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ABSTRACT 
 

Parkinson's disease (PD) is a progressive neurological disorder necessitating early and precise diagnosis for 
effective therapy. However, traditional machine learning and convolutional neural network (CNN) methods 
generally have problems when used on heterogeneous biomedical data since they don't scale well, don't 
generalize well, and are harder to understand. To tackle these issues, this research presents a scalable hybrid 
system that combines mathematical modeling, Hilbert transform-based spatial embedding, and transformer-
based deep learning architectures for predicting Parkinson's disease. The suggested Hilbert-based embedding 
adds biologically inspired spatial correlations that keep structural information and make features more stable. 
To efficiently capture both local and global dependencies, these improved features are subsequently 
processed using advanced transformer architectures including Swin Transformer and Vision Transformer 
(ViT). Testing the proposed framework on multimodal datasets that include spiral drawings, wave patterns, 
and functional MRI (fMRI) pictures shows that it is more accurate, precise, and recall than traditional CNN 
and machine learning models. The Swin Transformer with Hilbert embedding had the best performance, with 
an accuracy of 97.96%. This shows that it is more general and more robust. The findings demonstrate that 
the suggested mathematically based framework offers a scalable, interpretable, and clinically significant 
approach for the early prediction of Parkinson’s disease. 
 
Keywords: Mathematical Modeling, Machine Learning, Mortality Diseases, Parkinson’s Disease, Hilbert 

Matrix. 
 
1. INTRODUCTION  
 
Parkinson disease (PD) is a degenerative disease of 
the nervous system, which occurs chronologically, 
and is mainly related to the motor system because of 
the destruction of neurons that produce dopamine in 
the substantia nigra. Tremors, stiffness, bradykinesia 
and postural instability are the motor symptoms of 
the ailment. As demonstrated in Figure 1, the 
nonmotor symptoms include depression, cognitive 
problem, and sleeping problem. James Parkinson 
wrote the first paper to be drawn on PD in 1817. It 
has already been found out that it is among the fastest 
transmitting neurological diseases across the globe. 
The World Health Organization (WHO) showed that 
mortality rates associated with PD increased more 
than 4-fold between 2000-2019. As most of the 

recent statistics indicate, 180,000 to 200,000 people 
die annually across the globe due to PD. 

These frightening figures are reflective of the 
location where such special, comprehensible and 
quantifiable tools of tracking and identifying issues 
at an opportune time. The timely identification of PD 
also plays a crucial role as the timely interventions 
can overflood the disease development to its 
maximum and improve the quality of life of the 
patient. The MRI and the functional MRI (fMRI) 
neuroimaging apparatus can furnish us with the 
convenient data concerning even the slightest 
alteration in the structure as well as the functionality 
of the brain. Non-invasive methods of assessment 
such as motor-functional assessment such as spiral 
and wave drawings are cheap and can be applied in 
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testing tremors and hand-stability. Despite these 
progresses, it is not easy yet to pinpoint on what 
exactly PD is because there is large variation in a 
healthy person in its category, the datasets are small 
and the labels are noisy. These problems require the 
development of highly computation systems that 
have the potential of generating biological 
comprehensibility and computational magnitude. 
The recent researches have done a thorough research 
on the process of detecting Parkinson disease 
utilizing numerous methods. This experiment was 
carried out by Basheer et al. [3] on multitask 
transformer models on EEG data and demonstrated 
that transformers can be useful in the study of 
various neurological disorders. Sigcha et al. [4] 
applied deep learning to discover the presence of 
freezing of gait and underline the possibilities and 
prospects of cross-dataset generalization in clinical 
practice. According to the research of Desai et al. [7] 
and Kukreja et al. [8], PD has been accepted in 
neuroimaging and CNN-based models to 3D MRI 
images, and spatio-temporal fusion framework that 
is successful in tracing the disease progression, 
respectively. This field has been modeled with the 
use of mathematical models and artificial 
intelligence and PD-specific applications have been 
utilized.  

 

Figure 1: Symptoms of Parkinson’s Disease 

Ruan et al. [1] provided the models of the nonlinear 
differential equations in the flow of blood that 
demonstrated the importance of mathematical 
abstractions in the biomedical study, but the 
applicability of transformers to symbolic reasoning 
and the capability to find a mathematical expression 
was explained by ́ Ad'am [6] and Aurpa et al. [5]. All 
these publications highlight the possibilities of deep 
learning, mathematical modeling and biological 
inspired strategies but suggest that one large-scale 
and interpretable framework is required. 

