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ABSTRACT

Parkinson’s disease (PD) is a progressive neurodegenerative disorder characterized by
impaired voluntary motor control, most commonly manifesting as tremors, bradykinesia,
and muscle rigidity. Despite significant advancements in the understanding of PD, clinical
evaluation remains the primary method for diagnosis and disease monitoring, often relying
on subjective assessments. Spiral analysis has emerged as a promising, low-cost, and non-
invasive technique for the objective quantification of motor symptoms through the study
of hand-drawn spirals. Unlike previous studies that utilized digitizing tablets and digital
pens, the present research investigates the feasibility of using traditional pen-and-paper
spirals in a clinical setting. This study aims to develop objective tools to assist healthcare
professionals in clinical decision-making. It is part of a broader project called PARKIN-
SON BRASIL, which seeks to develop a comprehensive national database containing
multidimensional aspects of individuals with Parkinson’s disease. Four deep learning ar-
chitectures—VGG16, ResNet50, MobileNetV2, and Xception—were employed for feature
extraction, followed by classification using error-correcting output codes (ECOC). Partic-
ipants were classified into either PD or control groups, and PD participants were further
categorized into disease stages according to the Hoehn and Yahr scale. Model perfor-
mance was evaluated using standard metrics, including accuracy and F1-score. Xception
achieved the best overall performance. ResNet50 and VGG16 also demonstrated high
precision in their performance.The findings demonstrate that pen-and-paper spiral anal-
ysis, when integrated with machine learning techniques, holds significant potential as a
complementary tool for the diagnosis and monitoring of Parkinson’s disease in clinical
environments.

Keywords: Parkinson’s disease, Deep Learning, Spiral Analysis, Convolutional Neural
Network, Machine learning
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1

Introduction

1.1 Problem formulation

Parkinson’s disease (PD) is a progressive neurodegenerative disorder primarily charac-
terized by motor impairment, including resting tremor, bradykinesia, muscle rigidity, and
alterations in gait and posture. Despite growing scientific understanding of the disease,
clinically validated methods for quantitatively assessing motor function in individuals
with PD remain limited.

Spiral analysis (SA) has emerged as a non-invasive, objective technique to evaluate
motor performance through the analysis of hand-drawn spirals. This method captures es-
sential motor characteristics by analyzing spatial and temporal features such as tightness,
regularity, speed, pressure, and drawing duration. These parameters are extracted from
conventional clinical spiral drawing tasks and converted into computer-based assessments,
allowing for quantifiable evaluation of motor function (24).

The core motor symptoms of PD—bradykinesia, resting tremor, rigidity, and postu-
ral instability—are typically assessed using the Unified Parkinson’s Disease Rating Scale
(UPDRS). When administered by a trained movement disorder specialist, the UPDRS
serves as a reliable indicator of disease severity. Functional neuroimaging studies have
also demonstrated correlations between UPDRS scores and reduced fluorodopa uptake.
However, the accuracy of UPDRS assessments decreases when conducted by general neu-
rologists, due to the scale’s subjective nature and dependence on examiner expertise (29).

Our group initiated research on spiral analysis in 2019 with the study by Folador et
al. (11), which introduced a method for recognizing spiral and sine wave patterns using
Histograms of Oriented Gradients (HOG). Data were collected from 15 PD patients and
12 healthy controls, each of whom produced three to four spiral and sine wave drawings.
A total of 102 images were digitized and classified based on gradient and edge orientation
patterns using HOG features.

Subsequent studies expanded upon this work. Rosebrock (28) extended classification
from sine waves to spirals using H-based descriptors. DeSipio et al. (9) applied machine

1



1.2. Relevance of the study

learning and deep learning techniques to analyze tremor patterns via the Archimedean
Spiral Test. Their proposed Fourier Domain analysis method converted spiral drawings
into frequency-based features, achieving an accuracy of 81.5%—a 6% improvement over
previous methods.

These advancements contribute to the characterization of motor dysfunction in PD
and support its monitoring and progression tracking. The present study, as part of the
PARKINSON BRASIL project, aims to evaluate the feasibility and effectiveness of using
pen-and-paper spiral drawings as a clinical tool for PD assessment. Given that clinical
observation remains the primary diagnostic and monitoring approach in current prac-
tice, this research seeks to validate whether low-cost, non-digital spiral analysis can offer
reliable, objective data. Ultimately, the findings are intended to inform clinical decision-
making and support the integration of new technologies into routine care for individuals
with Parkinson’s disease.

1.2 Relevance of the study

Despite numerous advances in the understanding of Parkinson’s disease (PD), the pro-
cesses of monitoring, measuring, treating, and diagnosing the condition remain complex
and challenging in clinical practice. Diagnosis often depends on clinical examinations and
subjective assessments, which can introduce variability and potential bias. In this con-
text, the development of standardized assessment tools capable of generating consistent,
objective, and reproducible data would be highly beneficial. Such tools would support
healthcare professionals in making more accurate and evidence-based decisions when eval-
uating individuals with PD. Therefore, the creation of reliable instruments designed for
use by trained practitioners represents a valuable step toward enhancing diagnostic pre-
cision and treatment monitoring.

1.3 The object of the research

The spiral analysis tools employed in this study were developed as part of the PARKIN-
SON BRASIL project (ClinicalTrials.gov Identifier: NCT06536348), a nationwide initia-
tive led by the Federal University of Uberlândia. The project seeks to build a comprehen-
sive database encompassing both motor and non-motor symptoms of Parkinson’s disease
(PD) in Brazil. Its overarching goal is to support clinical, computational, and neuroscien-
tific research, thereby contributing to a deeper understanding of PD within the national
context.

As of March 14, 2025, the dataset was last updated. Further information about the
project is available at ClinicalTrials.gov/NCT06536348. The present master’s research is
a derivative of this broader initiative.

