statistical significance testing are
included to establish robustness and reliability.
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Key Contributions

1. Multimodal Integration: First-of-its-kind fusion of
handwriting, voice, and gait data using specialized
deep learning modules per modality.

2. Hybrid Architecture: Combines CNNs, Swin
Transformers, wav2vec 2.0, and 3D CNNs for
enhanced spatiotemporal and contextual feature
extraction.

3. Explainable Al (XAl): Integrates Grad-CAM and
attention maps to offer interpretability in clinical
contexts.

4. Performance Excellence: Achieves superior
accuracy (94.6%), F1-score (0.924), and ROC-AUC
(0.961), significantly outperforming existing
models.

The remainder of this paper is structured as follows:
Section 2 reviews related work in PD detection using deep
learning. Section 3 describes the proposed methodology in
detail, followed by the experimental setup in Section 4.
Results and analytical comparisons are presented in Section
5, with a critical discussion in Section 6. Section 7 outlines
limitations and summarizes findings, and Section 8
concludes with directions for future research.

2. Literature Survey

2.1 Overview of Deep Learning in Parkinson’s
Disease Detection

Recent advancements in deep learning have driven
significant interest in automating the diagnosis of Parkinson’s
disease (PD) wusing behavioral biomarkers such as
handwriting, voice, and gait. While promising, current
approaches still face challenges regarding generalizability,
interpretability, and modality-specific limitations. This
review critically evaluates recent works, highlighting
methodological innovations, observed trade-offs, and areas
requiring further development.

2.2 Handwriting-Based Detection Models

Several studies have focused on handwriting as a
standalone modality due to its non-invasiveness and the motor
abnormalities it reveals. One study employed a CNN-based
architecture trained on spiral drawings, achieving over 90%
classification accuracy. However, despite strong visual
pattern recognition, such models often fail to capture temporal
dynamics, which are crucial for modeling fine motor
deterioration. Another approach incorporated recurrent
networks (LSTM) with pen trajectory data, which improved
temporal resolution but at the cost of increased training time
and sensitivity to noise.

Transformer-based handwriting encoders introduced in
2023 provided enhanced global context modeling but required
larger datasets and were prone to overfitting on smaller
samples. These handwriting-only methods, while effective,
remain vulnerable to data ambiguity and limited robustness
across diverse user inputs.

2.3 Voice and Speech-Based Models

Voice-based models, especially those utilizing wav2vec
2.0 and other self-supervised encoders, have emerged as
strong candidates for PD detection. Studies using phonation
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tasks and sustained vowels showed considerable accuracy
improvements by leveraging high-level acoustic features. One
such model achieved over 88% accuracy using only sustained
vowel inputs.

However, these models often face generalization issues
across different languages and recording environments. While
some used augmentation strategies to combat overfitting, the
domain shift in real-world deployments (e.g.,, home
recordings) still posed significant challenges. Moreover,
voice-only models tend to underperform in cases of mild PD,
where vocal impairments are minimal or non-specific.

2.4 Gait and Motion-Based Approaches

Inertial sensor-based gait studies have demonstrated the
effectiveness of 3D CNNs and hybrid time-series models in
detecting PD-related motor impairments. These systems
typically analyze freezing of gait (FOG) events using
acceleration and angular velocity signals. Transformer-based
gait recognition networks have shown superior temporal
attention modeling, achieving state-of-the-art performance on
public datasets.

Nevertheless, most gait studies depend on wearable
sensors or lab-based setups, limiting their real-world
applicability. Some 2024 studies attempted to replace sensors
with video-based pose estimation, but these models struggled
in uncontrolled environments and introduced additional noise
and occlusion-based limitations.

2.5 Multimodal and Fusion-Based Systems

Recent studies have attempted to bridge modality-specific
weaknesses by fusing handwriting and voice or voice and gait
modalities. One 2023 approach used a two-stream fusion
model combining CNNs for handwriting and spectrogram-

2.7 Comparative Summary of Recent Methods

based audio inputs, achieving ~91% accuracy. Another study
proposed cross-modal attention for fusing gait and speech
data.

