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Abstract

Parkinson’s disease is a progressive neurodegenerative disorder characterized by motor
impairments that significantly affect handwriting and fine motor control. Recent advances
in artificial intelligence have enabled the non-invasive analysis of handwritten patterns as
reliable digital biomarkers for early Parkinson’s disease detection. However, existing
deep-learning approaches often struggle with diagnostic uncertainty and lack interpreta-
bility, limiting their clinical reliability and practical adoption. Moreover, models trained
on single datasets frequently exhibit poor generalization across heterogeneous handwrit-
ing sources. This study uses two image-based handwriting datasets and one CSV-based
HandPD feature dataset, including the Parkinson’s Augmented Handwriting Dataset,
Parkinson’s Drawings Dataset, and HandPD Spiral/Meander feature records. A Trans-
former-based architecture is employed to learn global motor patterns from handwriting
images, followed by a fuzzy-logic-based decision layer to handle uncertainty and improve
robustness. The novelty of this work lies in integrating Transformer-driven deep feature
learning with fuzzy clinical reasoning, supported by an AIC-based handcrafted feature
analysis for interpretability. The model performance is evaluated using accuracy, preci-
sion, recall, F1-score, MCC, and AUC metrics. The experimental results demonstrate that
the proposed Transformer-Fuzzy framework consistently outperforms CNN and Trans-
former-only baselines, achieving superior classification performance and robust generali-
zation across all datasets, thereby establishing its effectiveness for reliable and interpreta-
ble Parkinson’s disease screening.
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Parkinson’s disease (PD) is a chronic progressive neurodegenerative disorder with
Licensee MDPI, Basel, Switzerland.

o _ more than 10 million cases all over the world, and prevalence estimates used to predict at
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least 1-2% of the population older than 60 years are affected [1]. By national estimates, the
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conditions of the Creative Commons ~ population of persons with PD may double by 2040 due to the aging of the U.S. popula-
Attribution (CC BY) license. tion. Quantitatively, from a motor control standpoint, PD results in significant decrements
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in fine motor performance as evidenced by increases in tremor amplitude, decreases in
stroke smoothness, and increases in spatial variability [2,3]. For experimental handwriting
studies, kinematic variability and trajectory irregularity are higher by approximately 30—
60% for the PD patients over healthy controls with consistent statistical significance (p <
0.01) for both the spiral and wave drawing experiments [4,5]. These quantifiable differ-
ences define handwriting as a mathematically approachable and statistically significant
biomarker for the early identification of Parkinson’s disease [6].

Consequently, the handwriting-based analysis has become a low-cost and non-intru-
sive method to PD screening, especially for the early and prodromal stages [7]. Spiral- and
wave-drawing tasks are frequently used in clinics, as they engage sustained motor coor-
dination over time and are thus responsive to tremor, bradykinesia, and rigidity [8,9]. Re-
cently, Al and deep-learning methods have been utilized for the automation of PD detec-
tion from handwritten motor tasks [10,11]. Convolutional Neural Networks (CNNs) have
attained encouraging results in learning spatial features from handwriting images, but the
utilization of local receptive fields will hinder the capability of modelling long-range de-
pendencies, such as global stroke continuity and holistic motor coordination [12]. Trans-
former architectures based on self-attention mechanisms have shown promising perfor-
mance in learning global contextual relations recently, which have also been effective for
medical image analysis such as a handwriting-based motor assessment [13].

Despite this success, two issues remain unaddressed by the existing models for Par-
kinson’s disease detection. First, the vast majority of deep-learning models (such as CNN
and Transformer ones) are non-probabilistic and provide little information on the diag-
nostic uncertainty that is critical for clinical decision making [14,15]. Early-stage PD typi-
cally shows motor signs which are borderline or atypical, overlapping with elderly age
symptoms and non-PD movement disorders; the binary distinction is too clean to be use-
ful in real-life clinical practice [16,17]. Second, several current models tend to be black-box
models focused on predictive performance, which restrains their interpretability and cli-
nician reliance. As a result, there is a growing demand for intelligent diagnostic decision
support systems that not only have a high detection sensitivity but also incorporate un-
certainty and offer clinically relevant support in the decision-making process.

To overcome these constraints, the present work presents a hybrid Transformer—
Fuzzy Logic architecture for the detection of Parkinson’s disease by examining handwrit-
ten spiral and wave shapes. In the proposed method, a Transformer model is used to au-
tomatically capture long-range spatial dependencies and complex motor patterns, and
learn discriminative global motor representations from images of handwriting based on
self-attention mechanisms. Such deep features are fed to a Fuzzy Inference System (FIS),
which is employed for the modelling of diagnostic uncertainty via linguistic variables,
membership functions, and the expert-driven fuzzy rules.

This fusion facilitates uncertainty-aware decisions and interpretations by mapping
continuous deep features to interpretable diagnostic scores, making the system closer to
neurologist-minded reasoning. The contribution of the proposed work is in integrating
distributed learning for clinical decision modelling with fuzzy logic so that the robust,
interpretable, and uncertainty-aware detection of PD appears across the multiple hand-
writing datasets. The significant achievements of this study are summarized as follows:

e  Ahybrid Transformer-Fuzzy Logic model for Parkinson’s disease identification, that
leverages deep feature learning through a self-attention mechanism and an uncer-
tainty-based approach for clinical decision modelling is presented;

e  We design a handwriting analysis model based on the Transformer to address both
global motor dependencies and fine-grained handwriting irregularities, which are
not well-modelled in traditional CNN-based architectures;
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e A Fuzzy Inference System is included as a post-decision layer for addressing the di-
agnostic uncertainty, borderline situation, and gradual progression of symptoms,
thus improving the clinical interpretability.

e The performance of the proposed methodology is verified on several public hand-
writing datasets with the focus on robustness and cross-dataset generalization rather
than single-dataset maximization;

e  The study presents a potentially useful and interpretable Al-assisted screening
framework that may support future Parkinson’s disease decision-support studies,
subject to further validation on prospective clinical data.

Asiillustrated in Figure 1, the end-to-end pipeline of our proposed approach consists
of the following: multi-scene handwriting inputs for fine-grained motor impairments;
Transformer-based global feature learning (m-transformer); and fuzzy-logic-driven clini-
cal reasoning to handle uncertainty towards confident diagnostic decisions and practical
clinical decision support.

i S T o
Harll\:\n;ntten Multi-Dataset Handwriting Transformer-Based || Fuzzy Logic—Based :
otor Sources Global Feature Clinical Reasoning 8 ]
Pattern Image divided into Learnin ) i = 1
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Figure 1. Overview of the proposed Transformer—Fuzzy Framework for Parkinson’s disease detec-

tion.

2. Literature Review

Parkinson’s disease (PD) is a devastating, neurodegenerative disorder with the com-
bination of motor and non-motor symptoms significantly impairing the quality of life in
patients. Clinical trials have also emphasized the role of valid biomarkers for early diag-
nosis and to help in distinguishing among diseases, particularly to differentiate PD from
atypical parkinsonian syndromes, and another neurological mimicker [18]. Stronger cor-
relations, between striatal DAT binding and neurotransmitter system derangement as
well as motor or nonmotor symptom severity, were found in early PD patients using neu-
roimaging or biochemical measurements [19,20]. Several composite clinical scales and
symptom prevalence studies also underscore the heterogeneous nature of PD progression,
and the need for objective, quantification assessment measures [21].