2



1.4. The aim of the thesis

In this study, pen-and-paper spiral drawings were used. Each participant was asked to
draw five spirals on an A4 sheet. The sheets were then digitally scanned, and individual
spirals were segmented and labeled for subsequent analysis.

1.4 The aim of the thesis

The general objective of this study is to investigate the feasibility of using spiral-
based motor assessment techniques for evaluating motor symptoms in Parkinson’s disease
through the application of machine learning algorithms.

1.5 The objective of the thesis

The specific objectives of this study are:

• To assess whether different machine learning (ML) algorithms exhibit significant
differences in performance when classifying motor symptoms using spiral-based as-
sessment methods.

• To analyze the correlation between the MDS-UPDRS scores and the results obtained
from spiral-based motor assessments.

• To investigate the potential of spiral drawings as a tool for monitoring motor symp-
toms in individuals with Parkinson’s disease.

1.6 Practical value of the research findings

This study demonstrated significant practical value by enabling the application of the
proposed tools in clinical settings without incurring high costs or requiring advanced tech-
nological infrastructure. These tools are designed to enhance patient care and streamline
clinical workflows, ensuring accessibility for healthcare professionals across diverse con-
texts. By emphasizing simplicity and effectiveness, the proposed methods are well-suited
for real-world implementation in routine clinical practice. Furthermore, these tools of-
fer objective and quantitative insights into motor symptoms associated with Parkinson’s
disease, serving as valuable adjuncts to support clinical decision-making.

1.7 Approval of the research findings

Milken2024.
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1.8. Note on Terminology

1.8 Note on Terminology

To facilitate the understanding of technical terminology and acronyms used through-
out this dissertation, a glossary is provided at the end of the document. Readers are
encouraged to consult it as needed for clarification of key concepts.

1.9 Structure of the dissertation

This thesis is organized to guide the reader through a coherent sequence of topics,
beginning with the contextualization of the research problem and culminating in the
discussion of findings and recommendations for future investigations. The document
opens with a list of abbreviations, consolidating the principal acronyms used throughout
the text to enhance clarity and readability.

Chapter 1 outlines the foundational elements of the research. It presents the problem
statement, research significance, subject definition, general and specific objectives, and
the methodology employed. Additionally, this chapter addresses the practical relevance of
the findings, discusses the validation of results, and offers commentary on the terminology
adopted. It concludes with an overview of the thesis structure.

Chapter 2 provides a theoretical framework on Parkinson’s disease, including an analy-
sis of its physiological and epidemiological aspects, key clinical and motor manifestations,
and upper limb assessment methods. Emphasis is placed on widely adopted scales such
as the MDS-UPDRS and the Hoehn and Yahr scale.

Chapter 3 explores spiral analysis as a tool for motor function assessment in Parkin-
son’s disease. It introduces the theoretical foundations of spiral analysis and investigates
the application of machine learning techniques for interpreting these drawings.

Chapter 4 describes the experimental protocol developed in this study. It details the
overall methodology, data acquisition procedures, scanning methods, data organization,
and dataset construction. The chapter then addresses data processing stages, including
feature extraction, analysis techniques, classification models, statistical approaches, and
the results obtained. A comprehensive analysis of the three classification scenarios is
provided, along with corresponding conclusions.

Chapter 5 presents recommendations for future research, with emphasis on exploring
innovative approaches in visual pattern analysis. It proposes investigating alternative
data collection methods for spiral drawings, including digital tools such as a mouse and
laser tracking technologies.

The thesis concludes with a references section listing all bibliographic sources cited,
followed by a glossary that defines key technical terms used in the study.

Two appendices supplement the document: Appendix 1 describes the environment
used for data collection, while Appendix 2 contains the analysis code and details about
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1.10. Academic Qualifications Acquired During the Master’s Program

the open-access database created during the research.
This structure is designed to ensure clarity, logical flow, and ease of navigation, thereby

facilitating a comprehensive understanding of the research undertaken.

1.10 Academic Qualifications Acquired During the

Master’s Program

During the course of the master’s program, clinical and research competencies were
enhanced through the acquisition of several internationally recognized certifications re-
lated to the assessment of Parkinson’s disease and cognitive screening. Three certification
programs were successfully completed through the Movement Disorder Society (MDS):
the MDS Non-Motor Rating Scale (MDS-NMS), the Unified Dyskinesia Rating Scale
(UDysRS), and the MDS-Unified Parkinson’s Disease Rating Scale (MDS-UPDRS). These
credentials ensure a standardized and globally recognized level of expertise in the clini-
cal evaluation of both motor and non-motor symptoms in individuals with Parkinson’s
disease.

In addition, official MoCA Certification was obtained from MoCA Cognition, an orga-
nization dedicated to improving cognitive screening tools through research and innovation.
The MoCA Training & Certification Program is a required qualification for professionals
administering the paper-based version of the Montreal Cognitive Assessment (MoCA), as
it ensures standardized administration and scoring procedures.

Furthermore, active participation in the Mãos que Vibram Extension Project con-
tributed to the development of interdisciplinary practices targeting individuals with Parkin-
son’s disease. This initiative promotes health, leisure, and cultural engagement through
various physical and cognitive activities aimed at supporting longevity and improving
quality of life. The project provided opportunities for direct interaction with individuals
affected by Parkinson’s disease, enabling integrated therapeutic approaches that address
both motor and non-motor aspects of patient care.
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2

Parkinson’s disease

2.1 Physiology and epidemiology

Parkinson’s disease (PD) is a progressive neurodegenerative disorder characterized
by rigidity, tremor, and bradykinesia. It is associated with the gradual degeneration of
dopaminergic neurons in the substantia nigra, as well as other affected brain regions.
In addition to motor manifestations, non-motor symptoms such as dysautonomia and
dementia are commonly observed, particularly in the later stages of the disease. Notably,
the term “Parkinson’s disease” is not universally defined among clinicians and researchers,
nor is it necessarily regarded as a single disease entity. Multiple pathological mechanisms
may underlie the condition, and the term is often applied based on clinical presentation
rather than a uniform etiological framework (33).