Trying to overcome these limitations, this 
paper proposes a scalable hybrid model that 
integrates mathematical modeling, Hilbert 

transform-based feature embedding, and 
transformer-based deep learning model to predict the 
Parkinson disease. The Hilbert transform is a 
biologically motivated encoding which encodes 
smooth spatial correlations of images of medical and 
motor functions. This simplifies them and structural 
information is memorized. Swin Transformer and 
Vision Transformer (ViT) are two models of 
transformer that apply self-attention to obtain both 
local and global dependencies. It is highly powerful 
and big-data friendly in feature learning. Moreover, 
a Hilbert-based spatial embedding theory is offered 
and it is the background of stability and separability 
of modified features. Some of the contributions that 
this paper makes to the literature include: 1. An 
improved Hilbert based spatial embedding-theorem 
in terms of converting the modified features into 
biologically critical and resistant to the PD imaging. 
2. A convoluted framework of converters to divide 
multimodal representations, including spiral 
drawings, wave photos, fMRI images based on Swin 
and ViT models in a graded manner. 3. Complete 
experimental validation, showing that the specified 
approach is, nevertheless, more so right, more 
accurate, higher F1-score and recall, on a regular 
basis, than CNNs, or traditional ML methods. The 
provided strategy will bridge the current divide 
between theoretical modeling and use since it infuses 
mathematical priors in deep learning structures 
based on transformers. This is an early diagnostic, 
decipherable, and clinically significant technique of 
Parkinson disease diagnosis. Parkinson's disease 
(PD) is a progressive neurodegenerative disorder 
marked by the slow degeneration of dopamine-
producing neurons in the substantia nigra of the 
brain. This degeneration causes motor symptoms 
including tremors, stiffness, bradykinesia, and 
postural instability, as well as non-motor symptoms 
like cognitive impairment, sleep problems, and 
depression. Finding Parkinson's disease early is very 
important for helping patients and reducing the 
disease's progress. Mathematical modeling is the use 
of arithmetic to show how diseases and biological 
processes work. The Hilbert transform is a method 
for processing signals that captures spatial 
dependencies and smooth correlations in biomedical 
images. This makes it a good choice for modeling 
physiological structures. Vision Transformer (ViT) 
and Swin Transformer are two examples of 
transformer-based deep learning models that use 
self-attention processes to find both local and global 
relationships in complex datasets. These methods 
make it easier to scale, understand, and predict 
multimodal biomedical data. 
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2. RELATED WORK 

The advances made on artificial intelligence and 
signal processing in the recent past have made a great 
contribution to detecting Parkinson disease (PD). 
The models used by Basheer et al. [3] to model EEG 
signals with multitask transformer models with self-
contrastive learning indicate that the transformer 
topologies could model intricate temporal 
correlations in brain signals. Their study indicates 
the flexibility of transformers in studying 
neurodegenerative diseases. In the same manner, 
Sigcha et al. [4] applied deep learning to detect 
freezing of gait in numerous datasets. Their cross-
dataset analysis demonstrated that the neural models 
had the capability to be generalized as well as 
highlighting the difficulties posed by inter-dataset 
variance in clinical practice. There is also the 
importance of neuroimaging-based approaches. The 
3D MRI images were used to diagnose Parkinson 
disease through deep learning methodologies 
presented by Desai et al. [7], and the authors 
demonstrated that volumetric neuroimaging together 
with the convolutional neural networks (CNNs) can 
be utilized to identify the illness-related biomarkers 
effectively. Kukreja et al. [8] established a spatio-
temporal fusion model that employs MRI 
characteristics and information of how the disease 
advances with time in arranging the various phases 
of the Parkinson disease (PD). Their methods 
showed how the combination of several sources of 
data can be useful in tailored disease monitoring. The 
combination of mathematical modeling and artificial 
intelligence has generated additional findings. Ruan 
et al. [1] proposed a mathematical model of 
nonlinear blood flow as a nonlinear differential 
equation, where the conventional modeling can 
improve the biomedical field by providing 
physiologically relevant abstractions. ´A´dam [6], in 
its turn, examined how transformer-based 
architectures can be employed to solve the arithmetic 
or use symbolic reasoning. He showed that natural 
language processing models can be used in 
mathematical inferences. Aurpa et al. [5] expand this 
idea and suggests a transformer-based systematic of 
identifying mathematical equations in real-life 
photographs, which combines computer vision and 
natural language processing to process complicated 
and distorted inputs. All these findings demonstrate 
two interesting trends: the increased use of deep 
learning models, especially CNNs and transformers, 
to diagnose Parkinson’s disease, and the use of 
mathematical modeling and biologically-inspired 
methods to improve interpretability. However, the 
existing solutions are either not sufficiently scalable 
to multimodal data or they do not effectively 