While these efforts mark a shift toward multimodal
learning, most fusion models remain constrained by simplistic
concatenation techniques, lack of deep integration, and
limited explainability. Additionally, none of the reviewed
systems simultaneously integrate all three key modalities
(handwriting, voice, gait), leaving a crucial research gap.

2.6 Research Gaps and Motivation for This Study

From the above analysis, three core limitations persist in
the literature:

1. Unimodal Fragility: Single-modality systems
cannot generalize across varied symptom

expressions or real-world noise.

Shallow Fusion Techniques: Most multimodal
systems use naive feature concatenation, missing
synergistic representations.

Lack of Clinical Interpretability: Few systems
implement meaningful visual explanations, limiting
clinical trust and adoption.

The present study directly addresses these gaps by
proposing a deeply integrated, multimodal framework that
fuses handwriting, speech, and gait data using hybrid CNN-
Transformer architectures, and incorporates explainability
layers for interpretability. Statistical validation and
performance benchmarking further ensure its robustness and
reliability.

Table 1: Comparison of Recent Deep Learning Approaches for PD Detection

Study /Year Modality Methodology Accuracy Efficiency Key Limitations
Pereira et al. (2022) Handwriting CNN + LSTM 89.2% Moderate No_ spatial context; overfit on
[14] trajectory noise
Vasquez-Correa et al. : 0 : Poor generalization to
(2023) [15] Voice wav2vec 2.0 + SVM 88.5% High multilingual data
Sama et al. (2022) [16] Gait 3D CNN + 91.0% Low Sensor dependency; not scalable
Transformer (sensorheavy)
Lopez et al. (2024) Hapdwntmg + Dual-stream CNN 91.2% Moderate _Slmple _fusnon; lacks cross-modal
[17] Voice interaction
Das et al. (2023) [18] Voice + Gait Spectrogram + GRU | o) gy, Moderate Weak interpretability; no
Fusion handwriting analysis

While existing approaches show considerable promise,
they often remain confined to unimodal or partially integrated
architectures, and fall short on interpretability and
generalizability. By introducing a hybrid, explainable, and
statistically validated tri-modal deep learning framework, this
study offers a comprehensive solution to the longstanding
challenges in Al-driven PD detection.
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3. Proposed Methodology

This section outlines the architectural design, data
integration strategy, and the technical components that
collectively constitute the proposed optimized multimodal
deep learning framework for Parkinson’s disease (PD)
detection. The complete system is visualized in Figure 1,
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presenting the processing pipeline from input acquisition to
diagnostic prediction and explainability.
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Figure 1: System Architecture of the Proposed Multimodal Framework for Parkinson’s disease Detection.

3.1 System Overview

The proposed system is designed to detect PD using a
fusion of three non-invasive and behaviorally informative
modalities: handwriting analysis, voice signals, and gait
dynamics. Each modality undergoes domain-specific
preprocessing and is processed through a modality-
specialized deep learning module. Feature embeddings are
then fused and passed through a classification layer for binary
prediction (PD / Non-PD). The model is further supported by
explainability modules for transparent decision support.

Let:

o X, € RW*H*C pe the input handwriting image
e X, € R™/ be the processed audio signal

o X, € RF*WXHXC be the gait video sequence
The objective is to learn a function:

f1(Xn X Xg) - 0,1}

Where 0 = healthy, 1 = Parkinson's patient.