Estimates of PD incidence range from 5 to over 35 cases per 100,000 individuals
annually. The incidence increases five- to ten-fold between the sixth and ninth decades
of life. Similarly, prevalence rises with age. In a meta-analysis involving four North
American cohorts, prevalence increased from under 1% among individuals aged 45–54
to approximately 2% of males and 4% of females aged 85 years or older. As global
populations age, the prevalence of PD is projected to more than double over the next
two decades. Consequently, the associated social and economic burdens are also expected
to increase, underscoring the urgent need for more effective preventive, therapeutic, and
curative interventions (30).

2.2 Clinical and motor changes in PD

Additional risk factors for Parkinson’s disease (PD) include a family history of PD
or essential tremor, chronic constipation, and absence of tobacco use—all of which are
associated with at least a twofold increase in the risk of developing the disease. Diagnosis
is primarily clinical, with supplementary diagnostic testing reserved for cases exhibiting
atypical features.
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2.3. Clinical evaluation of the upper limbs in Parkinson’s disease

Historically, the clinical diagnosis of PD has centered on the presence of motor symp-
toms. According to the Movement Disorder Society Parkinson’s Disease (MDS-PD) crite-
ria, motor manifestations remain the cornerstone of diagnosis. Specifically, the identifica-
tion of parkinsonism—defined as bradykinesia in combination with either resting tremor,
rigidity, or both—is required. These motor signs must be clearly demonstrable and not
attributable to confounding factors (27).

Nonetheless, non-motor symptoms are prevalent in the majority of patients and can
often overshadow motor features in the clinical presentation. A wide range of non-motor
manifestations has now been incorporated into the diagnostic criteria. Furthermore, the
neurodegenerative process in PD often begins in nondopaminergic regions of the brain or
the peripheral nervous system, where non-motor symptoms typically predominate. This
understanding has led to the recognition of prodromal PD as a distinct and clinically
meaningful stage of the disease. Importantly, prodromal PD is not merely a risk state,
but rather a phase within the spectrum of PD itself.

Prognostic considerations are often guided by PD subtypes and the duration of the
prodromal phase, which can precede motor symptom onset by several years. At present,
the recognition of early or prodromal features has limited therapeutic implications beyond
symptomatic management. However, the ability to diagnose prodromal PD is expected
to have substantial clinical relevance once disease-modifying therapies become available
(2).

Treatment objectives in PD vary across individuals, highlighting the importance of
personalized care strategies. There is no clinical justification for delaying symptomatic
treatment. Levodopa remains the most commonly prescribed first-line pharmacologi-
cal therapy. Optimal management should begin at the time of diagnosis and requires a
multidisciplinary approach, incorporating both pharmacological and non-pharmacological
interventions. Although no current therapy halts disease progression, several promising
approaches are under investigation, particularly in light of recent advances in the un-
derstanding of genetic risk factors and the molecular mechanisms underlying neuronal
degeneration (2).

2.3 Clinical evaluation of the upper limbs in

Parkinson’s disease

Several clinical features observed in patients with Parkinson’s disease (PD) are consis-
tent with parkinsonian tremor. This tremor is typically asymmetric and most prominent
at rest, although it may persist—albeit with reduced amplitude—when the affected limb
is held against gravity. Parkinsonian tremor often diminishes or disappears during vol-
untary movement, such as during a finger-to-nose test or with postural adjustments, and
reappears after a brief delay, a phenomenon referred to as re-emergent tremor. Depend-
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2.4. MDS-UPDRS and Hoehn & Yahr scale

ing on the context of its appearance, this symptom may be classified as resting, postural,
or re-emergent tremor. It is frequently observable in the affected upper limb while the
individual is walking. The most specific pathological criteria for the diagnosis of PD in-
clude asymmetric resting tremor and a positive clinical response to levodopa; however,
approximately 30% of patients do not exhibit tremor at the time of initial presentation
(22).

Patients with the tremor-dominant subtype of PD, which is characterized by a coarse
resting tremor, are often misdiagnosed with essential tremor. Tremor-dominant PD gen-
erally presents a more benign disease course and is initially unaccompanied by signifi-
cant motor deficits, rigidity, or bradykinesia. Furthermore, the tremor in this subtype
is relatively unresponsive to levodopa therapy. Additional clinical signs—such as facial
hypomimia or asymmetric arm swing during gait—may assist in differentiating PD from
other tremor disorders. Adult-onset dystonic tremor is another differential diagnosis for
upper limb tremor, though it occurs less frequently in PD. Like parkinsonian tremor,
dystonic tremor can be unilateral or asymmetric and may occur at rest, during specific
postures, or with movement. However, distinguishing features of dystonic tremor include
position- or task-specificity and the presence of additional dystonic signs, such as abnor-
mal limb posturing. Importantly, patients with dystonic tremor typically do not present
with other cardinal PD features, such as decremental bradykinesia, hyposmia, or rapid
eye movement sleep behavior disorder (RBD) (22).

Clinicians should also evaluate for bradykinesia-related limb symptoms, such as dif-
ficulty performing repetitive or rotational tasks (e.g., brushing teeth, washing hair) and
challenges with fine motor coordination (e.g., handwriting, buttoning clothes). Inquiry
into axial motor difficulties—including trouble rising from a chair, exiting a car, or turn-
ing in bed—may further support a diagnosis of parkinsonism. On physical examination,
in addition to tremor, key clinical signs include reduced spontaneous facial expression
and blinking, resulting in a fixed or masked facial appearance. Increased muscle tone
(rigidity) is typically noted in the limbs and trunk. Bradykinesia may be demonstrated
by reduced amplitude in repeated finger-tapping tasks. A hypokinetic gait, characterized
by short steps and diminished arm swing—often more evident on the affected side—is
also common. Resting tremor may re-emerge in the affected upper limb while walking
(22).