In the past few years, handwriting analysis has been proposed as a potential digital
non-invasive PD biomarker. The first works have investigated dynamic writing traces,
and signal warping methods for encoding tremor, dyskinesia, and deviations in hand-
writing trajectories [22]. Early signs of aberrant handwriting, such as micrographic, stroke
distortion, and poor motor fluency, have been identified in PD [23]. These results
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demonstrated the clinical utility of spiral- and wave-drawing tasks as performance-based
measures.

The automatic diagnosis of PD using handwriting has gained significant interest due
to the recent advances in machine learning. Some previous studies explored classical ma-
chine learning (ML), and shallow neural network (NN) models for PD detection by means
of the handcrafted handwriting features [8,15,16]. Subsequently, deep-learning-based
techniques such as RNNs and CNNs achieved better performance by learning complex
temporal and spatial features from online/offline handwritten data [24]. Multimodal sys-
tems further improved diagnostic accuracy by adding handwriting to other physiological
signals such as EEG but at the price of a commensurate increase in complexity.

Finally, deep-transfer-learning and attention-based models are increasingly popular
for improving generalization performance and robustness. As far as the PD classification
on handwritings, several works employed pre-trained CNNs and training techniques to
gain a significant accuracy improvement [25,26]. Transparent and clinically interpretable
Al models have also been developed, especially with the help of explainable AI (XAI)
techniques which advance model interpretability feature attribution and visualization
methods. Ensemble learning has also been used for superior performance by combining
multimodal feature representations from different networks [27].

Transformer-based models are the recent inclusions to handwriting analysis: they
enable the modelling of long-range dependencies and global context. These attention-
mechanism-based models, such as the Swin Transformer and coordinate-based attention
mechanism, were also feasible in handwriting recognition and PD detection [26]. How-
ever, the Transformer models are not equipped with explicit clinical interpretation and
uncertainty estimation to handle diagnostic uncertainty specifically, which causes unsta-
ble predictions for cases located near the borderline, which is essential for clinical reliabil-
ity.

The original paper of Pradeep et al. also proposed an improved LinkNet-GhostNet
architecture for Parkinson’s disease detection in handwriting images and achieved a
strong classification performance on the spiral- and wave-drawing datasets [25]. The work
demonstrated well the promise of employing lightweight deep models for PD screening,
and set a strong benchmark in handwriting-based detection. But this model was mostly
built upon deterministic deep learning prediction with less attention on uncertainty pro-
cessing and decision explainability. Furthermore, the method placed emphasis on convo-
lutional feature extraction, which might hinder the modelling of global stroke dependen-
cies existing in handwriting patterns.

The existing work makes it clear that, although deep-learning- and Transformer-
based methods have advanced the performance of handwriting-based PD detection, chal-
lenges such as interpretability, and uncertainty modelling across datasets are not well ad-
dressed. The majority of studies are concentrated on performance improvement or ex-
plainability alone and there is scarcely any attempt to jointly integrate both into a single
framework. This gap is what motivates the current study, which combines Transformer-
based deep feature learning with fuzzy-logic-based decision modelling to increase robust-
ness, interpretability, and clinical reliability across different handwriting datasets. Table 1
summarizes the literature review.
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Table 1. Summary of key literature on Parkinson’s disease detection using handwriting and Al-

based methods.
Reference(s) Focus/Modality = Method Used Key Contribution Research Gap
Established handwriting irreg-
Deharab and i Signal analysis and srabashed NAnGWHHNG TC8™ ¢ ited deep learning
Handwriting traces . . , ., ularity, tremor, and trajectory X
Ghaderyan [1,7]; . handwriting variabil- =~ "~ L and uncertainty-aware
and early PD signs variation as useful PD indica-

Senatore et al. [4] ity assessment modelling

tors

Zhang et al. [3];

Kumar and Ghosh e Deep learning, RNN, Demonstrated effectiveness of Limited interpretability
. Handwriting-based
[6]; Arasavali et al.

PD detection . .
[9]; Randazzo et ture extraction motor-pattern learning ing

al. [10]

Thebaud et al. [5];
Murugaveni et al.
[22]

MLP, and neural fea- neural models for handwriting and fuzzy clinical reason-

Improved clinical interpreta-
bility of handwriting-based PD
assessment

Interpretable hand- Handcrafted features
writing analysis ~ and explainable Al

Limited fuzzy uncer-
tainty modelling

Multimodal/fea-  EEG-handwriting fu-Showed that combining fea-
ture-fusion PD de- sion and voting clas- tures/signals can improve di-
tection sifier agnostic performance

Kumar and Ghosh
[8]; Aljohani [20]

Increased complexity and
lower practical simplicity

Alsalem and

Amin [18]; Transfer learni d Mostly deterministic;
min [18) . Image-based PD de- ransiet ‘eathing an Improved image-based classifi-. . STy CeTeTIISHS
Shanmugavadivu tection optimized feature se- cation performance limited uncertainty han-

et al. [19]; Abdul- lection p dling

lah et al. [21]

Spiral and wave Provided strong recent bench- Complex architecture;

Al-jabbar et al. handwriting draw- Multi-CNN a.nd T mark using hybrid CNN and limited fuzzy interpreta-
[,24] . semble learning .

ings ensemble models bility
Pradecp and Ko K0T e Tmproved Lot 0 e e uncrtainy sare 4o
malakannan [25] .g GhostNet 518 & p ) Y

tion tecture sion support

Coordinate attention- Demonstrated usefulness of

Handwriting recog- No direct fuzzy inference

Wang et al. [26] . enhanced Swin Transformer-based attention . .
nition for PD - . or uncertainty modelling
Transformer for handwriting analysis
Spiral, wave, and Provide benchmark data for =~ Dataset size, subject
Public datasets piraL " ... Public handwriting e  SP)
HandPD handwrit- PD and healthy control classifi-metadata, and leakage
[28-30] . datasets . .
ing data cation control remain concerns

3. Dataset Description

This study uses two image-based public handwriting datasets and one CSV-based
HandPD feature dataset. The image datasets were used for Transformer-based visual fea-
ture learning, whereas the HandPD CSV files were used for feature-level motor-pattern
analysis and fuzzy reasoning support. Handwriting tasks have been established as clini-
cally valid indicators for Parkinsonian motor deformation, as they measure the tremor
amplitude, stroke non-regularity and fine motor coordination degradation. The chosen
datasets have different data acquisition conditions, drawing styles, and sample distribu-
tions to avoid overfitting on a specific dataset.

3.1. Parkinson’s Augmented Handwriting Dataset

Parkinson’s Augmented Handwriting Dataset is a dataset of handwritten spiral and
wave gestures from patients with Parkinson’s disease [28]. The dataset was specifically
designed to address the lack of data via augmentation approaches such as rotation, scal-
ing, translation, and flipping. These alterations model the natural variation in handwriting
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and preserve Parkinson’s disease associated motor characteristics. The combination of spi-
ral and wave tasks allows the proposed motor patterns, such as tremor severity, direc-
tional inconsistency, or spatial distortion, to be learned by the model. The presence of data
augmentation in this set is especially interesting for the training of larger transformer
models, which require large and varied sample distributions to achieve an effective self-
attention learning process.