combine mathematical priors with sophisticated 
deep learning models. The gap also necessitates an 
integrated framework integrating mathematical 
modeling, Hilbert transforms, and transformer-based 
architectures to be used in scalable and interpretable 
predictive modeling. As noted by recent research, the 
need to have responsible and understandable AI is 
both urgent in dealing with neurological and mental 
health issues, and that transparency and reliability 
are essential in the therapeutic context [9]. The 
classification of Parkinson’s Disease and biomarkers 
identification have been successfully applied with 
the help of ensemble and deep learning models with 
the use of MRI and digital data [10], [11]. The latest 
graph-based and contrastive learning models 
simulate neural links to predict diseases correctly 
[12], and generative AI provides EEG super-
resolution and multimodal fusion based on diffusion 
and adversarial VAE models [13]-[15]. Ensemble 
and stacking methods can help improve the early 
detection of Parkinson disease with minimal 
characteristics [16], and nanobiosensor engineering 
can be used to make a quick diagnosis of 
neurodegenerative diseases [17]. Cognitive decline 
trajectories in cohorts of Parkinson disease are 
predictable using clinical-genetic analysis [18]. The 
analyses of alpha-synuclein and PD GENEration 
genetic screening as biomarker research increase the 
accuracy of diagnosis [21], [22]. According to 
Chicco and Jurman [23], the Matthews Correlation 
Coefficient (MCC) can better be used to measure 
estimates compared to accuracy or F1 score and is 
particularly effective with biomedical datasets, 
which are not balanced. It examines all the elements 
of the confusion matrix to provide a reasonable view 
on the effectiveness of the model. With big data such 
as PPMI, it is possible to build explainable AI 
models based on MRI, DaTSCAN, and clinical data 
[24]-[27]. It has been demonstrated that machine 
learning cutoffs of the MoCA have produced 
cognitive screening improvements [28]. 
Longitudinal imaging and biomarker studies have 
also assisted in staging of the disease better [20, 29, 
30]. All these papers support scalable, interpretable, 
and multimodal models of predicting Parkinson 
disease using mathematical modeling and 
transformer-based deep learning. Recent research 
has investigated diverse artificial intelligence and 
mathematical modeling methodologies for the 
prediction of Parkinson’s disease. [31] Zhang et al. 
examined deep learning methodologies for the 
identification of digital biomarkers from clinical and 
sensor-derived Parkinson’s disease datasets. Their 
research showed that deep neural networks might 
provide more accurate disease predictions and that 



 Journal of Theoretical and Applied Information Technology 
15th April 2026. Vol.104. No.7 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
34 

 

multimodal biological data is very important. [32] 
Biswas et al. talked about using stacking ensemble 
learning approaches to find Parkinson's disease 
early. Their research shown that ensemble-based 
machine learning methodologies markedly enhance 
classification performance in contrast to singular 
models. [33] Lei, Hong, et al. examined longitudinal 
neuroimaging-based prognostication of Parkinson’s 
disease advancement. Their research indicated that 
MRI-derived temporal characteristics enhance the 
precision of early detection and the monitoring of 
illness development. [34] Aggarwal et al. examined 
explainable artificial intelligence methodologies for 
predicting Parkinson’s disease through multimodal 
datasets. Their research underscored the significance 
of interpretable AI models in healthcare decision-
making. [35] Zong et al.  talked about using 
diffusion-based graph contrastive learning to predict 
brain disorders. Using graph-based deep learning, 
their method showed better feature representation 
and more accurate disease categorization. [36] Wang 
et al. talked about how generative AI can be used to 
predict neurological disorders based on EEG. Their 
research demonstrated that generative AI enhances 
feature learning and the efficacy of multimodal 
fusion. [37] Thalapathiraj et al. proposed out an AI-
based framework for the early detection of 
Parkinson's disease through the application of 
machine learning and mathematical modeling 
techniques. Their research concentrated on 
enhancing early diagnosis through the amalgamation 
of artificial intelligence algorithms and mathematical 
feature transformation techniques. The suggested 
method used biological speech and clinical data to 
construct predictive models that could find 
Parkinson's disease early on. The authors showed 
that using machine learning with mathematical 
modeling makes predictions more accurate, easier to 
understand, and helps doctors make decisions. Their 
findings emphasized the significance of AI-driven 
early detection techniques in mitigating disease 
development and enhancing patient outcomes. [38] 
In a recent study, Thalapathiraj et al. developed a 
scalable system for predicting Parkinson's disease 
utilizing mathematical modeling, Hilbert transforms, 
and transformer-based deep learning methodologies. 
In this study, Hilbert transform-based feature 
extraction was utilized to obtain significant signal 
attributes, including amplitude fluctuations and 
frequency components related to Parkinson’s illness. 
These changed attributes were then used in a 
transformer-based deep learning architecture to 
make predictions more accurate and to make the 
architecture work better with big datasets. The 
outcomes exhibited enhanced resilience and 

classification accuracy relative to traditional 
machine learning methodologies. However, these 
investigations did not include mathematical stability 
guarantees or theoretical performance limits, which 
means that there is still room for improvement in 
mathematically based prediction frameworks. 