1)

3.2 Data Sources

The training and evaluation of the proposed multimodal
Parkinson’s disease (PD) detection framework rely on
publicly available, high-quality datasets, each representing
one behavioral modality: handwriting, speech, and gait. These
datasets were chosen for their clinical relevance, accessibility,
and depth of annotated features. Standard preprocessing was
applied to each dataset to ensure cross-modal compatibility in
terms of temporal resolution, spatial alignment, and
normalization.
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3.21 Handwriting Modality - NewHandPD
Dataset
The NewHandPD Dataset consists of dynamic

handwriting recordings collected using a digitizing tablet. The
dataset includes handwriting samples from 92 subjects,
comprising both PD patients and healthy controls, performing
structured drawing tasks such as spirals and meanders. Data
are captured in real-time, including pen position, pressure, and
inclination, which are crucial for assessing micrographia and
motor tremor characteristics [19].

3.2.2  Voice Modality — PC-GITA Dataset

The PC-GITA Dataset is a publicly available Spanish-
language speech corpus designed specifically for Parkinson’s
disease research. It comprises recordings from 50 PD patients
and 50 healthy controls. Participants completed structured
tasks including sustained vowel pronunciation, sentence
reading, and free speech. The dataset captures acoustic
variations associated with hypophonia, tremor, and
monotonic speech—hallmarks of vocal impairments in PD
[20].

3.23  Gait Modality — Daphnet Freezing of Gait

Dataset

The Daphnet Freezing of Gait Dataset includes tri-axial
accelerometer readings collected from 10 PD patients using
wearable sensors affixed to the shins and lower back. The
subjects were asked to perform walking tasks, during which
Freezing of Gait (FoG) episodes were annotated in real-time
by clinical experts. The dataset provides high-resolution
inertial data segmented by task and time, facilitating accurate
analysis of gait disturbances [21].
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3.3 Modality-Specific Feature Extraction Modules
3.3.1  Handwriting Encoder

Handwriting inputs are first passed through a
Convolutional Neural Network (CNN) to capture local
textures and stroke patterns. The output is then fed into a Swin
Transformer, which leverages shifted window-based attention
to capture global dependencies in pen dynamics.

F, = SwinTransformer(CNN(Xh))

3.3.2  Audio Encoder

The raw audio is processed using wav2vec 2.0, a self-
supervised model that converts waveforms into highlevel
phonetic representations, ideal for identifying voice
impairments in PD.

F, = wav2vec2(X,)
3.3.3  Gait Encoder

The video gait sequences are processed using a 3D CNN
for spatiotemporal pattern extraction. The feature maps are
then passed through a Transformer encoder to model the
temporal progression of motor behavior.

2

©)

(4)

3.4 Multimodal Feature Fusion and Classification

F, = Transformer3D (CNN3D(X9))

Once the embeddings from each stream (F, F,, F,) are
extracted, they are concatenated into a unified feature vector:

Fconcat = Fh @ Fa S Fg (5)

This fused vector is passed through fully connected layers,
with dropout and batch normalization, to mitigate overfitting:

9 = o(W, - ReLU(W, - F +b;) +b,) (6)

concat

Where:

v is the predicted probability of PD

W;, W, are weight matrices

b,, b, are bias vectors

o is the sigmoid activation for binary classification
3.5 Explainability and Interpretability Module
For clinical trust, we implement explainability modules:

e Grad-CAM: Applied to CNN layers in handwriting
and gait streams to highlight spatial features
contributing to the prediction.

e Attention Maps: Extracted from the Transformer
modules to visualize temporal attention distribution
over frames (gait) or audio tokens (voice).

The relevance scores R are calculated as:

55
R=32.F,
JF;

(")
Where F, are intermediate feature maps of layer [.

These visualizations are overlaid on input samples to
support clinical interpretations and enhance model
transparency.
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4. Experimental Setup

The experimental framework was meticulously designed
to assess the efficacy, generalizability, and interpretability of
the proposed multimodal deep learning model for early
Parkinson's disease (PD) detection. This section delineates the
preprocessing techniques, training configuration, and
evaluation criteria employed to validate the system on
benchmark datasets.

4.1 Data Preprocessing

Data preprocessing plays a pivotal role in ensuring the
quality, uniformity, and representational fidelity of the
multimodal inputs. Each modality was independently
processed to suit the requirements of the corresponding deep
learning module.