3.2. Parkinson’s Drawings Dataset

The Parkinson’s Drawings Dataset consists of static spiral and wave drawings drawn
by patients with Parkinson’s disease and normal subjects [29]. This dataset is different
from the augmented datasets, since it mostly includes raw and unprocessed images of
handwriting which reflects the true variability in real drawing as well as acquisition noise.
The dataset is generally partitioned into training and test sets which make the experi-
mental evaluation universally applicable. This motor phenomena in Parkinson’s disease
patients can be easily observed visibly through the tremor-corrupted shapes, varying
thickness of strokes, and smoothening of drawings. This dataset is a crucial benchmark
for assessing the generalization of the model for non-augmented, clinically relevant hand-
writing data.

3.3. HandPD CSV Dataset

The HandPD dataset used in this study was obtained in CSV format rather than as
raw handwriting images. Therefore, it was treated as a feature-level handwriting dataset.
Two files were used: Spiral_HandPD.csv and Meander_HandPD.csv [30]. Each file con-
tains 368 records, 16 variables, and 92 unique examination/session IDs. The class label is
provided as CLASS_TYPE, where Class 1 represents Healthy Control and Class 2 repre-
sents Parkinson’s Disease. In both files, 72 records belong to Healthy Controls and 296
records belong to Parkinson’s Disease cases, corresponding to 18 healthy and 74 Parkin-
son’s examination/session IDs.

The dataset includes metadata such as examination ID, image reference, patient ID,
gender, handedness, and age, along with numerical handwriting descriptors such as RMS,
maximum- and minimum-height-related measures, standard deviation measures, mean
response/time-related measures, and changes from negative to positive movement pat-
terns. Since raw handwriting images were not available, HandPD was not subjected to
image resizing, patch extraction, or image-based preprocessing. Instead, numerical fea-
ture normalization was applied, and the dataset was used to support feature-level motor-
pattern analysis and fuzzy reasoning.

For the HandPD CSV data, splitting was performed at the examination/session level
using _ID_EXAM as the grouping variable to avoid leakage from the same examina-
tion/session appearing in more than one subset. Strict subject-wise separation could not
be guaranteed for datasets where participant identifiers were unavailable. The overview
of the handwriting datasets we employed in this work is given in Table 2.

Table 2. Dataset summary, data format, class distribution, and splitting strategy.

Task Type Total
Dataset and Data For-Samples Class Distribution
mat Used

Subject/Exam In- Split Usedin = Leakage-Control
formation This Study Strategy

Augmented variants
Parkinson’s Spiral and &

Augmented wave hand- 3264 im- . Subject IDs not con- Train = 2284,

. L trol; 1632 Parkin- . ) 1
Handwrit- writing im- ages . sistently available Validation =490,
. son’s Disease
ing Dataset ages Test =490

70:15:1 lit; :
0:15:15 split derived from the same

original image were
kept within the same
subset

1632 Healthy Con-
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Subject-wise separa-

27 subjects reported tion was applied

70:15:15 split;

Parkinson’s Spiral and . 102 Healthy Con- in dataset descrip- . . where subject identifi-
. 204 im- . . . Train = 142, Vali- .
Drawings wave draw- trol; 102 Parkin-  tion; subject IDs not . ers were available; oth-
.. ages . ) . dation = 31, Test . e 1

Dataset ing images son’s Disease available in folder- _ 31 erwise, stratified im-

level metadata age-level splitting was

used

HandPD Grouped

92 IDs; 18
Spiral CSV 72 Healthy Control exam s 70:15:15 split us-

Healthy Control | All records from the
and CSV feature 368 rec- records; 296 Par- ing _ID_EXAM;

. . exam IDs and 74 ; . same _ID_EXAM were

HandPD  records ords kinson’s Disease . . Train = 260, Vali- .

Parkinson’s Disease , . kept in only one subset
Meander records exam IDs dation = 52, Test
CSV =56

4. Experimental Setup

All experiments were conducted on a server with an Intel Core i7 CPU, 16 G memory,

and a NVIDIA GPU with CUDA support to speed up deep-learning calculations. The pro-

posed framework was implemented using Python 3.10 and PyTorch 2.0 as the main deep-

learning library for realizing the Transformer tool. Other libraries including NumPy 1.24,

OpenCV 4.8, and Scikit-learn 1.3 have been used for image preprocessing, feature manip-

ulation, and performance assessment. The fuzzy inference module utilized a home-built

rule-based fuzzy logic layer for flexibility and interpretability.

All handwritten images taken from the selected datasets were converted to grayscale

and ensured to have a regular resolution of 224 x 224 pixels, so as to align all the photo-

graphs across datasets. This image preprocessing was applied only to the image-based

datasets. For the HandPD CSV dataset, numerical feature normalization was applied in-

stead. Pixel values were all scaled between [0, 1] to increase the robustness of gradient-

based optimization. Light data augmentation including random rotation, translation, and

scaling was further used for training to enhance generalization and alleviate overfitting.

No augmentation was used during validation and test.

The proposed model uses a Vision Transformer (ViT)-based encoding to capture

global motor representations from handwriting images. We split each input image into 16

x 16 non-overlapping patches, which were then flattened and linearly transformed to a

latent feature space. Positional embeddings were used to keep the spatial information.

The Transformer encoder is composed of stacked layers of multi-head self-attention and

feed-forward networks, which gives the model the capability to capture long-range spatial

dependencies including stroke continuity, tremor propagation, and global motor coordi-

nation patterns.

The Transformer was trained with an Adam optimizer and a fixed learning-rate,

stopping early to avoid overfitting based on validation loss. Uncertainty-aware clinical

decision making was injected into the Transformer-extracted features as a post-decision

layer using the Fuzzy Inference System (FIS). The extracted deep features were then con-

verted to linguistic variables, representing the motor impairment intensity (e.g., Low/Me-

dium/HIGH). Triangular membership functions have been employed for fuzzification be-

cause of its simplicity and interpretability. To simulate incremental or borderline progres-

sion, a rule set based on expert opinion that utilized fuzzy IF-THEN rules was developed.

The last diagnostic conclusions were achieved via centroid defuzzification and a threshold

was employed to produce binary classification outputs.

https://doi.org/10.3390/info17070631


https://doi.org/10.3390/info17070631

Information 2026, 17, 631

8 of 24

4.1. Data Splitting, Leakage Control, and Evaluation Protocol

A structured training, validation, and testing protocol was adopted to improve re-
producibility and reduce the risk of optimistic performance estimation. For the image-
based datasets, namely, the Parkinson’s Augmented Handwriting Dataset and Parkin-
son’s Drawings Dataset, images were divided into training, validation, and testing subsets
using a 70:15:15 stratified split. Stratification was applied to preserve the Healthy Control
and Parkinson’s Disease class distribution across all subsets.

For the HandPD Spiral and Meander CSV files, splitting was performed at the exam-
ination/session level using _ID_EXAM as the grouping variable. This ensured that all rec-
ords belonging to the same examination/session were assigned to only one subset. Under
the grouped 70:15:15 split, each HandPD CSV file was divided into 260 training records,
52 validation records, and 56 testing records.

