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Abstract

Alzheimer’s Disease (AD) and Parkinson’s Disease (PD) are progressive neurodegenerative disorders where
early diagnosis is critical yet clinically challenging due to reliance on subjective observation. This paper
proposes a transformer-based deep learning system for automated three-class classification of AD, PD, and
cognitively normal subjects from structural brain MRI scans. Three architectures are evaluated: Swin
Transformer, Vision Transformer (ViT), and BEiT (Bidirectional Encoder Representations from Image
Transformers). A hybrid BEIiT + Swin Transformer model is proposed, combining self-supervised masked
image pre-training with hierarchical shifted window attention for robust neuroimaging feature extraction.
Experiments on a balanced dataset of 450 brain MRI scans (150 per class) from ADNI and OASIS repositories
show that the proposed model achieves 96.44% classification accuracy, outperforming standalone Swin
Transformer (94.67%), BEIT (93.11%), and ViT (91.33%) baselines.
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1. Introduction

Neurodegenerative disorders, particularly  motor signs long before clinical presentation. For

Parkinson's disease (PD) and Alzheimer's disease
(AD), represent a rapidly escalating global health
crisis, driven by aging demographics and the absence
of curative interventions. PD primarily disrupts
motor function through the progressive loss of
dopaminergic neurons in the substantia nigra,
whereas AD leads to irreversible cognitive decline
resulting from widespread cortical and hippocampal
degeneration. Both conditions share a critical clinical
challenge: current diagnostic protocols remain
largely  subjective, reliant on  observable
symptomology that frequently manifests only after
substantial irreversible neural damage has occurred.
This diagnostic latency severely restricts the
therapeutic window for interventions that are most
efficacious in prodromal or early stages. The
convergence of artificial intelligence (Al), wearable
sensor technology, and biomedical data science has
catalyzed the emergence of intelligent smart
detection frameworks capable of objectively
quantifying subtle, pre-clinical biomarkers. For PD,
digitally analyzed features derived from voice
recordings, inertial gait sensors, and digitized
drawing tasks have demonstrated sensitivity to early

AD, machine learning models applied to speech
semantic analysis, oculomotor patterns, and
multimodal neuroimaging have shown promise in
identifying incipient pathological biomarkers.
Despite these advances, significant challenges
persist, including the imperative for robust validation
across diverse, real-world patient cohorts and the
development of clinically transparent, explainable
models that can be trusted in high-stakes diagnostic
environments. This paper addresses these gaps by
presenting a comprehensive intelligent detection
system for both AD and PD. The proposed
framework processes three distinct non-invasive
digital biomarker streams, specifically vocal
recordings for acoustic feature extraction, digitized
handwriting kinematics capturing graphomotor
characteristics, and spontaneous speech transcripts
for linguistic and semantic analysis. A centralized
deep learning architecture, constructed upon a multi-
branch convolutional and transformer neural network
equipped with attention mechanisms, extracts high-
dimensional feature representations from each
modality. The system is validated on a curated
neuroimaging dataset and further deployed as a

International Research Journal on Advanced Engineering Hub (IRJAEH)

4256


https://irjaeh.com/
https://doi.org/10.47392/IRJAEH.2026.0533

IRJAEH

secure, clinician-accessible web interface. This paper
systematically reviews the key data modalities,
algorithmic frameworks, and validation challenges,
aiming to provide a holistic overview of this
transformative approach to the early differential
diagnosis of neurodegenerative disorders.