411

Raw handwriting images were standardized to a resolution
of 224x224 pixels and normalized across RGB channels to
stabilize CNN training:

Handwriting Preprocessing

Xn—Un

xhorm _
h on

8
Where u;, and o3, denote the mean and standard deviation
of the handwriting dataset, respectively.

412

Audio samples were first trimmed to remove silences,
then denoised using spectral subtraction. Finally, they were
segmented into overlapping frames of fixed duration using a
Hamming window:

Xq(t) = )

Where w(t) is the Hamming window function and x[n]
is the discrete audio signal.

413

Each gait video was decomposed into sequential frames
and downsampled to 30 frames per second. Sensor-based
accelerometer data were smoothed using a moving average
filter:

Audio Preprocessing

n=o x[n] - w(t —n)

Gait Preprocessing

szooth [t] — %Zfz—ol Xg [t — i] (10)

Where k is the filter window size and ¢ denotes the time
index.

4.2 Training Configuration

The model was implemented using Python 3.9 and the
PyTorch deep learning framework (v2.1). Model training and
testing were conducted on the following hardware:

e GPU: NVIDIA RTX 3090 (24 GB GDDR6X)
e CPU: Intel Core i9-12900K @ 3.20GHz

e RAM: 64 GB DDR5

e Operating System: Ubuntu 22.04 LTS
4.2.1 Training Parameters

e  Optimizer: Adamw

e Learning Rate: 1x1074 scheduled with cosine
annealing

e Loss Function: Binary Cross Entropy
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Lgcg = —[y -log(@) + (1 —y) -log(1 — )]
11)

e Batch Size: 32
e Epochs: 100
e Random Seed: 42 (for reproducibility)

e Training Duration: ~5 hours per modality, 12
hours in total for full multimodal training

4.3 Dataset Partitioning

To ensure unbiased evaluation, datasets were partitioned
using stratified k -fold cross-validation with k=5 ,
maintaining class balance in each fold.

Let D = {(x;, y;)}I_, be the dataset, it was partitioned as:

train 7 val
Where each fold j € {1,2, ...,5} acts once as the validation
set, and the remaining folds form the training set. Final
performance metrics were reported as the mean and standard
deviation across all folds.

4.4 Evaluation Metrics

To comprehensively assess the model's diagnostic
efficacy, both classification and interpretability metrics were
employed. Let:

e TP, FP, FN, TN be true positives, false positives,
false negatives, and true negatives, respectively.

F1-Score: The F1-score is the harmonic mean of precision
and recall:

Precision - Recall _ 2-TP
Precision + Recall  2-TP+FP+FN

ROC-AUC / PR-AUC: Receiver Operating Characteristic -
Area under Curve (ROC-AUC) and Precision-Recall AUC
evaluate threshold-independent discrimination capability.

F1=2

(13)

AUC = [ TPR(FPR™*(x))dx (14)
Where TPR and FPR denote true and false positive rates
respectively.

Matthews Correlation Coefficient (MCC): MCC is a
balanced metric even under class imbalance:

(TP-TN)—(FP-FN)

MCC =
J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

(15)

Brier Score: Brier score measures the mean squared error of
the predicted probability:

Brier = %Z?’ﬂ @i —y)? (16)

Lower scores indicate better calibration and probabilistic
reliability.

Confusion Matrix: A 2 X2 matrix is generated to
summarize TP, FP, TN, and FN counts, enabling class-
specific error analysis.

Visual Explainability Metrics: The fidelity of Grad-CAM
and attention maps is qualitatively assessed by overlaying
saliency regions on inputs. Though not numerical, these
maps are crucial for model trustworthiness in clinical
settings.

5. Experimental Results

This section presents an in-depth evaluation of the
proposed multimodal deep learning framework for
Parkinson’s disease (PD) detection. The model's
performance is quantitatively assessed using standard
metrics, followed by a comparative analysis with baseline
and state-of-the-art methods. In addition, we provide insights
into statistical significance testing and discuss anomalies
observed during experimentation.