For the augmented handwriting dataset, augmented samples were grouped with
their corresponding original images only when the original-augmented relationship
could be verified from filename or metadata information. Because this relationship could
not be confirmed for all samples, the possibility of residual augmentation-related leakage
cannot be completely ruled out and is acknowledged as a limitation.

Three evaluation settings were used. First, within-dataset evaluation was performed
separately on each dataset to assess dataset-specific performance. Second, a combined-
dataset evaluation was conducted by pooling compatible samples after applying the same
preprocessing and normalization procedures. Third, cross-dataset validation was per-
formed to examine whether the model can be generalized across heterogeneous handwrit-
ing sources. In cross-dataset validation, the model was trained on one or more datasets
and tested on a separate dataset that was not used during training. This setting was used
to assess external generalization rather than only random-split performance.

All experiments were repeated across multiple independent runs using fixed random
seeds. The reported results were averaged across runs, and the variability was summa-
rized using standard deviation and confidence intervals wherever applicable.

4.2. Performance Evaluation Metrics

Standard healthcare diagnostics metrics such as Accuracy, Precision, Recall (sensitiv-
ity), Fl-score, Matthews Correlation Coefficient (MCC), Area Under the ROC Curve
(AUC), and Specificity were used for evaluating the behaviour of the Transformer-Fuzzy
system. In combination, the three measures assess classification certainty, performance
robustness, and relevance to clinical considerations. The experimental setting and training
options for the development and evaluation of our models are summarized in Table 3.

Table 3. Experimental setup and training configuration.

Component Parameter Value/Setting
Programming environment Programming language Python 3.x
Deep-learning framework Framework PyTorch

Hardware

System configuration Intel Core i7 CPU, 16 GB RAM, NVIDIA CUDA-supported GPU

Image input size 224 x 224 pixels for image-based datasets only

Image preprocessing Image type Grayscale
Pixel normalization Min-Max scaling to [0, 1]
CSV preprocessing HandPD CSV features Numerical features normalized to [0, 1]

Data augmentation

. Random rotation, translation, and scaling applied only to train-
Augmentation strategy

ing images
Patch embedding Patch size 16 x 16 for image-based Transformer input
Embedding dimension 768
Transformer encoder Number of encoder layers 12
Attention heads 12
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Dropout 0.1
Optimizer Optimizer type Adam
Optimization Learning rate 0.0001

Batch size 32
Training Maximum epochs 50

Early-stopping criterion

Validation loss

Early-stopping patience

10 epochs

Loss function

Classification loss

Binary cross-entropy

Random seeds

42,123, 2024, 2025, 2026

Reproducibility Repeated runs 5 independent runs
Data split Split ratio 70:15:15 train—validation—test split
HandPD split strategy Grouped split using _ID_EXAM
Validation strategy Evaluation settings Within-dataset, combined-dataset, and cross-dataset evaluation

Fuzzy inference

Fuzzy input variables

Tremor severity, stroke irregularity, and global distortion

Membership function

Triangular membership functions

Linguistic levels

Low, Medium, and High

Rule base

27 Mamdani IF-THEN rules

Defuzzification method

Centroid defuzzification

Decision threshold

0.5

Evaluation metrics

Classification metrics

Accuracy, Precision, Recall/Sensitivity, Specificity, F1-score,
MCC, and AUC

Uncertainty metrics

Brier score and Expected Calibration Error (ECE)

Image-based datasets

- Parkinson’s Augmented

* Handwriting Dataset

» Parkinson’s Drawings
Dataset

= Spiral/Wave handwriting

images

CSV-based dataset

= HandPD Spiral CSV
* HandPD Meander CSV

5. Proposed Methodology

In this section, the proposed Transformer—Fuzzy Logic hybrid model for the detection of
Parkinson’s disease using handwritten motor tasks is presented. The methodology combines
deep self-attention-based representation learning and fuzzy rule-based inference for uncer-

tainty-aware and clinically interpretable decision-making. Figure 2 shows the internal struc-

ture of our system, in which handwriting images are initially represented by fixed-size patches
and encoded with a Vision Transformer to capture global motor characteristics. The resulting
feature vector is then fed into a fuzzy inference system consisting of fuzzification, rule-based

reasoning and centroid-based defuzzification to generate an uncertainty-aware diagnostic de-

cision as well as a clinically interpretable confidence score.

-

Grayscale conversion
Resize to 224 x 224

Pixel normalization [0,1]
Training-only
augmentation

* Numerical feature
normalization
= _ID_EXAM grouped split

* Numerical motor features = RMS, height, SD, transition

< Mapping to Fu. [re——
Vision Transformer PPing . — ! Fuzzification
Input Variables | Low/Mediumy || "
o | High 2 H
Tremor severity §. | = §a
) Stroke irregularity 12 i Rule O g -
HoE s Rukopatns Global distortion wl|  Evaluation o By
Linear projection = 27IF-THENrules | | || o c 2
Positional embedding @ -] § u 5
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1223 & operator o 8
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€5V features bypass image-based ViT
processing

Figure 2. Detailed architecture of the proposed Transformer-Fuzzy Inference framework for Par-

kinson’s disease detection.

5.1. Problem Formulation

Equation (1) denotes the dataset:

D = {(I, y)}e, @
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where [; € R®”*Y represents a handwriting image (spiral or wave) and y; € {0,1} de-
notes the ground-truth class label (0: Healthy, 1: Parkinson’s Disease).
The objective is to learn a mapping, as shown in Equation (2),

fil-9 @)

that maximizes classification performance while explicitly accounting for diagnostic un-

certainty.
The proposed pipeline is expressed as per Equation (3):
Fuzzy Logi
TransE))rmer u Y_) oglc 9 (3)

5.2. Transformer-Based Feature Learning

The Transformer module is responsible for learning global motor representations
from handwriting images by modelling long-range spatial dependencies.

5.2.1. Patch Embedding

Each preprocessed image | € R?2#*224

is divided into non-overlapping patches of
size P X P. Equation (4) shows total number of patches:

HW

e @

Each patch p; is flattened and projected into a D-dimensional latent space, as per

N, =

Equation (5):
x; = piWg + bg ()

Alearnable class token x5 and positional embeddings E,,s are added, as shown in
Equation (6):

X = [Xas X15 X5 won 5 X, ] + Epos (6)

5.2.2. Self-Attention Mechanism

For an input sequence X, the query, key, and value matrices are computed as per
Equation (7):

Q = XWy, K = XWy,V = XW, @)

Equation (8) shows the scaled dot-product attention:

: QKT
Attention(Q, K, V) = softmax ( ) 4 (8)

NEn

Multi-head attention aggregates information from multiple subspaces, as per Equa-
tion (9):

MHSA(X) = Concat(head;, ..., head;)W, )
This enables the model to capture global handwriting characteristics, such as tremor

propagation and stroke continuity.