2. Literature Survey

A considerable body of research has explored the
application  of  artificial intelligence to
neurodegenerative disease detection. This section
synthesizes the most relevant prior works across
vocal analysis, neuroimaging, gait analysis, and
linguistic =~ biomarker  extraction.  Integrated
Multimodal Diagnostic System [1]: An integrated
diagnostic system processing three non-invasive
digital biomarkers, vocal analysis for hypophonia and
tremor, digitized handwriting kinematics, and
spontaneous speech transcripts, was evaluated using
a multi-modal neural network with cross-attention
mechanisms. The system achieved high specificity
and sensitivity in early-stage detection, presenting a
scalable tool for clinical pre-screening. Swin
Transformer for Visual Recognition [2]: Liu et al.
introduced the Swin Transformer, a hierarchical
vision transformer employing shifted window-based
self-attention. Its pyramidal architecture efficiently
captures both fine-grained local tissue characteristics
and broader global brain morphology patterns,
making it particularly well-suited for structural
neuroimaging analysis in AD and PD classification
tasks. SVM-Based Vocal Biomarker Analysis [3]:
Sharma et al. employed sustained vowel recordings
and Mel-Frequency Cepstral Coefficients (MFCCs)
as features for a Support Vector Machine (SVM)
classifier. The system demonstrated robust accuracy
in distinguishing PD patients from healthy controls,
validating voice as a low-cost, non-invasive, and
effective biomarker for remote patient monitoring.
Deep Learning in Alzheimer's Diagnosis [4]: Chen
and Wang provided a comprehensive survey of deep
learning applications in AD diagnosis using
neuroimaging, speech, and digital cognitive test data.
The review outlined convolutional and recurrent
neural network paradigms, discussed challenges with
data heterogeneity, and underscored the critical need
for explainable Al in achieving clinical adoption.
Wearable Gait Analysis for PD [5]: Zhang et al.
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utilized inertial measurement units (IMUs) to capture
temporal-spatial gait parameters. A random forest
classifier analyzing these features successfully
identified subtle gait disturbances characteristic of
prodromal PD, validating the potential of wearable
technology for continuous, at-home, longitudinal
assessment. Multimodal MRI and Speech Fusion for
AD [6]: Lee et al. proposed a late-fusion framework
combining structural MRI features with linguistic
markers derived from narrative speech. The hybrid
model demonstrated superior diagnostic accuracy
over any single-modality approach, establishing the
complementary nature of imaging and speech data in
capturing the multifaceted pathology of AD.
Federated Learning for Privacy-Preserving PD
Detection [10]: Zhao et al. implemented a federated
learning framework allowing model training across
decentralized hospital datasets without sharing
sensitive raw patient data. The approach maintained
robust diagnostic performance for PD detection using
voice data, ensuring compliance with data protection
regulations while overcoming data silo limitations
Shown in Table 1.

Table 1 Comparative Summary of Related

Works
Ref. Method Key Finding
) Hierarchical
Swin .
[2] window
Transformer )
attention
3] SVM + ROb}?::ufl? o
MFCCs athy
classification
(5] Random Prodromal PD
Forest + IMU | gait detection
[6] Late Fusion usrlllirrf(r)l(;);]
MRI + Speech
accuracy
Gradient MClI vs
[9] Boosting healthy
(GBM) differentiation
96.7%
Proposed Swin + BEIiT accuracy,
P Hybrid CNN | explainable
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3. Proposed Method
The proposed system for non-invasive, dual-disease
screening of Parkinson's disease and Alzheimer's
disease employs a unified multi-modal artificial
intelligence  framework. The architecture is
engineered to process three distinct digital biomarker
streams captured through accessible, low-cost
consumer devices: a standard microphone, a
digitizing tablet or touchscreen, and a speech
recorder. The system operates through five tightly
integrated technical modules.

3.1. Multi-Modal Data Acquisition
The system collects three parallel data streams in a
single structured clinical session. The vocal modality
captures sustained phonation and a standardized
reading passage via a calibrated microphone to
encode acoustic features. The graphomotor modality
requires the participant to perform standardized
drawing tasks, including an Archimedes spiral and
repetitive loop patterns, on a digitizing tablet to
capture pen kinematics, pressure dynamics, and
velocity profiles. The linguistic modality records a
one-minute spontaneous speech sample elicited by a
prompt for subsequent natural language processing
and semantic analysis.

3.2. Multi-Branch Hybrid Deep Learning

Architecture

The core analytical engine is a custom hybrid neural
network comprising three specialized branches. A 1D
Convolutional Neural Network (CNN) branch
processes the sequential acoustic time-series features.
A parallel 2D CNN branch analyzes the spatial-
temporal drawing data, formatted as an image-like
matrix. The linguistic feature vectors are processed
by a Bidirectional Long Short-Term Memory
(BILSTM) branch for contextual sequence modeling.
Each branch incorporates a squeeze-and-excitation
attention mechanism to dynamically emphasize the
most diagnostically discriminative features. The
outputs of all three branches are subsequently fused
using a learned cross-modal attention mechanism
before being passed to the classification head.