3. PROPOSED METHODOLOGY 

The proposed approach combines mathematical 
modeling, Hilbert-based feature embedding, and 
transformer architectures into a scalable pipeline for 
predicting Parkinson's disease (PD), as shown in 
Figure 2. There are four main parts to the pipeline: 
preprocessing, Hilbert embedding, transformer-
based representation learning, and classification. 
The suggested solution combines mathematical 
modeling, spatial embedding based on the Hilbert 
transform, and transformer-based architectures into 
one prediction pipeline. The first step is to 
preprocess multimodal datasets like spiral drawings, 
wave pictures, and fMRI scans by shrinking, 
normalizing, and reducing noise. Next, we use 
Hilbert-based embedding to add biological 
correlations and spatial smoothness to the input 
features. This math change makes features more 
stable and less sensitive to noise. The modified 
characteristics are subsequently processed via 
transformer structures, like as the Swin Transformer 
and the Vision Transformer, to find global and 
hierarchical dependencies. Lastly, categorization 
layers guess if someone has Parkinson's disease. 
This pipeline makes sure that it can grow, that it can 
learn more features, and that it can make better 
predictions. 
 
 

 

Figure 2: Proposed Methodology 

3.1 Overall Pipeline 

The workflow begins with multimodal data inputs 
such as spiral drawings, wave images, and fMRI 
scans. Preprocessing includes resizing images to 224 
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× 224, normalization, denoising, and data 
augmentation (rotations, flips, brightness variations) 
to improve robustness. The preprocessed images are 
then transformed via Hilbert embedding to inject 
biologically inspired spatial priors. Finally, 
transformer architectures (Swin Transformer or 
Vision Transformer) are applied to extract 
hierarchical or global features, and a classifier head 
produces the final PD vs. control prediction. 

 

3.2 Hilbert – Embedding Smoothing and Local 
Correlation 

Let 𝐼 ∈ 𝑅஼×ு×ௐ be a medical image tensor and so 
for each channel 𝑐 ∈ {1,2, . . , 𝐶}, let 𝐼௖ ∈ 𝑅ு×ௐ 
denote the c-th channel (rows = axial index, columns 
= lateral index). Define the 𝐻 × 𝐻 Hilbert matrix 

(𝐻ு)௜௝ =
ଵ

௜ା௝ିଵ
,           1 ≤ 𝑖, 𝑗 ≤ 𝐻,  and the Hilbert 

embedding (row-wise operator) 
𝐼௖

ᇱ = 𝐻ு𝐼௖ ∈ 𝑅ு×ௐ 
Then: 

A) Row-wise smoothing: For each 𝑖 ∈
{1,2, … 𝐻 − 1},  

ฮ(𝐼௖
ᇱ)௜ାଵ,: − (𝐼௖

ᇱ)௜,:ฮଶ
≤ ቀ

ଵ

௜
−

ଵ

௜ାு
ቁ max

ଵஸ௝ஸு
ฮ(𝐼௖)௝,:ฮଶ

 …………….. (1) 

Consequently, the row – wise discrete total 
variation (TV) of 𝐼௖

ᇱ  obeys. 

∑ ฮ(𝐼௖
ᇱ)௜ାଵ,: − (𝐼௖

ᇱ)௜,:ฮଶ
≤ ቀ∑

ଵ

௜
−ுୀଵ

௜ୀଵ
ுିଵ
௜ୀଵ

∑
ଵ

௜ାு

ுିଵ
௜ୀଵ ቁ max

௝
ฮ(𝐼௖)௝,:ฮଶ

 = (𝐻ுିଵ +

𝐻ு − 𝐻ଶுିଵ) ฮ(𝐼௖)௝,:ฮଶ
                  

…………………………………. (2) 
Where 𝐻௡ is the n-th harmonic number. In 
particular, 𝐻ுିଵ + 𝐻ு − 𝐻ଶுିଵ =
𝜃 (log 𝐻) and the bound is strictly positive 
but small, showing a controlled (averaging 
type) contraction of row – to – row 
differences. 