5.2.3. Transformer Encoder Output

Each Transformer layer consists of MHSA and a feed-forward network (FEN), as
shown in Equation (10):

FEN(x) = a(xW, + b))W, + b, (10)

Residual connections and layer normalization are applied as per Equation (11):
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70 = LN(MHSA(Z(FD)y 4+ z(-D))

11
ZW = LN(FFN(Z®) + z®) ()

The final class token representation z.s is extracted as the global feature vector,
shown in Equation (12):

F =z (12)

5.3. Fuzzy-Logic-Based Clinical Decision Modelling

Even though Transformer features are highly discriminatory, the clinical diagnosis is
of gradual development and not certain. For this, a Fuzzy Inference System (FIS) is used.
Figure 3 shows the fuzzy inference performed on normalized motor features obtained
from the Transformer model. Tremor intensity, stroke irregularity, and global distortion
transformer outputs are initially fuzzified into linguistic terms (Low, Medium, and High),
and then the Mamdani inference rule evaluation is applied along with aggregation. The
last step is by centroid-based defuzzification leading to a Parkinson’s disease likelihood
score, which provides the uncertainty-aware and clinically interpretable diagnostic deci-

sion.
Transformer Rule Evaluation Aggregation &
Output Features (Mamdani) Defuzzification
Membership
524 .
s;: Tremor Feature = 0.72 Low Medium High
s,: Stroke Irregularity = 0.61 D
2 roke Irregularnty A :.- £ -_.44
s3: Global Distortion = 0.40 3 0. A Membership
0.12 1 i
HA H
Low : Medium High Health Borderline | PD
s=g(),5<01] J e A | A
)| A A 0.2 VAR
0 - » 0 i o
0.61 1 PD Likelihood (z)

Feature | Low Med High
5;=072 | 0.00 | 0.12 0.44 s~ 0.73

s,=061 | 0.00 | 0.56 | 0.22 ¥5=>7=0.5>PD
= Else -> Healthy

4
w~~l ------ Aggregation
BN || rmimiem-s e
.o : (Confidence 0.73)
\ e NG 7 A .

Figure 3. Mamdani fuzzy inference process showing fuzzification of normalized motor-impairment

scores, rule firing, aggregation, and centroid-based PD likelihood estimation.

For example, if the normalized fuzzy input scores are tremor severity = 0.72, stroke
irregularity = 0.61, and global distortion = 0.40, each value is first converted into Low,
Medium, and High membership degrees using the triangular membership functions. Sup-
pose tremor has a High membership of 0.30 and stroke irregularity has a High member-
ship of 0.05. For the rule “IF tremor severity is High AND stroke irregularity is High
THEN PD likelihood is High,” the Mamdani firing strength is calculated using the mini-
mum operator: min(0.30, 0.05) = 0.05. Similarly, all activated rules are evaluated, their out-
puts are aggregated using the maximum operator, and the final PD likelihood score is
obtained using centroid defuzzification. A score equal to or above 0.50 is classified as Par-
kinson’s Disease, while a score below 0.50 is classified as Healthy Control.
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5.3.1. Mapping of Features to Fuzzy Input Variables

The Fuzzy Inference System requires interpretable scalar inputs instead of the com-
plete high-dimensional Transformer feature vector. Therefore, the final Transformer class-
token representation h. s was projected into three normalized motor-impairment
scores: tremor severity, stroke irregularity, and global distortion. This mapping was per-
formed using a linear projection layer followed by sigmoid normalization shown in Equa-
tion (13):

[S1,S2,83] = o(Wrheys + by) (13)

where s;, s,, and s; represent tremor severity, stroke irregularity, and global distortion,
respectively. Each score ranges from 0 to 1, with higher values indicating stronger hand-
writing impairment.

For the HandPD CSV dataset, raw images were not available; therefore, normalized
numerical descriptors were grouped into the same three fuzzy inputs. RMS and height-
variation features were used for tremor severity, standard deviation, and transition-re-
lated features for stroke irregularity, and maximum-/minimum-height-related features for
global distortion. These three inputs were then fuzzified into Low, Medium, and High
linguistic terms. To ensure a consistent fuzzy reasoning process across image-based and
CSV-based datasets, the extracted features were mapped into three common fuzzy input
variables, as shown in Table 4.

Table 4. Mapping of image-based and HandPD CSV features to fuzzy input variables.

Fuzzy Input Image-Based Datasets HandPD CSV Dataset

Tremor severity  Projected Transformer feature RMS and height-variation features
Standard deviation and transition fea-
tures

Global distortion Projected Transformer feature Maximum-/minimum-height features

Stroke irregularity Projected Transformer feature

5.3.2. Fuzzification and Membership Parameters

Selected Transformer features F = {f}, f,, ..., fn} are mapped to linguistic variables
such as Low, Medium, and High motor impairment.
Equation (14) defines the Triangular membership functions:

0, x<a
xX—a
Py a<x<b
pa(x) = cC—x (14)
—, b<x<c
Lc—b
0, x>c

The three fuzzy input variables, namely, tremor severity, stroke irregularity, and
global distortion, were normalized within the range [0’ 1]. Each input variable was repre-
sented using three triangular membership functions: Low, Medium, and High. The same
membership parameters were used for all three input variables to maintain consistency
and interpretability. The triangular membership parameters used for the fuzzification of
the three motor-impairment inputs and the PD likelihood output are presented in Table
5.
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Table 5. Triangular membership function parameters for fuzzy inputs and output.

Variable Low Medium High
Tremor severity (0.00, 0.00, 0.40) (0.20, 0.50, 0.80) (0.60, 1.00, 1.00)
Stroke irregularity (0.00, 0.00, 0.40) (0.20, 0.50, 0.80) (0.60, 1.00, 1.00)
Global distortion (0.00, 0.00, 0.40) (0.20, 0.50, 0.80) (0.60, 1.00, 1.00)
PD likelihood output Healthy: (0.00, 0.00, 0.40) Borderline: (0.25, 0.50, 0.75)  PD: (0.60, 1.00, 1.00)

5.3.3. Fuzzy Rule Base

A set of expert-inspired IF-THEN rules is constructed. The following is an example:

IF tremor severity is High AND stroke irregularity is High, THEN PD likelihood is
High.

The firing strength of the k-th rule is computed using the min operator, as per Equa-
tion (15):

@ = min (#Al (fl)'“Az (f2) ) (15)

A total of 27 Mamdani IF-THEN rules were used because the system contains three
input variables, each with three linguistic levels. To keep the manuscript concise, we can
describe the rule base using this compact Table 6.

Table 6. Compact Mamdani fuzzy-rule-base design for diagnostic decision-making.

Condition Pattern Output Decision

All three inputs Low Healthy
Two inputs Low and one Medium Healthy
S;e;nput High with remaining inputs Low/Me- Borderline

Borderline
Parkinson’s Disease

Two inputs Medium and one Low/Medium
Tremor High + Stroke High

Tremor High + Global distortion High
Stroke High + Global distortion High

All three inputs High

Parkinson’s Disease
Parkinson’s Disease
Parkinson’s Disease

The rules were designed using clinically motivated reasoning. Low values across all
motor-impairment variables indicate healthy handwriting patterns, whereas high tremor,
high stroke irregularity, and high global distortion indicate Parkinsonian handwriting im-
pairment. Borderline outputs were assigned when the variables showed mixed or moder-
ate impairment patterns. The rule firing strength was computed using the Mamdani min-
imum operator, and all activated rule outputs were aggregated using the maximum op-
erator.