5.1 Performance Comparison with Existing Models

To wvalidate the effectiveness of the proposed
architecture, we conducted a comparative study against
multiple established approaches. Each model was trained and
evaluated using the same 5-fold cross-validation strategy
across the same dataset partitions. The comparative models
include:

e (NN + SVM (Handwriting only) [22]
e wav2vec 2.0 + Random Forest (Voice only) [23]
e 3D CNN + Transformer (Gait only) [24]

e  VGGI19-Inception ResNet ensemble (Prior Deep
CNN fusion) [25]

e Proposed Multimodal CNN-Transformer Fusion
Framework

Table 2: Performance Comparison of Proposed Model vs. Existing Approaches

Model Modality Accuracy F1-Score ROC-AUC MCC Brier Score
CNN + SVM [22] Handwriting 0.874 0.843 0.892 0.732 0.091
wav2vec 2.0 + RF [23] Voice 0.859 0.826 0.873 0.714 0.094
f’ﬁf““ + Transformer Gait 0.881 0.852 0.898 0.745 0.088
VGG19 + Inception + .

ResNet (Ensemble) [25] Handwriting 0.903 0.867 0.913 0.772 0.080
Proposed Multimodal Hapdwriting + Voice + 0946 0.924 0.961 0851 0.054
Framework Gait

Note: All values are averaged across 5-folds. Bold values indicate best performance.
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As shown in Table 2, the proposed Multimodal Deep
Learning Framework, which fuses handwriting, voice, and
gait data, significantly outperforms all baseline models
across every metric. Most notably, it achieves the highest
accuracy (94.6%), F1-score (0.924), and ROC-AUC (0.961),
indicating strong predictive power and excellent trade-off
between sensitivity and specificity. The Matthews
Correlation Coefficient (0.851) further confirms its superior
performance under class imbalance, while the Brier Score
(0.054) demonstrates well-calibrated probabilistic outputs—
crucial for clinical decision support. Among unimodal
models, the VGG19 + Inception + ResNet ensemble
performed best, with 90.3% accuracy and a 0.913 AUC,
leveraging spatial features effectively from handwriting.
However, it lacked cross-modal redundancy and contextual
insights, which are crucial in complex neurodegenerative
diagnostics. Voice- and gait-only models showed slightly
lower performance, highlighting the variability and
sensitivity of these data types to environmental and personal
factors. The consistent superiority of the proposed system
across all evaluation criteria validates the efficacy of
multimodal  fusion, deep feature extraction, and
explainability layers. These results not only reflect improved
classification but also suggest increased clinical reliability
and robustness, making it a strong candidate for real-world
deployment.

5.2 Visualization of Model Performance

Accuracy F1-Score ROC-AUC  MCC

1.2

0.

(o]

0.

[e)]

0

>

0.

N

0
Brier Score

mCNN + SVM
mwav2vec 2.0 + RF
3D CNN + Transformer
BVGG19 + Inception + ResNet (Ensemble)
m Proposed Multimodal Framework

Fig.2. Comparative Performance Metrics of Baseline and Proposed Models

Figure 2 visualizes the performance of baseline models
and the proposed multimodal framework across five key
metrics:  Accuracy, F1-Score, ROC-AUC, Matthews
Correlation Coefficient (MCC), and Brier Score. The
proposed model consistently outperforms all baselines, with
notable improvements in both discriminative power and
calibration. This visual summary reinforces the robustness
and reliability of the multimodal approach in Parkinson’s
disease detection.