2.4 MDS-UPDRS and Hoehn & Yahr scale

The assessment of Parkinson’s disease (PD) is critical for evaluating both motor and
non-motor symptoms, which vary widely in severity and impact among patients. Among
the instruments developed for this purpose, the Movement Disorder Society–Unified Parkin-
son’s Disease Rating Scale (MDS-UPDRS) has become the most widely used and accepted
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2.4. MDS-UPDRS and Hoehn & Yahr scale

tool in both clinical and research settings. The MDS-UPDRS was designed to provide a
comprehensive, flexible, and standardized method for quantifying the impairments and
disabilities associated with Parkinson’s disease, integrating elements from earlier assess-
ment scales to enhance clinical utility. The Unified Parkinson’s Disease Rating Scale
(UPDRS) was originally developed in 1984 by a dedicated committee responding to the
need for consistent clinical evaluation of PD. In 1987, Fahn and Elton formally intro-
duced the UPDRS, which encompassed both clinician-administered motor assessments
and patient-reported evaluations of daily functional abilities. In 2008, the International
Parkinson and Movement Disorder Society revised the scale extensively, resulting in the
MDS-UPDRS. This updated instrument is now regarded as the gold standard for diag-
nosing and monitoring the progression of Parkinson’s disease (26).

The MDS-UPDRS comprises four parts, each addressing a distinct aspect of the dis-
ease. Part I evaluates non-motor experiences, including fatigue, anxiety, and apathy, with
input from both the patient and clinician. Part II assesses motor experiences of daily liv-
ing, such as walking, eating, and dressing, and is completed solely by the patient. Part
III consists of a motor examination performed by the clinician, utilizing standardized
instructions and demonstrations to evaluate motor function. Part IV focuses on motor
complications—including dyskinesia, dystonia, and motor fluctuations—and is completed
by the clinician. Each item is rated on a 5-point scale from 0 (normal) to 4 (severe),
allowing a graded evaluation of symptom severity and functional impact (26).

In parallel, the Hoehn and Yahr (H&Y) scale remains a widely utilized instrument for
staging Parkinson’s disease, particularly valued for its simplicity and clinical applicability.
Originally developed in the 1960s, the H&Y scale was subsequently reviewed by the
Movement Disorder Society Task Force on PD Rating Scales. Its advantages include a
strong correlation with conventional clinical measures of motor impairment, disability,
quality of life, and neuroimaging markers of dopaminergic neuron loss. However, despite
its widespread acceptance, the H&Y scale has notable limitations. These include an
uneven stage structure that conflates impairment and disability, and an overemphasis
on postural instability as the primary indicator of disease severity. Consequently, the
H&Y scale does not fully capture the spectrum of motor dysfunctions and provides no
assessment of non-motor symptoms (14).

Although direct clinimetric evaluation of the H&Y scale has been limited, it demon-
strates acceptable reliability and validity, especially within its intermediate stages (Stages
2–4). A modified version employing 0.5-point increments has gained popularity in clinical
practice, but lacks formal clinimetric validation. In light of these factors, the Movement
Disorder Society Task Force recommends the continued use of the original H&Y scale, par-
ticularly for demographic characterization of patient cohorts. It further advises reporting
medians and ranges for group comparisons and utilizing nonparametric statistical meth-
ods for longitudinal analyses. In research contexts, the scale remains valuable for defining
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2.5. Hoehn & Yahr stages

inclusion and exclusion criteria. In clinical practice, its application should emphasize sim-
plicity and direct observation, summarized as “rate what you see.” Until further validation
is conducted, the original five-stage H&Y scale should remain the standard (14).

2.5 Hoehn & Yahr stages

In order to clarify the different stages proposed by the Hoehn & Yahr scale, the
following table 2.1 differentiates the characteristics of the 5 different stages proposed by
the stagement (14).

Table 2.1 – Stages of the Scale

Hoehn and Yahr scale

1 Unilateral involvement is typically associated with minor or no
functional disability

2 Bilateral or midline involvement without loss of balance
3 Bilateral disease: mild to moderate impairment, altered postural

reflexes; physically independent
4 Severely impairing sickness; still able to walk or stand without as-

sistance
5 Confinement to bed or wheelchair unless assisted
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3

Spiral analysis in Parkinson’s disease

3.1 Spiral analysis

Non-invasive, objective assessments of motor function can facilitate early detection
of Parkinson’s disease (PD), quantify disease severity, and monitor progression in both
clinical practice and research trials. Validated kinematic tests that measure motor per-
formance provide objective and reproducible metrics amenable to statistical analysis.
However, few methods are currently available for clinical evaluation of motor function in
PD patients (29).

Spiral analysis is a non-invasive technique that quantifies motor performance by an-
alyzing kinematic and physiological characteristics of handwritten spiral drawings. This
method employs computational algorithms to measure parameters such as force, speed,
time, tightness, and homogeneity of the spiral, capturing spatial and temporal data. Spiral
data are collected along the x, y, and pressure axes, resulting in virtual tri-axial record-
ings when using a digital pen and tablet, or as two-dimensional coordinate data when
employing pen-and-paper drawings (29).

The growing number of published studies highlights spiral analysis (SA) as a promising
tool in PD diagnostic research. Its practicality and cost-effectiveness have led to SA-based
PD detection outperforming traditional clinical, laboratory, and imaging methods (24).

SA provides an objective assessment of PD severity by extracting detailed motor fea-
tures from the standard clinical spiral drawing test. Ideally, objective motor performance
measures should correlate with disease severity as assessed by the Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS). However, variations between clinical rating scales
and computerized motor data often result in modest correlations. Spiral analysis cap-
tures motor performance components relevant to clinical status but not evaluated by
MDS-UPDRS, which may contribute to weaker associations (29).