5.3.4. Defuzzification

The aggregated fuzzy output is converted into a crisp diagnostic score using the cen-
troid method, as per Equation (16):

 Jzou@dz
§=r (16)
J u(z) dz
A threshold 7is applied for binary classification is shown in Equation (17):
L (1, y=1
7=l 5 @)

The approach is the first to couple Transformer-based global motor representation
learning with fuzzy-logic-driven uncertainty modelling, and, thus, it allows the transpar-
ent and clinically robust detection of Parkinson’s disease that goes beyond deterministic
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deep-learning classifiers. The aggregated fuzzy output was converted into a crisp PD like-
lihood score using centroid defuzzification. A final threshold of 0.50 was applied, where
scores below 0.50 were classified as Healthy Control and scores equal to or above 0.50
were classified as Parkinson’s Disease.

The AIC-based handcrafted feature analysis was used only as a post hoc interpreta-
bility component and was not used as a direct input to the Transformer classifier. The
proposed Transformer-Fuzzy model performs the classification using Transformer-de-
rived representations and fuzzy inference. In contrast, the AIC analysis was applied sep-
arately to identify compact and clinically meaningful handwriting descriptors associated
with Parkinsonian motor impairment. Therefore, the AIC component supports the inter-
pretation of handwriting-related motor features but does not directly influence the model
training or final prediction. Algorithm 1 below explains the process mathematically.

Algorithm 1: Unified Transformer-Fuzzy Logic Method (Mathematical Algorithm)

Inputs

. Dataset: D = {(I;,y)}¥,, I; € RF*W, v, € {0,1}

° Patch size P, embedding dim D, Transformer depth L, heads h

o Fuzzy linguistic sets £ = {Low,Med,High}

. Membership parameters © = {(a;s, bjs, ¢j¢)} for feature j and label ¢
. Rule base R = {r,}¥_;

. Decision threshold t € (0,1)

Step 1: Preprocessing

For each image I, define the standardized input
ResizeGray(/) — min

i — ¢(1) € R224X224, i —
Step 2: Patchification and Embedding
Partition [ into N, = =2
P
bed each patch:

max —min
non-overlapping patches {pn}:zl, Pn € RP*P_ Flatten and em-
Xp = vec(p)Wg + by € RP,

Add a learnable class token x., € R? and positional encodings Epost
Xo = [Xas; %1 5 %w,] + Epos € ROPHDXD,
Step 3: Transformer Feature Learning
For layer £ =1, ..., L, compute multi-head self-attention and FFN updates:

(a) MHSA:
Q=X 1Wo, K =X, Wi,V =X, 1 Wy,

..... QKT
Att(Q,K,V) = softmax {1 \/d_ v,
k

MHSA(X,_,) = Concat(Atty, ..., Att,)W,.

(b) Residual + Norm, then FFN:
)’(\g = LN(X{_l + MHSA(X[_l)),
X, = LN(X, + FFN(X,) ), FEN(w) = a(uW, + b;)W, + b,.

Finally, extract the global representation:
F = X, [0] € RP(class-token embedding).

Step 4: Feature Selection / Projection for Fuzzy Reasoning

Select m fuzzy-relevant features via a projection g(-):
s=g(F) e R™

(Example: g can be a linear projection s = WF + b, or a selection of specific compo-
nents.)
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Step 5: Fuzzification (Triangular Membership)
For each fuzzy input feature s; and linguistic label ¢ € £, define triangular member-

ship:
0, S]' < a]-[,
Si—a;
j jt
bj( — aj[’ aj{’ < Sj < bj{z,
ﬂjf(sj) = Cje —Sj
Ge—by eSS Ge
0, Sj = ij.

Step 6: Rule Evaluation (Mamdani Inference)
Each rule r; has the form:
1:IF (5118 Ag1) A - A (Sp is Agm) THEN z is By,

where Ay; € L and By is an output fuzzy set over z € [0,1](“PD likelihood”).
Rule firing strength using the minimum t-norm:
ax(s) = ].g}i{lm Hj,a,;(5))-

Implication (Mamdani “clipping”):
K, (2) = min (@, (s), 45, (2))-

Aggregation across rules (maximum s-norm):

Hagg(2) = max g, (2).

Step 7: Defuzzification and Decision
Centroid defuzzification yields a crisp PD score § € [0,1]:

1
N ETOL

T .
[, Hags (@) dz
Final predicted label:
o {1, $=r,
Y= 0, $<r.

Training Objective (Transformer parameters)
Let Transformer parameters be Q and fuzzy parameters (membership + threshold) be

Y = {0, 1} (usually fixed or tuned). The learning objective for (1 is as follows:
N
1
min ) [=yilog (59 — (1~ ylog (1= 8] + A 1 0 I,
i=1

where §; is the defuzzified PD score produced by Steps 1-7.
$ = FIS(g(ViT(¢(1)))).y = 1[$ > 7|

6. Results and Discussion
6.1. Preprocessing Quality and AIC-Based Interpretability Analysis

The preprocessing analysis was applied to image-based datasets, while AIC-based
handcrafted feature analysis was used as a separate interpretability analysis to examine
clinically meaningful motor descriptors. For image-based datasets, handwriting images
were converted to grayscale, resized to 224 x 224 pixels, and normalized to the range [0,
1]. Data augmentation was used only in training samples. Quantitative image-quality met-
rics were employed to confirm the effectiveness of preprocessing. Figure 4 shows the
handcrafted feature subsets evaluated with respect to their Akaike Information Criterion
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(AIC) values for three handwriting datasets. The AIC score for each dataset first decreases
as more informative motor features are added and exhibits a minimum for some optimal
subset size, beyond which the model becomes over-fitted due to model complexity. The
chosen subsets trade off goodness-of-fit with simplicity, thus promoting interpretability
and generalization. The effect of the preprocessing pipeline on the image quality, in terms
of the contrast variance, structural similarity (SSIM), and edge density, is reported in Table

7 for the handwriting data.

Augmented Handwriting

Parkinson’'s Drawings

HandPD

4 Min AIC: 263.03

4 GLCM Contrast

Radial Variance

HF Energy Ratio (FFT)
Curvature Std
Skeleton Length
Edge Density

(+1 more)

AIC Score
U
{=]
(=]

700

=]
[=1
(=1

400

300

Min AIC: 298.29

HF Energy Ratio (FFT)
Curvature Std

Edge Density
Skeleton Length
GLCM Contrast
Radial Variance

AIC Score

800

700

@
o
o

500

400

Min AIC: 329.00
Radial Variance
Curvature Std

HF Energy Ratio (FFT)
Skeleton Length

Edge Density

2 4 fli é 10 1‘2 1‘4

Number of Feature Subsets

Figure 4. AIC-based feature subset evaluation for handwriting-based Parkinson’s disease detection.

2 a4 6 8 10 12 14

Number of Feature Subsets

|'— AIC s Minimum AIC'|

2 4 6 8 10 12
Number of Feature Subsets

14

Table 7. Quantitative assessment of image preprocessing effects across handwriting datasets.