B) Positive local correlations : For any fixed 
column index 𝑘𝜖{1,2, … , 𝑊}, the (𝑖, 𝑖 + 1) 
covariance of the transformed row is  

𝐶𝑜𝑣൫(𝐼௖
ᇱ)௜,௞, − (𝐼௖

ᇱ)௜ାଵ,௞,൯

= ෍ ෍
1

𝑖 + 𝑗 − 1

ு

௟ୀଵ

1

𝑖 + 1 + 𝑙 − 1
𝐶𝑜𝑣൫(𝐼௖)௝,௞,, (𝐼௖)௟,௞,൯

ு

௝ୀଵ

, 

Which is a positive integer (entry wise) aggregation 
of the pre-transform covariances. In particular, 
whenever the pre-transform covariances are 
nonnegative (e.g., for a smooth anatomical signal 
plus independent noise across rows), the post-
transform neighboring – row covariance is strictly 

positive, hence 𝐼௖
ᇱ  induces smooth, positive local 

correlations. 
 
PROOF: 

A) Row-wise smoothing: Fix a channel 𝑐 and 
a column 𝑘. By definition, 

(𝐼௖
ᇱ)௜,௞ = ෍

1

𝑖 + 𝑗 − 1
(𝐼௖)௝,௞

ு

௝ୀଵ

 

Therefore, 

 (𝐼௖
ᇱ)௜ାଵ,௞ − (𝐼௖

ᇱ)௜,௞ = ∑ ቀ
ଵ

௜ାଵା௝ିଵ
−ு

௝ୀଵ

ଵ

௜ା௝ିଵ
ቁ (𝐼௖)௝,௞ = − ∑

(ூ೎)ೕ,ೖ

(௜ା௝ିଵ)(௜ା௝)

ு
௝ୀଵ  

Taking the Euclidean norm across columns 
(i.e., row vectors), 

ฮ(𝐼௖
ᇱ)௜ାଵ,: − (𝐼௖

ᇱ)௜,:ฮଶ

≤ ෍ ൬
1

(𝑖 + 1 + 𝑗 − 1)(𝑖 + 𝑗 − 1)
൰ ฮ(𝐼௖)௝,:ฮଶ

ு

௝ୀଵ

≤ ቌ෍
1

(𝑖 + 𝑗 − 1)(𝑖 + 𝑗)

ு

௝ୀଵ

ቍ max
௝

ฮ(𝐼௖)௝,:ฮଶ
 

෍
1

(𝑖 + 𝑗 − 1)(𝑖 + 𝑗)

ு

௝ୀଵ

= ෍ ൬
1

(𝑖 + 𝑗 − 1)
−

1

(𝑖 + 𝑗)

ு

௝ୀଵ

=
1

𝑖
−

1

𝑖 + 𝐻
൰ 

This yields (1) summing over 𝑖 = 1, … , 𝐻 − 1 and 
simplifying 

෍ ൬
1

𝑖
−

1

𝑖 + 𝐻
൰ = ෍

1

𝑖

ுିଵ

௜ୀଵ

ுିଵ

௜ୀ

− ෍
1

𝑖 + 𝐻

ுିଵ

௜ୀଵ

= 𝐻ுିଵ − (𝐻ଶுିଵ − 𝐻ு)
= 𝐻ுିଵ + 𝐻ு − 𝐻ଶுିଵ, 

Gives (2). Since 𝐻௡ = log 𝑛 + 𝛾𝑜(1), the 
parenthesis is 𝑙𝑜𝑔 𝐻 − 𝑙𝑜𝑔 2 + 𝑜(1) i.e., a small 
(controlled) factor. Thus the transform contracts 
row-to-row differences in a quantified, averaging 
manner. 
(B) Positive local correlations. Write (𝐼௖

ᇱ)௜,௞ =

∑ 𝑎௝
(௜)(𝐼௖)௝,௞௝   with 𝑎௝

(௜)
=

ଵ

௜ା௝ିଵ
> 0 

Then for any 𝑖, 
𝐶𝑜𝑣 ൫(𝐼௖

ᇱ)௜,௞, (𝐼௖
ᇱ)௜ାଵ,௞൯

= ෍ ෍ 𝑎௝
(௜)

 𝑎௟
(௜ାଵ)

𝐶𝑜𝑣 ൫(𝐼௖)௝,௞ , (𝐼௖)௟,௞൯.

ு

௟ୀଵ

ு

௝ୀଵ
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Hence, whenever 𝐶𝑜𝑣 ((𝐼௖
ᇱ)௜,௞ , (𝐼௖

ᇱ)௟,௞) ≥ 0 (e.g., a 
smooth biological signal plus independent noise 
across rows), the double sum is strictly positive, 

because 𝑎௝
(௜)

, 𝑎௟
(௜ାଵ)

> 0 and at least one covariance 
term is nonzero in practice. Thus the embedding 
induces positive correlations between neighboring 
rows. 
 
