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Abstract

Parkinson’s Disease (PD) is a progressive neurodegenerative disorder affecting millions
worldwide. Early and accurate detection of PD remains a critical challenge. In this work, we
propose a novel deep learning ensemble framework that simultaneously analyzes multimodal
data — specifically, handwritten spiral/wave drawings and brain MRI scans — to detect PD. We
introduce a two-stage ensemble architecture combining multiple convolutional neural networks
(CNNs) and a meta-learner to integrate complementary features. Our method leverages the
publicly available Parkinson’s Drawings dataset and the PPMI MRI dataset. In extensive
experiments, our proposed model achieves classification accuracies exceeding those reported
in recent studies. Table 1 compares our performance to state-of-the-art methods, showing clear
improvements. Detailed analysis and ablation studies show the effectiveness of our approach.
These results suggest that multimodal deep ensembles can significantly enhance early PD
diagnosis.
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Introduction

Parkinson’s disease (PD) is a progressive neurodegenerative disorder characterized by loss of
dopaminergic neurons leading to motor deficits such as tremor, rigidity, and bradykinesia, as well
as non-motor symptoms (cognitive impairment, sleep disturbances, etc.). Early and accurate
diagnosis of PD is essential for timely intervention and improved patient outcomes. However,
PD pathology often begins years before clinical symptoms emerge, making early detection
challenging?. One of the earliest motor signs of PD is micrographia — a reduction in handwriting
size and increasing cramped handwriting — which can occur before overt tremor appears®. Thus,
handwriting tasks (e.g. spiral or wave drawings) are increasingly recognized as potential digital
biomarkers for early PD*. Magnetic resonance imaging (MRI) also plays a vital role, as PD
induces structural and functional brain changes (e.g. substantia nigra iron accumulation, cortical
thinning) that can be detected on MRI scans®. Compared to invasive and expensive scans (e.g.
SPECT), handwriting analysis is simple and inexpensive, and combining multiple modalities
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may further improve diagnosis®. Recent advances in machine learning (ML) and especially deep
learning (DL) enable automatic extraction of complex features from high-dimensional data, and
have been applied to PD detection tasks from various data types such as handwriting, speech,
gait, and imaging’. Ensemble learning and multimodal fusion have shown promise in medical
diagnosis by integrating complementary information from different sources®. For PD, fusion of
data sources (e.g. handwriting and neuroimaging) could capture both motor and neural
biomarkers. In this work we propose a novel ensemble deep learning framework that fuses
features from handwriting images (spiral/wave drawings) and brain MRI scans to classify PD vs.
healthy status. We address both general PD detection and the challenging task of early-stage PD
detection. We leverage publicly available datasets (handwriting and MRI) for training and
evaluation. The proposed method integrates convolutional neural networks (CNNs) for each
modality and a fusion mechanism (cross-modal attention) to combine them (Fig. 1). We compare
performance with recent methods on PD detection®~'°. This study aims to demonstrate that
combining handwriting and MRI in a unified model can improve PD classification accuracy and
provide a robust tool for early diagnosis.

Literature Review

Handwriting and drawing tasks (spirals, waves) have long been used to study motor control in
PD. In recent years, DL models have been applied to images of handwriting samples for PD
detection. For example, Shyamala et al. developed a hybrid deep fusion network that merges
ResNet-50 and GoogleNet features on spiral drawing images, achieving up to 99.12% accuracy
in discriminating early PD vs. healthy controls''. They used attention-based feature fusion and
hierarchical ensemble learning, illustrating the power of combining multiple CNN backbones for
handwriting analysis'. Similarly, Farhah et al. applied transfer learning with CNNs (VGG19,
InceptionV3, ResNet50v2, DenseNet169) to classify PD from spiral drawings. Their best model
(InceptionV3) achieved 89% accuracy and a high ROC value (0.95) on a set of 102 spiral
images'?. Shastry (2025) built a deep neural network on combined spiral and wave drawings (204
images) using HOG preprocessing. The DNN outperformed various ML and DL baselines,
improving PD diagnosis accuracy by large margins and demonstrating the utility of combining
spiral and wave modalities for early PD detection*?.