Despite the widespread use of spiral drawing in neurological examinations, quantitative
analysis remains underutilized. Computerized spiral analysis (CSA) objectively evaluates
upper limb kinematics through spiral drawings captured on digitizing tablets, providing
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3.1. Spiral analysis

reliable and rapid assessments of motor function. Certain SA metrics, including second-
order smoothness, severity degree, and mean speed, correlate with multiple motor function
subdomains, with strongest associations in the arm, followed by side and whole-body
measures—consistent with the hand-based nature of the task. The strong correlation
with total motor MDS-UPDRS scores in early-stage PD patients indicates SA’s utility for
assessing both arm-specific and global motor function. Moreover, as a neuropsychological
tool, spiral drawing may probe brain circuits implicated in parkinsonian symptoms beyond
limb movement. However, the strong link with total MDS-UPDRS scores may partially
reflect the influence of arm scores on the overall scale (29).

Specific spiral metrics align with distinct MDS-UPDRS subdomain scores, underscor-
ing SA’s potential for isolated domain evaluation. For example, second-order smoothness,
which quantifies deviations from an ideal spiral, correlates with bradykinesia, rigidity, and
action tremor but not rest tremor. Mean speed associates with rigidity, bradykinesia, and
action tremor, whereas first-order crossing correlates with bradykinesia and action tremor
but not rigidity or rest tremor. Rest tremor shows minimal correlation with most spiral
metrics, except severity degree, which incorporates tremor quantified by computer-based
scales derived from expert ratings (29).

Computerized spiral analysis has been employed for years in the clinical evaluation of
movement disorders, including upper limb tremors in PD, essential tremor, dystonia, and
cerebellar diseases. Traditionally, clinicians visually rate spirals using subjective severity
scales (e.g., 0–4). While simple, such rating scales are examiner-dependent, prone to inter-
rater variability (e.g., MDS-UPDRS), and insensitive to subtle changes. In contrast, CSA
provides precise, objective quantifications of drawing control, spiral tightness, drawing
speed, tremor frequency and amplitude, movement direction, and loop width variation.
These parameters facilitate detailed characterization of motor deficits, disease progression,
initial severity, treatment effects, and early PD detection (19).

Although the MDS-UPDRS demonstrates high reliability among trained movement
disorder specialists, its reliability diminishes among general neurologists or trainees. Video-
based assessments cannot capture complex motor control dynamics or clinical features
such as rigidity, which are reflected in some spiral indices. Objective measures therefore
support general neurologists and provide accurate data on challenging clinical features like
rigidity. While CSA cannot replace clinical scales, it complements them by correlating
well with MDS-UPDRS and offering quantitative metrics to enhance clinical evaluations.
The MDS-UPDRS remains a widely used and validated measure of motor function in PD,
serving as a reliable proxy for disease severity. Nevertheless, the MDS-UPDRS has limi-
tations: its ordinal 5-point scale limits sensitivity to changes smaller than one point, and
its non-ratio nature implies that score differences do not uniformly reflect clinical change
magnitude. Although MDS-UPDRS reliability is well established in early untreated and
advanced treated PD, it remains untested in early treated cases (29).
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3.1. Spiral analysis

Several factors may explain the modest correlations between spiral analysis and MDS-
UPDRS. Measurement errors and inconsistencies in spiral analysis could weaken associ-
ations. Additionally, MDS-UPDRS and SA may capture distinct but complementary as-
pects of PD pathology. Comparative studies with external benchmarks such as neuroimag-
ing, clinical progression, treatment outcomes, and functional status are warranted. While
MDS-UPDRS has undergone extensive validation, spiral analysis lacks similar external
validation. Nonetheless, SA’s continuous, simple measurements could complement MDS-
UPDRS in detecting subtle changes, especially in early PD stages when MDS-UPDRS
scores remain low. Precise measurements aligned with MDS-UPDRS motor components
could quantify mild disabilities and intermediate disease stages. Discrepancies between
SA and MDS-UPDRS may reveal clinically important facets of PD severity not captured
by clinical scales (29).

Therefore, combining spiral analysis with MDS-UPDRS application can enhance char-
acterization and monitoring of Parkinson’s disease patients.

3.1.1 Review of Related Studies

Handwritten spiral drawings have become a widely investigated method for assessing
motor symptoms in individuals with Parkinson’s disease (PD), offering a low-cost, ac-
cessible, and reproducible alternative to traditional clinical scales. These drawing-based
tasks are particularly attractive in the context of inclusive healthcare strategies, where
frequent in-person assessments by specialists may not be feasible. Recent advances in
computational analysis and pattern recognition have further expanded the potential of
spiral drawings to support diagnosis and monitoring across diverse clinical settings.

In line with the objectives of the present study—namely, to explore the viability of
spiral-based assessments as a tool for broader PD follow-up—we conducted a review of
related works. Table 3.1 presents the main characteristics of prior studies focused on
detecting motor signs of PD using spiral or sketching tasks. The studies were orga-
nized according to several key dimensions: the number and type of participants (PDG
and control groups), the number of spiral samples collected, the device or medium used
(e.g., digital tablets or pen-and-paper), the specific motor tasks performed (such as the
Drawing Spiral Task—DST, or the Spiral Sketching Task—SST), the machine learning
methodologies applied, the comparison groups considered, and the performance metrics
reported.