3.3 Remark 

If one also right-multiplies by a 𝑊 × 𝑊 
Hilbert matrix 𝐻ௐ , i.e. 𝐼௖

ᇱᇱ = 𝐻ு  𝐼௖ 𝐻ௐ
் , then the 

same telescoping argument shows smoothing and 
positive correlations along both rows and columns. 
 
3.4 Noise Attenuation Via Row-Normalized 
Hilbert Embedding 

Let  with 𝐷 = 𝑑𝑖𝑎𝑔(𝑠ଵ, 𝑠ଶ, … , 𝑠௜) with 𝑠௜ =
∑ (𝐻ு)௜,௝

ு
௝ୀଵ  , and define the row-stochastic operator 

𝐻ഥ = 𝐷ିଵ𝐻ு(each row sums to 1). Let 𝑁 ∈ 𝑅ு×ௐ  
have zero-mean entries with variance 𝜎ଶ 
(independent across rows). Then 

𝐸‖𝐻ഥ𝑁‖ி
ଶ = 𝜎ଶ𝑊 ∑ ฮ𝑤(௜)ฮ

ଶ

ଶ
≤ 𝜎ଶு

௜ୀଵ 𝑊𝐻, 𝑤(௜) ≔

(
(ுಹ)೔,భ

௦೔
, … ,

(ுಹ)೔,ಹ

௦೔
) , 

with strict inequality for Hilbert weights (since the 
weights are not one-hot). Thus, relative to 
identity, 𝐻ഥ reduces (or, in the worst case, does not 
increase) expected noise energy, while preserving 
overall intensity (row sums equal 1). 
PROOF. 
For any fixed row 𝑖 and column 𝑘, (𝐻ഥ𝑁)௜,௞ =

∑ 𝑤௝௝
(௜)

𝑁௝,௞  is a convex combination of independent 
zero-mean variables, hence 𝑉𝑎𝑟 ((𝐻ഥ𝑁)௜,௞ =

𝜎ଶ ∑ ൫𝑤௝
(௜)

൯௝ )ଶ ≤  𝜎ଶ, with strict < unless some 𝑤(௜)  

is one-hot. Summing over all 𝑖, 𝑘 yields the claim. 
 
3.5 Corollary 
Let two classes have mean difference 𝛿 = 𝜇ଵ − 𝜇଴ ∈
𝑅ு×ௐand class-conditional noise that is isotropic 
with variance 𝜎ଶ per entry. For any linear classifier 
applied row-wise (or to the vectorized image), the 
post-transform signal-to-noise ratio satisfies 

𝑆𝑁𝑅௣௢௦௧ =
‖ுഥఋ‖ಷ

మ

ఙమ ∑ ฮ௪(೔)ฮ
మ

మ
೔

≥
‖ுഥఋ‖ಷ

మ

ఙమு
. 

Hence, whenever the inter-class signal δ has a 
predominantly smooth row-profile (e.g., slowly 
varying across 𝑖), the numerator ‖𝐻ഥ𝛿‖ி

ଶ   is preserved 
or amplified by the averaging, while the 
denominator does not increase, improving the 
effective margin for linear decision rules (e.g., 
LDA/Logistic/SVM with linear kernel). 
3.6 Remark 

1. The raw Hilbert operator HH already yields 
the smoothing bound (1)–(2) and induces 
positive local correlations. 

2. For stability and intensity preservation, use 
the row-normalized variant 𝐻ഥ = 𝐷ିଵ𝐻ு  in 
practice; it attenuates noise and typically 
improves the linear separability of 
clinically smooth features. 

3.7 Transformer Architectures 
3.7.1 Swin Transformer 
 The Swin Transformer employs shifted 
window self-attention to achieve computational 
efficiency. 
Within each window, attention is computed as: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
ொ௄೅

√ௗ
+ 𝐵)𝑉 

…………………….. (3) 
where Q, K, and V are query, key, and value 
matrices, d is the dimensionality, and B is the 
relative 
positional bias. The shifted window strategy enables 
cross-window communication, capturing both local 
and global dependencies as shown in Figure 3, which 
is particularly useful for high-resolution medical 
images. 

 
Figure 3: Swin Transformer Architecture 

3.7.2 Vision Transformer (ViT) 
The ViT processes an input image 𝑥 ∈ 𝑅ு×ௐ×஼  by 
dividing it into non-overlapping patches. Each patch 
𝑥௜

௣is flattened and embedded as: 
𝑧௜

଴ = 𝑥௜
௣

𝐸 ………………………………. (4) 
where E is a learnable embedding matrix. The 
embeddings are concatenated with a classification 
token and positional encodings: 

𝑍଴ = [𝑧௖௟௦; 𝑧ଵ
଴; … . ; 𝑧ே

଴ ] + 𝐸௣௢௦ 
………………………….. (5) 

After 𝐿 encoder layers, the hidden state of the 

classification token 𝑧௖௟௦
(௅) is passed to a softmax 

classifier as shown in Figure 4: 

𝑦ො = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝑧௖௟௦
(௅)

𝑊௖ + 𝑏௖) 
………………………………. (6) 
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Figure 4: Vision Transformer Architecture. 