Contrast Variance

Contrast Vari-

D
ataset (Before) ance (After) (%) Post)
Augmen'te.d 0.41 0.63 18.4 091
Handwriting
Park1r.150n s 0.38 0.59 16.7 0.89
Drawings

6.2. Unified Dataset-Wise and Combined Performance Evaluation

The Transformer + Fuzzy Logic model was evaluated in settings of single datasets,
and a multi-dataset setting with five-fold cross-validation. The performance was meas-
ured by employing Accuracy, Precision, Recall, F1-score, MCC, and AUC. The classifica-
tion results of the proposed model on the handwriting datasets and their combined data
are presented in Table 8, where accuracy, precision, recall, F1-score, MCC (Matthews cor-
relation coefficient), and AUC are used as evaluation metrics. The consistently high MCC
and AUC values indicate a balanced classification performance across heterogeneous da-
tasets. To assess robustness, each experiment was repeated across five independent runs
using fixed random seeds. The reported values are presented as mean + standard devia-
tion. This reporting allows the performance variability to be assessed across repeated tri-
als rather than relying on a single split result. Values are reported as mean + standard
deviation across five independent runs. Sensitivity corresponds to recall for the Parkin-
son’s Disease class. Figure 5 presents the epoch-wise validation performance of the pro-
posed Transformer-Fuzzy model across individual and combined datasets. The results
show a smooth convergence across training epochs, with only a marginal improvement
after epoch 45, supporting the use of early stopping. To avoid redundancy, the corre-

sponding numerical epoch-wise values are not repeated in tabular form.
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Table 8. Performance evaluation of the proposed Transformer-Fuzzy model across individual and

combined datasets.

Recall/Sensitiv-

Dataset Accuracy (%) Precision (%) ity (%) Specificity (%) F1-Score (%) MCC AUC
(o]

Augmented o on L 0) 97354068 96124081  9728+072  9684+069  0.934+0012  0.982+0.006
Handwriting
Parkinson’

arkmson's 9416+091 9488+086  9346+095 94714089  9427+0.87  0.886+0.018  0.967 +0.009
Drawmgs
HandPD CSV ~ 9150+1.18 9217+1.09  90.85+121  91.74+1.13  91.63+1.10  0.833+0.024 0951 +0.012
:;‘;gt‘bmed Da- 05124082 95674078 94484086 9531081 95074079 091140016  0.9760.008

954

904

85 4

80

Performance (%)

75

—&— Augmented Handwriting - Val Acc
Parkinson's Drawings - Val Acc

—&— HandPD - Val Acc

== Combined - Val Acc

—»- Combined - Val F1

-<- Combined - Val AUC (x100)

70

0 10 20 30 a0
Epochs

Figure 5. Epoch-wise validation performance of the proposed model across individual and com-
bined datasets.

6.3. Statistical Significance and Robustness Analysis

To validate the statistical reliability of the proposed framework, multiple inferential
tests were conducted.

6.3.1. Confidence Interval Analysis

Table 9 reports the 95% confidence intervals for key evaluation metrics of the pro-
posed model on the combined dataset, providing statistical evidence of performance sta-

bility and reliability. The narrow confidence intervals demonstrate low variance across
folds.

Table 9. 95% confidence intervals for key metrics (combined dataset).

Metric Mean 95% CI
Accuracy (%) 95.12 [94.21, 96.03]
F1-score (%) 95.07 [94.18, 95.96]
MCC 0.911 [0.892, 0.928]
AUC 0.976 [0.968, 0.984]
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6.3.2. Hypothesis Testing (Model Comparison)

A pair of statistical tests was carried out between the model under consideration and
its baselines. The comparison in Table 10 reports the results of pairwise statistical tests
between the proposed Transformer—Fuzzy model and the baselines in terms of mean per-
formance differences, t-values, and p-values.

Table 10. Statistical significance analysis of performance improvements between models.

iffer- T - Adj -
Comparison Metric Mean Differ Test Used e?t ?ta df p-Value djusted p Significance
ence tistic Value
P d NN +
roposed Vs CNN+ -\ curacy 471 Paired ttest 632 4 <0001  <0.001  Significant
Softmax
Proposed vs CNN+ 1y (e 466  Paired t-test 594 4 0.002 0.004 Significant
Softmax
Proposed vs Trans- . o
Accuracy 1.23 Paired t-test 3.87 4 0.002 0.006 Significant
former-only
P T -
roposed vs Trans- ) (o 118  Paired ttest 361 4  0.006 0.012 Significant
former-only
Proposed vs Base Pa- (- 0014  Paired t-test 321 4  0.004 0.01 Significant

per

6.4. Confusion Matrix and Clinical Diagnostic Analysis

In addition to the overall classification metrics, a confusion-matrix-based evaluation
was performed to examine the clinical diagnostic behaviour of the proposed Transformer—
Fuzzy framework. This analysis is important because accuracy alone may not fully repre-
sent the model’s ability to correctly identify Parkinson’s Disease cases and Healthy Con-
trol cases. Therefore, true positives, true negatives, false positives, false negatives, sensi-
tivity, and specificity were reported for each dataset. Table 11 shows the details of the
confusion matrix.

Sensitivity represents the proportion of Parkinson’s Disease samples correctly iden-
tified by the model, while specificity represents the proportion of Healthy Control sam-
ples correctly classified. These metrics were calculated as follows:

S itivity = e
ensitivity = —o——u
oocificien — TN
pecifici y_TN+FP

Table 11. Confusion-matrix-based diagnostic performance of the proposed Transformer-Fuzzy

model.
Test Sensitivity Specificity
Dataset Samples TP TN FP FN %) %)
Augmented Handwriting 490 236 238 7 9 96.12 97.28
Parkinson’s Drawings 31 14 15 1 93.46 94.71
HandPD CSV 56 40 11 1 4 90.85 91.74
Combined Dataset 575 287 258 13 17 94.48 95.31

TP = Parkinson’s Disease samples correctly classified as Parkinson’s Disease; TN = Healthy Control
samples correctly classified as Healthy Control; FP = Healthy Control samples incorrectly classified
as Parkinson’s Disease; FN = Parkinson’s Disease samples incorrectly classified as Healthy Control.
Sensitivity represents Parkinson’s Disease detection ability, while specificity represents Healthy

Control classification ability.
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6.5. Uncertainty and Calibration Analysis

Since the proposed framework is designed to support uncertainty-aware decision-
making, calibration-based evaluation was also performed in addition to conventional clas-
sification metrics. The defuzzified Parkinson’s disease likelihood score was treated as the
model confidence score. Two uncertainty-related measures were used: the Brier score and
Expected Calibration Error (ECE). The Brier score measures the difference between the
predicted probability and actual class label, while ECE measures the gap between the pre-
diction confidence and observed accuracy. Lower values of both metrics indicate better
uncertainty calibration.

The Transformer-Fuzzy model showed a lower Brier score and ECE than the Trans-
former-only baseline, indicating that the fuzzy inference layer improved not only the clas-
sification performance but also the confidence reliability. This suggests that the proposed
model provides more calibrated diagnostic likelihood scores, especially for borderline
handwriting patterns. The details are shown in Table 12.

Table 12. Uncertainty and calibration performance of different models.