Across the literature, there is considerable variability in experimental protocols and
technologies employed. While many studies use digital acquisition tools, such as graphics
tablets and smart pens, others rely on traditional pen-and-paper drawings that are sub-
sequently digitized for analysis. The classification methods range from classical machine
learning algorithms (e.g., k-Nearest Neighbors, Support Vector Machines, and Random
Forests) to deep learning models (e.g., CNNs, AlexNet, VGG, and ViT). Reported per-
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3.1. Spiral analysis

formance metrics frequently include accuracy (ACC), area under the ROC curve (AUC),
F1-score, and, in some cases, Matthews Correlation Coefficient (MCC), with several stud-
ies reporting accuracies above 90%.

However, most of these studies have been developed and validated under tightly con-
trolled conditions or with relatively small and homogeneous datasets, thereby limiting
their generalizability to broader clinical populations. Moreover, many works overlook the
practicality of implementing such tools in real-world scenarios, particularly those con-
strained by limited resources or varying levels of technological infrastructure.

3.1.2 Machine learning for spiral analysis

In several healthcare applications, such as the identification of Parkinson’s disease
(PD) and associated memory impairments, machine learning (ML) has emerged as a useful
technique with great promise for the study of neurodegenerative diseases. With distinct
capabilities in pattern recognition and prediction, ML comprises various methodologies,
including supervised, unsupervised, deep, and ensemble learning. Supervised learning
stands out because it uses labeled data to teach algorithms by reducing the difference
between what is expected and what actually happens, allowing them to work well with new
data they haven’t seen before. This approach includes both classification and regression
tasks, where classification models are important because they give specific labels to input
data, helping to sort samples into separate groups and aiding in decision-making for both
yes/no and multiple category situations. At the same time, regression techniques are
often used to understand how different factors relate to each other and to predict ongoing
results, which helps in analyzing trends and making forecasts based on data (1).

Some of the most commonly used algorithms are tree-based methods like Decision
Trees (DT), Random Forests (RF), and Gradient Boosting Trees (GBT), which are ap-
preciated for being easy to understand, simple to use, and good at working with organized
data by breaking it down into a series of decision steps. Another robust supervised ap-
proach is the Support Vector Machine (SVM), which excels in binary classification and
can also be extended to regression and multi-class problems. By creating the best possible
dividing line that keeps the data classes as far apart as possible using support vectors,
which are the key data points near the decision boundary, SVMs enhance the accuracy of
classification. Together, these diverse machine learning strategies establish a comprehen-
sive framework for addressing complex healthcare challenges, especially those involving
neurodegenerative diseases such as Parkinson’s disease (1).

One specific task that requires a high degree of coordination and motor control is spiral
drawing, which has been recognized as a reliable measure of motor function. Parkinson’s
disease, which affects various motor abilities such as speech, writing, gait, and coordina-
tion, is often evaluated using established rating tools like the Motion Rating Scale and its
widely used subscale, the Unified Parkinson’s Disease Rating Scale (MDS-UPDRS-III).
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3.1. Spiral analysis

Table 3.1 – Main characteristics of previous studies on Parkinson’s disease detection based
on drawing tasks.

Reference Year Participants Number of
Spirals

Device /
Material Tasks Methodology Groups

Compared
Performance
Metrics

(35) 2017 27 PDG, 28
CG 55 Digital pen and

tablet DST Multiclass ROC
PDG vs.
CG; H&Y
vs. CG

PDG vs. CG:
ACC = 79.1%,
AUC = 86.2%
H&Y vs. CG:
ACC = 68.2%,
AUC = 83.2%

(18) 2019 37 PDG, 38
CG 75 Digital pen and

tablet DST

KNN, SVM
(RBF/Linear),
NB, LDA, RF,
ADA

PDG vs.
CG

ACC = 73.38%,
AUC = 75.0%

(13) 2019 62 PDG, 15
CG 77

Public database
(digital pen and
tablet)

DST CNN
(spectrum)

PDG vs.
CG

ACC = 96.5%,
AUC = 99.2%

(4) 2020 27 PDG, 28
CG 55 Digital pen and

tablet SST CNN PDG vs.
CG

ACC = 93.3%,
F1 = 93.94%

(21) 2022 193 PDG,
142 CG 26,078

Public database
(digital pen and
tablet)

DST AlexNet
(fine-tuned)

PDG vs.
CG ACC = 99.22%

(20) 2020 25 PDG, 15
CG 40 Digital pen and

tablet SST Logistic
Regression

PDG vs.
CG

ACC = 91.6%,
AUC = 98.1%

(3) 2021 25 PDG, 15
CG 40 Digital pen and

tablet SST
DST,
GoogLeNet,
AlexNet

PDG vs.
CG

ACC = 86%, F1
= 88%

(6) 2021 62 PDG, 15
CG

DST: 72,
SST: 66

Digital pen and
tablet

CMT,
SST,
DST

Random Forest PDG vs.
CG

SST:
ACC = 97.6%,
F1 = 98.5%,
AUC = 99.9%
DST:
ACC = 96.4%,
F1 = 97.7%,
AUC = 99.6%

(12) 2021 56 PDG, 15
CG 71 Digital pen and

tablet
SST,
DST

KNN, DT,
GA-KNN,
GA-DT

PDG vs.
CG ACC = 100%

(17) 2023 15 PDG, 12
CG 102 Public database

(pen and paper) SST

VGG16,
VGG19,
ResNet18,
ResNet50,
ResNet101, ViT

PDG vs.
CG

ACC = 87%,
MCC = 74%

(25) 2024 15 PDG, 12
CG 102 Public database

(pen and paper) SST Random Forest,
KNN

PDG vs.
CG

ACC = 86.67%,
F1 = 87.5%

Acronyms: PDG = Parkinson’s Disease; CG = Control Group; DST = Drawing Spiral Task;
SST = Spiral Sketching Task; CMT = Clock Drawing Task; ACC = Accuracy; AUC = Area
Under the ROC Curve; F1 = F1-score; MCC = Matthews Correlation Coefficient; KNN =
k-Nearest Neighbors; SVM = Support Vector Machine; NB = Naive Bayes; LDA = Linear

Discriminant Analysis; RF = Random Forest; ADA = AdaBoost; DT = Decision Tree; GA =
Genetic Algorithm; ViT = Vision Transformer.