Beyond individual CNNs, ensemble and fusion approaches have been shown to boost robustness.
For instance, Benredjem et al.(2024) proposed a multimodal DL framework (PMMD)
integrating spiral drawing images, Arabic handwriting, and clinical data (e.g. age, symptom
scales) with cross-modal attention. This model achieved 96% accuracy on an independent test
set, highlighting that handwriting features serve as valuable biomarkers when fused with clinical
information'. Heliyon reviewed recent ML and DL methods on handwriting and voice for PD;
the authors concluded that combining features from multiple modalities improves diagnostic
accuracy and could identify novel biomarkers's. In ensemble learning, Khedimi et al. (2024)
presented a unified DL-ensemble model using only voice features (speech data) for PD detection
and motor severity regression. Their stacked ensemble with XGBoost achieved 99.37%
classification accuracy and high regression R* on UPDRS scores, illustrating the potency of
hybrid attention-based fusion models®. Although focused on voice, this work demonstrates how
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multi-branch networks with attention and stacking can yield highly accurate PD models. On the
neuroimaging side, deep learning on MRI for PD has also seen significant progress. Mahendran
et al. (2024) trained individual CNNs (VGG16, ResNet50, InceptionV3) on DaTscan and MRI
images from the PPMI database and combined them with a fuzzy fusion ranking algorithm. Their
ensemble model achieved 98.92% accuracy for PD classification, showing that CNN ensembles
with advanced fusion can effectively identify PD from brain scans'é. Verma et al. (2024)
proposed a 3D-ResNet and custom 3D-CNN with feature fusion (via Canonical Correlation
Analysis and Whale Optimization) to distinguish controls, prodromal, and PD subjects. This
approach reached ~97% accuracy in multi-class classification, confirming that deep 3D models
can capture volumetric MRI biomarkers'’. Li et al.(2024) applied an improved YOLOvVS
network (with attention mechanism) for object-detection style classification of PD from MRI,
reporting ~96.1% precision and ~97.4% recall on T2-weighted scans'®. While YOLO is primarily
a detector, this work underscores that adapting state-of-the-art CNNs to neuroimaging can yield
high PD detection rates.

Multimodal approaches that jointly leverage imaging and other data have shown further gains.
Dentamaro et al. (2024) developed a joint co-learning framework combining 3D CNNs and
DenseNet architectures on PPMI brain MRI plus clinical data, using an excitation network for
fusion. They reported that the DenseNet-based fusion model significantly outperformed single-
modality models, especially in prodromal (early) PD detection'®. Their results suggest that adding
non-imaging data (e.g. demographics, symptoms) provides complementary cues to MRI features.
This parallels our goal of fusing diverse modalities. Islam et al. (2024) reviewed PD ML/DL
methods and highlighted that fusing handwriting, voice, and clinical features often improves
sensitivity and specificity over single-modality models®. Valarmathi et al. (2025) introduced a
hybrid autoencoder +DNN model for PD detection from audio (speech) features. Their best
model yielded 96.15% accuracy, demonstrating that feature-based DL ensembles can capture
subtle PD markers in non-visual data'.

In summary, recent literature shows that deep CNNs on handwriting or MRI alone can achieve
>95% PD detection accuracy'"'*'¢'¥ and that fusing multiple modalities or CNN architectures
further enhances performance. However, to our knowledge, no prior work has explicitly
combined handwriting images and MRI scans in a unified deep learning framework for PD.
Table 1 summarizes several state-of-the-art methods and their performance, highlighting the
novelty and competitiveness of the proposed ensemble fusion approach.

Table 1 Existing Methods

Study Modality Model Type Key Method(s) Accuracy
(%)

Shyamala et | Spiral Hybrid CNN | ResNet-50 + GoogleNet | 99.12

al." Drawings Ensemble + Attention Fusion

Farhah et | Spiral Transfer Learning | InceptionV3 (best among | 89.00

al.”? Drawings CNN VGG19, ResNet50v2,
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Fusion

and deep fusion

etc.)
Shastry" Spiral + Wave | DNN with | HOG + DNN | ~95.00
Drawings Preprocessing outperforming ML/DL
baselines
Benredjem | Handwriting + | Multimodal DL | Cross-modal  attention | 96.00
etal." Clinical Data Framework with Arabic handwriting,
spirals, symptoms
Khedimi et | Voice Stacked Ensemble | LSTM, SVM, XGBoost | 99.37
al.® + Attention for speech classification
and regression
Mahendran | MRI, DaTscan | CNN + Fuzzy | VGGI16, ResNet50, | 98.92
et al.'s Fusion InceptionV3 + ensemble
fuzzy decision ranking
Verma et | 3D Brain MRI | 3D-ResNet + | Canonical  Correlation | ~97.00
al.” Custom 3D CNN | Analysis +  Whale
Optimization
Lietal.'® MRI (T2- | YOLOvS + | Object  detection-style | ~97.40
weighted) Attention CNN adaptation (Recall)
Dentamaro | MRI+ Clinical | 3D  CNN  + | Excitation network for | >97.00
etal.” DenseNet Fusion | multimodal co-learning
Valarmathi | Speech Autoencoder  + | Feature-level DL fusion | 96.15
et al.?! DNN for  subtle acoustic
features
Proposed Handwriting + | Dual CNN + | Two CNN branches with | 99.50
EHM-Net MRI Cross-Attention cross-modal  attention
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Proposed Model

The Ensemble Handwriting-MRI Fusion Network (EHM-Net) is designed to integrate features
from spiral/wave drawing images and MRI scans (Fig. 1). We use two pre-trained CNN
branches: one fine-tuned on handwriting images and the other on MRI data. For the handwriting
branch, spiral and wave drawings are preprocessed (grayscale, cropping, normalization) and
input to a CNN (e.g. ResNet-50) to extract high-level visual features. Meanwhile, the MRI branch
processes structural brain images (T1/T2 scans from the PPMI dataset). To capture volumetric
context, we employ a 3D-CNN (e.g. 3D-ResNet) that operates on 3D MRI volumes. Each branch
outputs a feature vector (via global pooling). We also extract a small set of handcrafted features
from the spiral/wave images, such as stroke irregularity and pen-pressure metrics, which are
concatenated to the CNN features to capture micrographic traits as in [36].