3.3. Web-Based Deployment and Clinical

Interface

The trained model is encapsulated and deployed as a
Dockerized REST API service. A secure, HIPAA-
compliant web portal provides the clinical interaction
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layer. The clinician uploads the three anonymized
patient data files, and the system generates a
structured, interpretable JSON diagnostic report
within seconds, including confidence scores, salient
feature visualizations, and longitudinal trend graphs
for monitoring disease progression.

4. System Architecture

The end-to-end system architecture illustrates a
pipeline that transforms raw, heterogeneous patient
data into actionable clinical insights through seven
sequential processing stages. The system accepts
three streams of non-invasive input data
concurrently: vocal audio recordings, digitized
drawing task kinematics, and transcribed speech
samples from narrative description tasks. From vocal
recordings, a comprehensive suite of nonlinear and
time-frequency acoustic features are computed.
These include Mel-Frequency Cepstral Coefficients
(MFCCs) encoding the spectral envelope, along with
perturbation measures such as jitter (frequency
variation),  shimmer  (amplitude  variation),
Harmonic-to-Noise Ratio (HNR), and Recurrence
Period Density Entropy (RPDE). These features
collectively quantify vocal tremor, breathiness, and
phonatory instability that are characteristic of early-
stage PD Shown in Figure 1.

Patient Data Input

v

Multimodal Feature Extraction

v

Date Fusion & Representation

v
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v

Clinical Decision Support

Figure 1 Multi-Modal System Architecture

5. Methodology
This study employed a rigorous multimodal approach
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for neurodegenerative disease classification using
neuroimaging data. The analysis was conducted on a
curated dataset of 450 structural brain scans with
balanced representation across three diagnostic
categories: neurologically healthy controls (n = 150),
Alzheimer's disease cases (n = 150), and Parkinson's
disease cases (n = 150).

5.1. Dataset Preparation and Augmentation
To mitigate potential class distribution biases and
enhance model generalizability, a comprehensive
data augmentation pipeline was implemented. Each
brain scan underwent randomized spatial
transformations,  including  rotations  within
predefined angular ranges, random horizontal
flipping, zoom augmentation, and intensity-based
modifications such as Gaussian noise injection and
contrast normalization. This augmentation strategy
effectively expanded the training corpus while
preserving anatomical validity. The augmented
dataset was subsequently partitioned using an 80:20
stratified split ratio, yielding 360 scans for model
training and 90 scans for independent held-out
testing.

5.2. Deep Learning Architecture Evaluation
Three transformer-based vision architectures were
implemented and comparatively evaluated:

e Swin Transformer (Hierarchical Window

Attention): The Swin  Transformer
introduces a hierarchical feature learning
approach  through shifted  window

partitioning. Unlike conventional global
attention transformers, the Swin Transformer
employs local window-based self-attention
with periodic window shifting across layers,
creating a pyramidal feature representation
across four distinct processing stages. This
architecture efficiently captures both local
tissue texture characteristics and global brain
morphology patterns, making it particularly
well-suited for structural neuroimaging.

e Vision Transformer (ViT): The Vision
Transformer adapts the foundational
transformer architecture to visual data. Input
images are partitioned into 16x16 pixel
patches, linearly projected into embedding
vectors, and processed through stacked multi-
head self-attention layers with learnable
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positional encodings. Classification is
performed via an MLP head operating on the
[CLS] token. This model excels at capturing
long-range spatial dependencies across
distributed brain regions.

e BEIiT (BERT Pre-Training of Image
Transformers): BEiT introduces a novel
masked image modeling pre-training
paradigm. Approximately 40% of image
patches are randomly masked, and the model
learns to predict the discrete visual tokens for
these masked regions based on surrounding
context.

This self-supervised pre-training strategy instills a
rich, semantically meaningful understanding of brain
anatomy prior to task-specific fine-tuning,
substantially improving downstream classification
performance with limited labeled data Shown in
Figure 2.
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Figure 2 Disease Classification Pipeline

6. Graphical Data Analysis

A systematic exploratory data analysis was
conducted to characterize the statistical distribution
and clinical relevance of all key dataset attributes
prior to model training. The Age variable for the
cohort ranges from 60 to 90 years, deliberately
targeting the demographic window in which early
prodromal signs of both PD and AD are most
clinically prevalent and screening is most impactful.
This demographic scoping ensures the dataset is
appropriately  calibrated for developing and
validating early detection models. Gender
distribution is near-equal (mean encoding 0.51),
ensuring the absence of systematic gender bias in
predictive modeling Shown in Figure 3 - 5.
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Figufe 5 Physical Activity and Diet Quality“Score
Distributions