Brier Mean Confidence for Mean Confidence for
Model ECE . . . ..
Score Correct Predictions Incorrect Predictions
CNN + Softmax 0.086 0.071 0.884 0.731
Transformer-only 0.061  0.048 0.912 0.682
Transformer-Fuzzy 130 (.06 0.936 0.594
Proposed

6.6. Ablation and Component Contribution Analysis

We also performed an ablation analysis to measure the contributions of each archi-
tectural part. Figure 6 provides a comparative summary of normalized performance
measures, such as Accuracy, F1-score, MCC, and AUC for three modelling methods. The
inference results on the proposed Transformer-Fuzzy model shows that it consistently
outperforms both the CNN with Softmax and Transformer-only baseline in all perfor-
mance evaluations, proving better reliability classifications, robustness to a class imbal-
ance, and better decision-making while being uncertainty-aware. The performance of the
CNN-based, Transformer-only, and proposed Transformer-Fuzzy models is compared
using accuracy (%) on the pooled dataset in Table 13. The fuzzy inference module contrib-
utes a consistent performance gain, particularly in MCC and AUC.

Table 13. Comparative performance of different model variants on the combined dataset.

Model Variant Accuracy (%) F1-Score (%) MCC AUC
CNN + Softmax 90.41 90.02 0.803 0.938
Transformer Only 93.89 93.67 0.872 0.961
Transformer + Fuzzy (Proposed) 95.12 95.07 0.911 0.976
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Figure 6. Comparative performance evaluation of CNN, Transformer, and proposed Transformer—

Fuzzy models.

6.7. Comparative Evaluation with Base Paper and Existing Methods

The model is compared with the base paper and popular algorithms from the litera-
ture. As can be seen from Figure 7, the Receiver Operating Characteristic (ROC) curves of
three different methods, namely, the CNN-based method (CNN), Transformer-based base
paper, and Transformer-Fuzzy model, are compared for Parkinson’s disease identifica-
tion. Our model presents the best performance in terms of the true positive rate for differ-
ent false positive rates, with the largest AUC (0.976) showing a high discrimination power,
robustness, and a better uncertainty resolution over baselines. Table 14 compares the fea-
ture-modelling techniques and uncertainty-handling capability along with a performance
comparison of the CNN-based, Transformer-based base paper, and our proposed Trans-
former-Fuzzy at test time. The inclusion of fuzzy logic improves robustness and inter-
pretability without excessive model complexity.

The ROC curves were generated using continuous Parkinson’s Disease likelihood
scores rather than binary class labels. For the proposed Transformer-Fuzzy model, the
defuzzified PD likelihood score was used as the decision score. The ROC curve was con-
structed by varying the classification threshold across the prediction-score range and com-
puting the corresponding true-positive rate and false-positive rate. No artificial smooth-
ing was applied to the ROC curves. The AUC values were computed from the original
test-set prediction scores using the trapezoidal rule.

Table 14. Methodological comparison and performance summary of Parkinson’s disease detection

approaches.

. Uncertainty Accuracy
Method Feature Modelling Handling %) AUC
CNN-based Methods Local No 89.5-91.2 0.93-0.95
Base Paper (Transformer) Global No 934 0.962
Proposed Transformer + oy o1 4 Fuzzy Yes 95.12 0.976
Fuzzy
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Figure 7. ROC curve comparison of Parkinson’s disease detection models.

7. Limitations and Future Work

This section discusses the key limitations of the present study and outlines the pos-
sible directions for future research to improve the robustness, generalizability, and clinical
applicability of the proposed framework.

7.1. Limitations

Although the Transformer—Fuzzy model achieves better results than other state-of-
art models, we can also see some limitations of the proposed framework. First, the study
relies heavily on handwriting-based databases that are clinically relevant to only one of
several types of motor abnormalities associated with Parkinson’s. The lack of a paired
mode such as speech, gait, or a corresponding wearable sensor may limit the comprehen-
sive description on disease onset. Second, although handcrafted features are used in in-
terpretability that reflect the important motor-related features, they may be affected by
the image quality and conditions of acquisition (e.g., pen pressure, surface where the writ-
ing is done, and resolution of scanning). Preprocessing can only alleviate the influence of
these features, and exact invariance is unattainable.

A limitation of this study is that strict subject-level separation could not be guaran-
teed for all image-based datasets because subject identifiers were not consistently availa-
ble in the public dataset metadata. Therefore, for such datasets, stratified image-level split-
ting was used where subject-wise grouping was not possible. Although leakage-control
measures were applied wherever metadata permitted, future studies should validate the
proposed framework using datasets with complete subject identifiers and prospective
clinical data.

Third, the AIC-based feature subset and selection is conducted based on the likeli-
hood-ratio classifier for explainability instead of the deep architecture in its entirety. While
this methodology is sound for interpreting features, in the sense that it relies only on input
and attention weights and not the model’s learned parameters, it does not correspond to
the internal optimization dynamics of the Transformer. Fourth, the use of relatively small
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datasets especially HandPD CSV may limit the generalization to more heterogeneous de-
mographic and clinical populations. Class labels are also binary, which disallows a finer-
grained analysis over disease stages (e.g., early, moderate, or late PD). Lastly, even though
fuzzy logic enhances the robustness of the decision-making process, the generation of the
membership functions and rule base is expert-biased, resulting in a subjective approach.
These rules may need re-calibration when applied in other clinical or cultural contexts.

7.2. Future Work

In the future, we plan to extend this framework for a multi-modal Parkinson’s dis-
ease assessment system which utilizes the analysis of handwriting together with speech
signals, gait patterns, and wearable sensor data. This fusion is anticipated to improve the
accuracy of diagnosis as well as enable the longitudinal tracking of the disease course.
Another potential avenue is to explore data-driven or neuro-fuzzy optimization methods
for the adaptive learning of fuzzy membership functions and rules with less dependency
on expert-designed heuristics and interpretability.

At the model level, future work could investigate more lightweight Transformers
such as the Efficient Transformer or hybrid CNN-Transformer models with lower FLOPs,
making it possible to be deployed on clinical-resource-limited devices. Furthermore, ex-
tending the dataset to cover stage-wise clinical labels and temporal samples may make
the framework capable of disease severity assessment and progression prediction, rather
than binary classification only. Ultimately, a clinical trial or hospital-based data collection
with real-world validation along with explainable Al (XAI) visualizations for clinician
feedback will be important to translate the proposed system into a clinically applicable
decision-support.

8. Conclusions

In this work, we suggested an interpretable Transformer—Fuzzy framework for Par-
kinson’s disease detection based on handwritten motor patterns. The Transformer has
proven efficient in representing global stroke dependencies and mild motor damages
while the fuzzy inference layer increases decision robustness by simplifying the modelling
of diagnostic ambiguity.

The experimental results on three handwriting datasets show that the introduced
method significantly outperforms the CNN-based and Transformer-only baseline’s inac-
curacy, F1 score, and AUC. A handcrafted feature analysis based on AIC also provides
insight into clinically relevant motor biomarkers, enhancing the interpretation of the
model. Overall, the proposed framework shows promise for non-invasive Parkinson’s dis-
ease screening from handwriting patterns. However, prospective clinical validation,
larger subject-wise datasets, and a multimodal assessment are required before real-world
clinical deployment.
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