Note: When two spiral counts are shown, the first refers to DST and the second to SST.
Performance metrics are grouped by task and comparison group.
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3.1. Spiral analysis

To assess the severity of PD, researchers have proposed numerous techniques aimed at
identifying both motor deterioration and non-motor biomarkers. However, several chal-
lenges persist in the classification and care of PD, including the difficulty many caregivers
face in bringing patients to clinical facilities and the dependence on trained professionals
to perform physical examinations and provide diagnoses based on observational evalua-
tions. These challenges are even greater when trying to detect the disease in its early
stages, as invasive clinical procedures can be effective but are costly and carry significant
risks, especially in developing countries (10).

Furthermore, there is no universally accepted objective standard for diagnosing PD,
leading to a notable rate of misclassification, especially when evaluations are conducted
by nonspecialists, with error rates reaching as high as 20%. While a detailed analysis
of key symptoms—such as stiffness, bradykinesia, and tremors—can improve diagnostic
accuracy, subjective clinical interpretation may introduce bias. Consequently, the devel-
opment of decision support systems in medicine is gaining attention for their potential
to enhance objectivity and accelerate early diagnosis. Early detection is crucial not only
for initiating timely interventions but also for enabling the development of individualized
treatment strategies. In this context, the search for reliable biomarkers continues to be a
central aim in neurodegenerative disease research. Many studies have looked at speech,
especially everyday talking and long vowel sounds, as safe ways to help diagnose PD, and
analyzing movement and walking has also been helpful in spotting and tracking motor
symptoms (10).

Beyond speech and movement analysis, researchers have developed several techniques
to examine handwriting in PD patients, investigating both static and dynamic features
such as writing speed and the progressive decline in pen pressure. However, factors like
vision, language skills, and writing style influence individual variability, complicating
handwriting analysis. As a result, alternative tasks such as drawing—especially spiral
illustrations—have gained prominence for being less affected by these personal differ-
ences. At the same time, deep learning (DL) has changed the way we analyze medical
and biomedical images, showing great success in identifying complex details and improv-
ing how accurately we can classify images for tasks like segmentation, detection, and
diagnosis. In particular, convolutional neural networks (CNNs) have been crucial in this
change because they are very good at generalizing and performing well in many medical
image classification tasks, which has significantly improved the accuracy and usefulness
of automated PD assessment (10).

16



4

Spiral drawing protocol: classification of
handwritten motor patterns in Parkinson’s

disease

4.1 Approach

This section details the development of a database comprising spiral drawings executed
with pen and paper, aimed at investigating their utility in detecting Parkinson’s disease
(PD). The spirals were digitized, segmented, standardized, and individually labeled to
construct the dataset. Participants were initially categorized into two groups: the control
group (CG), consisting of individuals without a PD diagnosis, and the experimental group
(PD), comprising diagnosed patients.

According to the Hoehn & Yahr (H&Y) classification employed in Part III of the MDS-
UPDRS scale, the PD group was further subdivided into stages 1, 2, and 3. Classification
techniques were applied to identify patterns within the drawings and categorize them
according to these predefined groups.

Initially, a binary classification (CG vs. PD) was performed. Subsequently, a mul-
ticlass classification (CG vs. H&Y stages 1, 2, and 3) was conducted to evaluate the
potential of neural networks in detecting disease progression patterns. Additional analy-
ses were performed based on specific motor variables from Part III of the MDS-UPDRS,
exploring the feasibility of spiral drawings as a tool for longitudinal monitoring. It is
noteworthy that data collection spanned 16 sessions.

urthermore, analyses were conducted based on the specific motor variables of the MDS-
UPDRS Part III scale obtained during data collection. The analyses aimed to identify
which attributes of the spiral drawings each neural network evaluated, correlating these
evaluations with the clinical parameters of the aforementioned scale. This approach made
it possible to verify the relationship between the characteristics extracted by the neural
networks and the motor signs evaluated in the MDS-UPDRS, enriching the interpretation
of the results.

For image analysis, feature extraction was performed using pre-trained convolutional
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neural networks (CNNs) including ResNet-50, VGG16, Xception, and MobileNetV2. Ex-
tracted features underwent comprehensive analysis, and model performance was assessed
using metrics such as accuracy, recall, and F1-score. Cross-validation was employed to
ensure result robustness.

Model implementations were primarily developed in Python (version 3.9.12) within the
Visual Studio Code (VS Code) environment, utilizing the SciPy library (version 1.7.3) for
statistical analyses. Additionally, MATLAB was used with the Deep Learning Toolbox
to train and evaluate the selected deep neural network models.

4.2 Research methodology

This observational, cross-sectional study with a control group consists of three main
components: data collection, data preprocessing, and data processing using machine learn-
ing techniques. Figure 4.1 illustrates the methodological pipeline employed to automati-
cally classify the stages of Parkinson’s disease based on spiral drawings.

Data collection involved participants producing spiral drawings using pen and paper.
These drawings were subsequently scanned, segmented, and labeled. The resulting images
were organized in the HEMATO database and subjected to a preprocessing stage, which
included resizing to 256×256×3 pixels and normalization of pixel intensity values to a
range between 0 and 1.

The preprocessed images were input into various convolutional neural network (CNN)
architectures—MobileNetV2, VGG16, Xception, and ResNet50—for feature extraction.
The resulting feature vectors were passed through a GlobalMaxPooling2D layer, followed
by two fully connected (dense) layers comprising 256 and 128 neurons, respectively, both
utilizing the ReLU activation function.

Finally, classification was performed using a Softmax output layer to assign partici-
pants to one of four categories: a control group or stages 1, 2, or 3 of the Hoehn & Yahr
scale, depending on whether the individual had been diagnosed with Parkinson’s disease.