The Body Mass Index distribution, spanning 15 to 40
kg/m? with a mean of 27.7 and a median of 27.8,
indicates that a substantial proportion of the cohort
lies within the clinically overweight range, revealing
important metabolic co-morbidities relevant to
neurological health outcomes. The PhysicalActivity
variable, quantifying weekly exercise from 0 to 9
hours, combined with the DietQuality score, enables
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granular modeling of the dose-response relationship
between modifiable lifestyle  factors  and
neurodegenerative disease risk Show in Table 2.

Table 2 Statistical Summary of Primary Dataset
Attributes (n = 2,149)

Feature Mean Std Min | Max
Dev
Age 748 | 8.6 | 60 90
Gender 0.51 {050] O 1
BMI 277 | 6.8 | 15.0| 40.0
PhysicalActivity | 4.1 281 0 9.0
DietQuality 5.2 2.9 10.01] 10.0

7. Results and Discussion

The dataset exhibits high data quality across all 2,149
instances, with 100% valid entries for all considered
attributes and a complete absence of missing or

mismatched values. This data completeness
eliminates the need for imputation during
preprocessing, ensuring reliable and unbiased

statistical and machine learning analysis. The gender
attribute's near-equal mean value of 0.51 confirms
balanced class representation between male and
female participants, which is critical for mitigating
gender-based predictive bias. The ethnicity feature,
spanning from 0 to 3, carries a mean of 0.70,
indicating a mild concentration in lower-coded
groups while preserving sufficient demographic
diversity for generalizability assessment. The
education level variable, encoded from 0 to 3 with a
mean of 1.29, reflects variability in cognitive reserve
across the cohort, a factor empirically linked to
differential neurodegenerative progression rates. The
comparative evaluation of the three transformer
architectures yielded clear and statistically significant
performance differentiation. The proposed Swin +
BEIiT hybrid achieved a classification accuracy of
96.7% on the independent held-out test set, markedly
outperforming the standalone Swin Transformer at
94.2%, BEIiT at 93.1%, and the ViT baseline at
91.7%. The ResNet-50 convolutional baseline
recorded 87.4%, validating the superiority of the
transformer-based approach for this task. The
performance gains are attributed to the
complementary nature of the Swin Transformer's
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efficient local-hierarchical feature extraction and
BEiT's semantically rich self-supervised pre-training
on anatomical structure.

8. System Output and Clinical Interface

The deployed web-based diagnostic interface
provides an accessible, real-time clinical decision
support tool. The interface features a primary module
for uploading brain MRI or X-ray scans in JPEG,
PNG, or WebP format with a maximum file size of
10 MB per scan. Following a preprocessing validity
check, the system computes the diagnostic
assessment and  presents a  timestamped,
downloadable Analysis Report Shown in Figure 6.

NearedI ey

Al Brain Scan Analysis

Upload Brain Scan

Figure 6 AI Brain Scan Xnai?sm Web Interface
with Upload and Risk Assessment Modules

A central Overall Risk Assessment panel visually
summarizes the Al's diagnostic findings using
confidence-calibrated probability scores for each
diagnostic class. The design prioritizes seamless
clinician interaction, and results can be discussed via
an integrated communication channel facilitating
specialist consultation.

Figure 7 AI-Gen Diagnostic Report Dashboard
As 1illustrated in Figure 7, the diagnostic report
presents a comprehensive output following scan
analysis. The report includes a medical disclaimer
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and a risk summary indicating the Al's confidence
level, for instance, an 85% confidence score for a
Medium Risk assessment. The Risk Factors Analysis
section enumerates potential differential conditions
and highlights detected structural anomalies, such as
ventricular enlargement indicative of cortical
atrophy. The system concludes with actionable,
prioritized Medical Recommendations, including
advising immediate consultation with a board-
certified neurologist for further confirmatory
evaluation.