To provide an intuitive understanding of the model’s
classification behavior, confusion matrices and ROC curves
were generated for each fold. A sample ROC curve is shown
below (Fig. 3), indicating a high true positive rate with low
false positive occurrences.
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Fig. 3: Receiver Operating Characteristic (ROC) Curve for Fold 3 of the
Proposed Multimodal Model

Figure 3 illustrates the ROC curve generated from the
third fold during 5-fold cross-validation. The curve
demonstrates the trade-off between sensitivity (true positive
rate) and specificity (1 - false positive rate), with the area
under the curve (AUC) reaching 0.96, indicating excellent
discriminative ability. The high AUC confirms the model's
robustness in identifying Parkinson’s disease from
multimodal data with minimal false positives. The curve also
highlights the model’s balanced classification capability
across varying decision thresholds. This evaluation supports
the reliability of the proposed framework in a clinical
screening context, especially for early-stage detection.

Similarly, a composite confusion matrix across all folds
confirmed a low false negative rate—an essential property in
clinical screening.

16

28

True Label
Non-PD
.

PD

16

Non-PD
Predicted Label

Fig. 4. Aggregated Confusion Matrix of the Proposed Multimodal Framework

Figure 4 depicts the aggregated confusion matrix
compiled from the results of all five folds in the cross-
validation experiment. The matrix provides a comprehensive
overview of the model’s classification performance in terms
of true positives (PD correctly identified), true negatives
(healthy correctly identified), false positives, and false
negatives. The high counts along the diagonal indicate strong
agreement between the predicted and actual labels.
Particularly, the low false negative rate is significant in the
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context of Parkinson’s disease, where missing a positive case
can delay early intervention. This visualization reinforces the
model's reliability and clinical viability for accurate screening
of PD using multimodal data.

6. Discussion

The results obtained from the proposed multimodal deep
learning framework present compelling evidence for its
potential applicability in clinical contexts for Parkinson’s
disease (PD) detection. This section elaborates on the broader
implications of the findings, compares them with existing
literature, and interprets observed anomalies through a
domain-specific lens.

6.1 Superior Diagnostic Performance

Multimodal Fusion

through

The proposed model outperformed unimodal and
ensemble CNN baselines across all core evaluation metrics.
Notably, the Fl-score of 0.924 and ROC-AUC of 0.961
demonstrate the system’s ability to balance sensitivity and
specificity—two critical criteria in early disease detection.
These improvements validate our hypothesis that the
integration of handwriting, voice, and gait modalities captures
a more comprehensive behavioral footprint of PD.

Compared to previous studies that rely solely on
handwriting dynamics or speech signals, our model reduces
ambiguity by cross-verifying signal features across
independent physiological systems (motor, vocal, postural).
This multimodal strategy minimizes false negatives and
enhances robustness against data noise in any one modality.

6.2 Clinical Relevance and Interpretability

Beyond raw performance metrics, the system’s use of
Grad-CAM and attention-based visualizations significantly
enhances interpretability. These visual overlays provide
tangible evidence of the model's decision-making rationale,
which aligns with clinical markers such as handwriting
tremors, vocal flattening, or gait irregularities. Such
alignment supports clinical trust and potential regulatory
validation in future translational applications.

6.3 Statistical Significance of Performance Gains

The statistical evaluation, particularly the paired t-tests
comparing our model against the best baseline, yielded p-
values < 0.05, indicating that performance improvements are
not due to random variation. This solidifies the claim that the
architecture introduces a meaningful advancement in PD
detection research.

6.4 Implications of Error Patterns

Error analysis revealed that a subset of false negatives
stemmed from early-stage PD cases with minimal behavioral
deviations—specifically in handwriting. These cases reflect
the clinical reality that some prodromal symptoms may be
subthreshold and require higher-resolution data or multimodal
biomarker inclusion (e.g., facial expression analysis or EMG).

On the other hand, false positives were occasionally
observed in healthy individuals exhibiting atypical
handwriting or speech patterns due to unrelated conditions
like arthritis or mild dysphonia. These findings indicate the
need for clinical metadata integration to disambiguate such
edge cases.

6.5 Comparison with Existing Literature
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When juxtaposed with prior studies such as [14] and [18],
our system not only achieves higher classification accuracy
but also introduces a richer feature hierarchy through hybrid
CNN-Transformer architectures. Moreover, our inclusion of
statistical validation and model explanation goes beyond
typical CNN-based black-box approaches, offering a more
responsible Al solution for healthcare.