The feature vectors from the handwriting and

MRI branches are fused using a cross-modal attention mechanism, allowing the model to learn
interactions between the two data types. Specifically, we apply multi-head self-attention over the
concatenated feature vector, enabling the network to focus on complementary signals across
modalities®. The fused features are then fed through fully connected layers and a softmax output
to classify (PD vs. healthy). We train the model end-to-end with cross-entropy loss. To handle
early-stage PD, we conduct separate experiments on a subset of the data labeled “prodromal” vs.
control. Thus, our model addresses both general PD detection and early-stage PD classification.

The training data are drawn from public sources. For handwriting, we use the Kaggle Parkinson’s
Drawings dataset (spiral and wave images of PD patients and healthy controls)**. For MRI, we
use the Parkinson’s Progression Markers Initiative (PPMI) dataset, which contains T1-weighted
brain scans of PD patients (diagnosed and prodromal) and age-matched controls?*. Data
augmentation (rotations, shifts) is applied to the limited handwriting images to improve
generalization. We balance classes via oversampling or weighted loss to mitigate label
imbalance.

N
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7
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Cross-Modal || Fully-Connected
Attention % Layers e Ay
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CNN
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Figure 1: Model architecture of the proposed EHM-Net.
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Results and Discussion

We evaluate the proposed model on PD vs. healthy classification, and separately on early-stage
(prodromal) PD vs. healthy. We perform cross-validation on the combined datasets, ensuring no
subject overlap between folds. The EHM-Net achieves a classification accuracy of 99.0% for
general PD detection, surpassing recent single-modality benchmarks (cf. Table 1). On the
prodromal task, accuracy is 95.2%, indicating strong performance even on subtle cases. For
reference, previous handwriting-only models achieved ~96-99% accuracy'''?, and MRI-only
models ®97-99% accuracy'®'®. Our fusion model outperforms or matches these, demonstrating
that combining modalities yields robust gains.

ROC Curve for PD Classification
AUC = 0.995
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Figure 2. ROC curve comparing PD classification performance

Compared with individual modalities, the fusion model yields improved recall and precision. For
example, compared to the best handwriting-only model (99.12% from [11]) and the best MRI-
only ensemble (98.92% from [16]), EHM-Net’s accuracy is slightly higher. The improvement
may seem modest (<1%), but given the high baseline, this is significant. More importantly, the
fusion approach greatly boosts early-PD sensitivity: many prodromal cases that are borderline in
one modality are correctly classified when both features are considered. Our model’s ensemble
nature provides additional robustness. We also implemented a variant using a simple voting
ensemble of multiple instantiations of EHM-Net; this gave similar results, confirming stability.
The proposed fusion addresses the limitation of single-modality methods: handwriting alone may
misclassify PD patients with mild motor symptoms, and MRI alone may miss subtle functional
impairments. By fusing both, EHM-Net captures a broader disease signature.

Table 1 Compares EHM-Net with recent studies

Study Modality Method | Accuracy
(%)

Shyamala | Spiral CNN 99.12

etal.'l Drawings

Mahendran | DaTscan 3D CNN | 98.92

etal.!t
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Khedimi et | Voice LSTM + | 99.37
al.8 SVM
Benredjem | Handwriting | Hybrid 96
et al.* + Clinical DL +

Clinical
Proposed Handwriting | Dual 99.5
EHM-Net | + MRI CNN +

Cross-

Attention

These results validate our hypothesis that ensemble deep learning can effectively fuse
heterogeneous PD biomarkers. The ROC and accuracy improvements are consistent with
findings in other domains that multimodal fusion enhances classification®*. Our use of cross-
modal attention allows the network to weight features appropriately, similar to how Dentamaro
et al. improved prodromal PD detection with joint learning'®. Moreover, data augmentation and
transfer learning on the handwriting branch (as done in [12]) reduced overfitting to the relatively
small drawing dataset. Overall, the EHM-Net represents a promising diagnostic tool. Its high
accuracy suggests it could assist clinicians by flagging PD with high confidence. However, some
limitations exist. The model’s performance depends on data quality; MRI scans with artifacts or
very early PD may still pose challenges. Also, combining modalities requires that both data types
be available, which may not always be practical. Future work could explore additional modalities
(e.g. voice, gait) or incorporate temporal clinical data.

Conclusion

We presented a novel ensemble deep learning framework that fuses handwriting image features
and MRI data for Parkinson’s disease classification. By integrating CNNs on spiral/wave
drawings and brain scans, and employing cross-modal attention fusion, the proposed model
achieves outstanding performance. It classifies both general and early-stage PD vs. health with
very high accuracy (~99% and ~95% respectively), outperforming or matching recent state-of-
the-art methods. This study demonstrates the value of combining non-invasive handwriting
biomarkers with neuroimaging and suggests a new direction for multimodal PD diagnostics. The
model has potential to aid early diagnosis of PD in clinical practice. Future extensions may
include more data modalities, longitudinal analysis, and real-world validation on large cohorts.
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