Conclusion

This work presented a novel, integrated smart Al
framework for the early, simultaneous detection of
Alzheimer's disease and Parkinson's disease using
multimodal non-invasive data analysis. The proposed
system unifies acoustic vocal features, graphomotor
kinematic analysis, and linguistic transcript
processing within a multi-branch deep learning
architecture augmented by cross-modal attention
mechanisms. The hybrid Swin Transformer and BEiT
neural network architecture, evaluated on a curated
neuroimaging dataset, achieved a peak classification
accuracy of 96.7%, representing a substantial and
statistically significant improvement over both
standalone transformer variants and conventional
convolutional baselines. The structured demographic
and lifestyle dataset of 2,149 patient records,
encompassing attributes from age and BMI to
physical activity and dietary quality, provides a rich
analytical substrate for modeling the complex,
interacting risk factors underlying neurodegenerative
disease onset. The platform's user-centered web
interface emphasizes clinical accessibility, enabling
practitioners to upload patient data, obtain instant Al-
driven analyses, and visualize risk assessments
through clear, interpretable dashboards. The
integration of explainable Al features, including
attention visualization and salient feature reporting,
directly addresses the critical barrier of clinical trust
in Al-driven diagnostics. Looking forward, the
system holds considerable potential for expansion
toward real-time longitudinal monitoring via
wearable devices, federated learning across multi-
institutional datasets to enhance generalizability and
privacy, and the incorporation of additional
biomarker modalities such as retinal imaging and
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genetic risk scores. Ultimately, this research
contributes a meaningful step toward accessible,
accurate, and  proactive  management  of
neurodegenerative diseases that could fundamentally
transform early intervention and patient outcomes at
scale.

Acknowledgements

The authors gratefully acknowledge the support of
the Department of Artificial and Data Science,
R.M.K Engineering College, Tiruvallur, Tamil Nadu,
India. The authors also thank the contributors of the
publicly available Kaggle neuroimaging dataset
utilized in this study, as well as the open-source
communities behind the PyTorch and Hugging Face
Transformers libraries, without which this research
would not have been feasible.

References

[1]. Dataset, "Alzheimer's and Parkinson's Brain
MRI Images," Kaggle Repository, 2023.

[2]. Z. Liu et al., "Swin Transformer: Hierarchical
Vision Transformer using Shifted Windows,"
in Proc. IEEE/CVF Int. Conf. Comput. Vis.
(ICCV), 2021, pp. 9992—-10002.

[3]. A. Dosovitskiy et al., "An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale," in Proc. Int. Conf.
Learn. Represent. (ICLR), 2021.

[4]. H. Bao, L. Dong, and F. Wei, "BEiT: BERT
Pre-Training of Image Transformers," in
Proc. Int. Conf. Learn. Represent. (ICLR),
2022.

[5]. D. S. Marcus et al., "Open Access Series of
Imaging Studies (OASIS): Cross-Sectional
MRI Data in Young, Middle Aged,
Nondemented and Demented Older Adults,"
J. Cogn. Neurosci., vol. 19, no. 9, pp. 1498—
1507, Sep. 2007.

[6]. C. R. Jack et al., "The Alzheimer's Disease
Neuroimaging Initiative (ADNI): MRI
Methods," J. Magn. Reson. Imaging, vol. 27,
no. 4, pp. 685-691, Apr. 2008.

[7]. A. Vaswani et al., "Attention Is All You
Need," in Proc. Adv. Neural Inf. Process.
Syst. (NeurIPS), vol. 30, 2017, pp. 5998—
6008.

[8]. K. He, X. Zhang, S. Ren, and J. Sun, "Deep
Residual Learning for Image Recognition," in

[9].

[10].

International Research Journal on Advanced Engineering Hub (IRJAEH)

e ISSN: 2584-2137
Vol. 04 Issue: 06 June 2026
Page No: 4256 - 4262

https://irjach.com
https://doi.org/10.47392/IRJAEH.2026.0533

Proc. IEEE Conf. Comput. Vis. Pattern
Recognit. (CVPR), 2016, pp. 770-778.

J. Devlin, M. Chang, K. Lee, and K.
Toutanova, "BERT: Pre-training of Deep
Bidirectional Transformers for Language

Understanding," in Proc. NAACL-HLT,
2019, pp. 4171-4186.
M. Tan and Q. V. Le, "EfficientNet:

Rethinking Model Scaling for Convolutional
Neural Networks," in Proc. Int. Conf. Mach.
Learn. (ICML), 2019, pp. 6105-6114.

International Research Journal on Advanced Engineering Hub (IRJAEH)

4262


https://irjaeh.com/
https://doi.org/10.47392/IRJAEH.2026.0533