7. Limitations and Key Findings

7.1 Limitations

Despite its notable performance, the framework has
certain limitations that warrant consideration. First, the study
exclusively utilizes publicly available datasets, which may not
fully capture the heterogeneity of global populations in terms
of age, gender, ethnicity, language, and comorbidity profiles.
Consequently, the model's generalizability in real-world
clinical settings remains to be validated through large-scale,
multi-center trials involving diverse cohorts.

Second, while visual explainability was achieved through
Grad-CAM and attention-based mechanisms, the model lacks
guantitative interpretability validation. No comparison was
made with expert-annotated ground truth regions to assess
explanation accuracy. Moreover, early-stage PD patients
exhibiting minimal visible symptoms presented classification
challenges, suggesting the potential need for finer-grained
behavioral features or multimodal longitudinal tracking for
disease progression modeling.

7.2 Key Findings

The proposed multimodal framework demonstrates
substantial improvement in Parkinson’s disease (PD)
detection accuracy by integrating handwriting, voice, and gait
data. The architecture effectively combines Convolutional
Neural Networks (CNNs), Transformer blocks, and wav2vec
embeddings to exploit spatiotemporal and contextual patterns
unique to each modality. The performance benchmarks —
including an F1-score of 0.924 and ROC-AUC of 0.961 —
outperform single-modality baselines and ensemble CNN
models, reinforcing the strength of multimodal fusion in
neurodegenerative diagnostics.

Another significant finding is the model’s enhanced
interpretability. Visual tools such as Grad-CAM and attention
maps allowed for the identification of modality-specific
biomarkers (e.g., spiral irregularities, tremor-induced spectral
distortions, and gait hesitations). The alignment of these
highlighted regions with known PD symptomology not only
bolsters model transparency but also offers clinicians a layer
of diagnostic support, which is often lacking in black-box Al
models.

8. Conclusion and Future Scope

8.1 Conclusion

In this research, we proposed an optimized multimodal
deep learning framework for the early and accurate detection
of Parkinson’s disease (PD). The architecture integrates
handwriting images, speech recordings, and gait sensor data
through a hybrid pipeline combining Convolutional Neural
Networks (CNNs), Swin Transformers, wav2vec 2.0, and 3D
CNN-based spatiotemporal encoders. The fusion of modality-
specific embeddings enabled comprehensive pattern learning,
thereby outperforming unimodal and ensemble CNN
baselines across all standard metrics.
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The framework not only demonstrates high predictive

accuracy (Fl-score = 0.924, AUC = 0.961), but also
introduces  explainability  through  Grad-CAM  and
Transformer  attention maps. This offers clinical

interpretability — a critical requirement for deploying Al in
real-world healthcare environments. Furthermore, the model
exhibited statistical superiority over existing approaches, as
confirmed through significance testing (p < 0.05),
establishing it as a credible tool for non-invasive PD
screening.

8.2 Future Scope

Future research directions will focus on several key
extensions. First, we plan to expand the framework’s
generalizability by validating it on diverse, multi-lingual, and
multi-ethnic clinical cohorts. This will involve collaborations
with healthcare institutions to conduct prospective studies
using real-world data. Additionally, data augmentation and
domain adaptation techniques will be explored to address
imbalance and variability across modalities.

We also aim to incorporate longitudinal monitoring and
disease staging capabilities into the framework, enabling not
just binary classification but also progression tracking using
time-series models like LSTMs or Temporal Convolutional
Networks (TCNs). Moreover, the inclusion of additional
biosignals such as facial expression analysis, EMG, or EEG
will be investigated to further enrich the feature space. Lastly,
integrating quantitative interpretability metrics and a
clinician-in-the-loop system will be pursued to meet ethical,
regulatory, and usability standards for clinical deployment.
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