4. EXPERIMENTAL SETUP 
4.1 Datasets 
  
The experimental analysis was carried out on the 
three sets of data that depict the evaluations of both 
the motor functions and neuroimaging data. Spiral 
drawings were taken to record motor impairments in 
tremors and abnormal fine motor control like the 
ones in Figure 5. Wave images were also added as 
another motor-based biomarker that showed hand 
stability and smoothness of motion. Lastly, a 
neurophysiological viewpoint was offered through 
the use of functional MRI (fMRI) scan to 
demonstrate the patterns of distributed activities in 
the brain. Contrary to past research works that used 
only volumetric MRI [7] or multimodal progression 
tracking [8], the combination of spiral, wave, and 
fMRI data in this research makes sure that the 
characterization of the Parkinson disease is 
completed. 

 
Figure 5: MRI, Spiral and Wave Datasets 

4.2 Preprocessing 
We made sure that we resized all the photos to 
224x224 pixels so that they should work with the 
backbones that are based on transformers. 
Normalization was done on intensity data using z-
scores to bring the data down to a range of [0,1]. A 
Hilbert matrix transformation was done channel 
wise to introduce smooth spatial correlations into the 
input features in order to represent biologically 
inspired priors. Loise filtering was done to eliminate 
background artifacts in scanned drawings. To 
strengthen the model and reduce chances of 
overfitting, the data augmentation methods (random 
rotations, flips and brightness alteration) were 
employed. 

4.3 Training Parameters 
Both Swin and Vision Transformer models were 
trained by the Adam optimizer with a learning rate 
of 1x10 -4 and a batch size of 4. The model was 
trained with 5 epochs and the goal function was the 
cross-entropy loss. All the experiments were 
performed in an NVIDIA workstation with a GPU 
and early stopping conditions were used to stop 
unnecessary computations and overfitting. 
4.4 Evaluation Metrics 
The efficiency of the given structure was primarily 
experimented with, on the foundation of the usual 
measures of classification. The accuracy was used to 
determine the number of correct samples. Precision 
gave the ratio of the true positives to all the positives 
actually happened whereas recall gave the ratio of 
the true positives to the total positives actually 
existing. F1-score is the harmonic mean of accuracy 
and recall and gave a good impression of the quality 
of classification. To demonstrate that the proposed 
strategy is efficient, the outcomes were contrasted 
with many various bases. The classical machine 
learning models that were used as examples include 
support vector machines (SVM) with radial basis 
function kernel and random forest with 100 trees. A 
typical convolutional neural network (CNN) was 
used to perform deep learning on the 2D data of 
spiral and waves. Those experiments enabled us to 
contrast the comparative performance of Hilbert 
embeddings with transformer backbones on the 
general performance of the prediction.  
 
5.RESULTS AND DISCUSSION 
 The proposed architecture was 
experimented using the spiral, wave, and fMRI 
datasets and compared with CNN and conventional 
machine learning. The Swin Transformer using 
Hilbert embedding performed the best, and was 
consistently higher in accuracy than the Vision 
Transformer (ViT), CNNs and baseline models. 
Things were more stable with the use of Hilbert 
transformations and ensured that features were 
consistent across datasets. Table 1 and Table 2 
indicate the accuracy, precision, recall, F1-score and 
ROC-AUC of each method. A study on ablation was 
carried out to determine the effect of Hilbert-based 
embedding. Models that were trained on raw 
pictures were less accurate compared to models that 
were trained on processed pictures that had 
undergone the Hilbert method. It is demonstrated in 
this work that Hilbert embedding imposes 
physiologically-inspired priors, which regularizes 
spatial properties and makes inputs more conducive 
to transformer self-attention layers. Figure 6 - Figure 
9 indicate the performance metrics comparison. 
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Table 1: Performance metrics for the Vision Transformer 
 

Dataset Precision Recall F1 - 
Score  

Accuracy 

FMRI 
Images 

98% 100% 99% 97.78% 

Spiral 
Images 

55% 100% 71% 55% 

Wave 
Images 

100% 80% 89% 88% 

 
 
Table 2: Performance metrics for the Swin Transformer 
 

Dataset Precision Recall 
F1 – 
Score 

Accuracy 

FMRI 
Images 

100% 98% 99% 97.96% 

Spiral 
Images 

95% 81% 88% 89% 

Wave 
Images 

100% 75% 85% 83% 

 
 
Table 3: Comparison of existing works on Parkinson’s 
disease detection. 

5.1 Comparison with Previous Research  
 
The suggested approach proved to be better than the 
previous techniques, such as CNN-based 3D MRI 
classification [7] and multimodal spatio-temporal 
fusion. Our study involves a combination of motor 
function data and neuroimaging method to provide a 
complete picture of PD, unlike the current practice. 
It is also possible to train well on high-resolution 
medical images on the Swin Transformer and retain 
small structural details. Visual comparison of the 

spiral and wave forecasts showed that the proposed 
approach was superior in identifying problems 
related to tremors compared to CNN baselines. The 
Hilbert-based embedding of fMRI images provided 
its discovery of areas that have smooth spatial 
transitions, which is clinically linked to PD-related 
atrophy and connectivity issues. The best thing about 
the framework is that it is able to evolve with your 
needs. Swin Transformer can be used in a large 
environment of hospitals because it reduces the cost 
of computation without compromising the accuracy. 
The inclusion of biological priors does not only 
improve functionality but makes the system more 
understandable (which is paramount to clinical 
decision support systems). The paper combines two 
key domains mathematical modeling and state-of-
the-art deep learning models and lays the 
groundwork to the development of structure-
sensitive and reliable AI systems in healthcare. 
Various research works have explored the 
application of deep learning and mathematical 
modeling in predicting Parkinson’s disease. 
 Table 3 contains a short list of more recent 
contributions, such as datasets, types of models and 
reported accuracy. Transformer-based EEG [3] and 
gait analysis [4] models had an accuracy of about 80 
percent, and 3D CNN models on the MRI had an 
accuracy of 89.4 percent [7]. The accuracy was 
raised to 90.7% with the use of the multimodal MRI 
characteristics in the spatio-temporal fusion system 
[8]. Rather, the offered Hilbert-integrated 
transformer architecture has been able to gain an 
accuracy of 97.96 on spiral, wave and fMRI 
databases, which is a considerable performance 
improvement. The research proves the practicality of 
combining mathematically viable Hilbert 
embeddings and scaling topologies of transformers 
that enhances the generalization and biological 
interpretation. 
 
 

Study & 
year 

Model used Datasets Accuracy 

Basheer et 
al. (2024) [3] 

Multitask 
Transformer 
+ Contrastive 
Learning 

EEG 
signals 

85.6 % 

Sigcha et al. 
(2024) [4] 

Deep CNNs 
for gait 
detection 

Multi-
dataset gait 
recordings 

87.2 % 

Desai et al. 
(2024) [7] 

3D CNN MRI brain 
scans 

89.4 % 

Kukreja et al. 
(2025) [8] 

Spatio-
temporal 
Fusion (MRI 
+ multimodal) 

MRI + 
temporal 
progression 
data 

90.7 % 

Proposed 
Framework 

Hilbert 
Embedding + 
Swin / ViT 
Transformer 

Spiral, 
Wave, 
fMRI 

97.96 % 
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Figure 6: Comparison for Precision 

Figure 7: Comparison for Recall 

Figure 8: Comparison for F1 – Score 
 

 
 

 

Figure 9: Comparison for Accuracy 
 

6. CONCLUSION 

This research suggested a scalable methodology for 
predicting Parkinson's illness that integrates 
mathematical modeling, Hilbert transform-based 
spatial embedding, and transformer-based deep 
learning. The suggested Hilbert embedding adds  
biologically relevant spatial correlations and makes 
features more stable. Transformer designs 
proficiently encapsulate intricate connections inside 
multimodal datasets. Experimental results show that 
the suggested framework works better than CNN and 
other classic machine learning methods. The Swin 
Transformer with Hilbert embedding had the best 
accuracy at 97.96%, showing that it can handle more 
data and is more reliable. The suggested framework 
offers a comprehensible, expandable, and clinically 
relevant approach for the early diagnosis of 
Parkinson’s disease. 
 
7. FUTURE WORK 

Further directions of the research include the 
enhancement of the dataset with multi-center clinical 
cohort studies, Bayesian updating to real-time risk 
assessment, and federated learning to train the 
models in their own privacy. In addition, quantum-
inspired kernels and graph neural networks can even 
enhance the interpretability and scalability of the 
prediction models of PD. According to our findings, 
our hypothesis that mathematically based, 
biologically inspired embeddings, combined with 
state-of-the-art transformer structures, can be an 
effective method to early, consistent and scalable 
prediction of Parkinson disease can be compared to 
the achievement of our objective. 
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