4.3 Data collection protocol

This longitudinal, observational study was approved by the Research Ethics
Committee (CEP) of the Federal University of Uberlândia (Brazil) under process num-
ber 69064623.0.0000.5152. Data collection was conducted between October 2023 and
August 2024. A total of 40 individuals, aged between 49 and 84 years, participated in the
study. The sample consisted of 15 healthy individuals in the control group (CG: 7 males
and 8 females) and 25 individuals diagnosed with Parkinson’s disease in the PD group
(PD: 12 males and 13 females), as detailed in Table 4.1.
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Figure 4.1 – Research methodology.

To ensure demographic comparability between the groups, appropriate statistical tests
were applied. The normality of the age variable was assessed using the Shapiro–Wilk
test. Since the data did not follow a normal distribution (p < 0.05), the nonparametric
Mann–Whitney U test was used to compare age distributions, confirming no significant
difference between the groups (U = 183.50, p = 0.92).For the categorical variable sex,
Fisher’s exact test was employed, as it is particularly suitable for analyzing contingency
tables with small sample sizes. This test also indicated no significant difference in sex dis-
tribution between the groups (p = 1.00), suggesting that the samples were well matched.

The control group (CG) had a mean age of 62.7 (SD 8.6) years, while the Parkinson’s
disease group (PD) had a mean age of 63.7 (SD 6.9) years. Participants in the PD
group were clinically staged according to the Hoehn and Yahr (H&Y) scale, an ordinal
scale ranging from 0 to 5, with a mean disease stage of 1.72 ± 0.74. All control group
participants were classified as stage 0. Clinical motor assessments were conducted using
the Movement Disorder Society–Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)
Part III, where the maximum possible score is 64 points. The mean scores were 0 for the
control group and 15.50 ± 10.47 for the PD group.

Each participant completed multiple test sessions, during which they were instructed
to perform five sequential spiral drawings from left to right on a sheet of paper without
interruption. A total of 1,412 spiral images were collected from the control group and
1,834 from the PD group. The average number of spiral drawings per participant was
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Figure 4.2 – Overview of the longitudinal data collection, illustrated at both the group and
individual levels. (a) Monthly number of collected spiral drawings, with separate bars
indicating the respective groups. (b) Timeline of data collection for each participant,
showing the month and year of participation. Note that although some participants were
assessed multiple times in a single month, only one entry per month is shown in the graph.

60.1 ± 39.0 in the control group and 75.4 ± 53.4 in the PD group. A statistical
comparison of the number of samples between groups, using the Mann–Whitney U test,
revealed no significant difference (p = 0.43).

In comparison to existing datasets in the literature, this study offers a
distinctive longitudinal dataset with repeated recordings collected over nearly twelve
months, thereby enabling the analysis of intra-subject variability over time.

4.4 Scanning procedure

After data acquisition, all collected drawings were digitized using an Epson Perfec-
tion V370 scanner to ensure image standardization. CorelDRAW software was employed
to adjust and isolate each spiral, producing standardized individual images. Minor dis-
tortions were corrected during editing without altering the original characteristics of the
drawings as in the Figure 4.3. These processed images were subsequently used for analysis
via machine learning techniques.
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4.5. Data storage and dataset

Table 4.1 – Distribution of spiral drawing samples and clinical characterisation by group.

Control Group (CG) Parkinson’s Disease Group (PD)

ID n Sex H&Y Hand UPDRS-III Age ID n Sex H&Y Hand UPDRS-III Age

V30 75 F 0 Right 0 62 V01 100 F 1 Right 10 62
V31 86 M 0 Right 0 56 V03 180 M 1 Right 12 56
V32 75 F 0 Right 0 55 V04 110 F 1 Right 7 58
V33 65 F 0 Right 0 67 V05 105 M 2 Right 26 68
V34 110 M 0 Right 0 59 V06 85 F 2 Right 13 62
V35 90 M 0 Right 0 66 V07 115 M 2 Right 9 58
V36 125 F 0 Right 0 55 V08 100 M 1 Right 15 64
V37 65 F 0 Right 0 67 V09 84 F 3 Right 14 67
V38 70 M 0 Right 0 72 V12 175 F 2 Right 18 65
V39 10 F 0 Right 0 65 V13 75 F 2 Right 28 84
V40 30 F 0 Right 0 53 V14 85 F 1 Right 10 63
V41 76 M 0 Right 0 62 V15 85 F 1 Right 5 63
V42 5 M 0 Right 0 61 V16 95 F 1 Right 1 64
V43 15 M 0 Right 0 84 V17 110 M 1 Right 13 68
V44 5 M 0 Right 0 84 V18 55 M 1 Right 6 52

— no more participants — V19 80 M 3 Right 47 59
V20 95 F 1 Right 2 49
V22 30 M 1 Right 12 68
V23 10 F 2 Right 2 68
V24 15 M 2 Right 18 59
V25 10 F 2 Right 26 68
V26 10 M 3 Right 21 67
V27 5 M 2 Right 27 62
V28 15 M 3 Right 14 77
V29 5 F 2 Right 23 53

Mean ± SD: 62.7 ± 8.6 years (Total n = 1412) Mean ± SD: 63.7 ± 6.9 years (Total n = 1834)
H&Y: 1.72 ± 0.74 UPDRS-III: 15.50 ± 10.47

F: Female; M: Male; SD: Standard deviation; H&Y: Hoehn & Yahr scale; n: Number of spiral drawings
PD: Parkinson’s Disease group; CG: Control group
UPDRS-III: Unified Parkinson’s Disease Rating Scale Part III (Motor Examination)

4.5 Data storage and dataset

The spiral images were stored in folders labeled according to the groups to which
participants were originally assigned. The MDS-UPDRS assessment provided Hoehn &
Yahr (H&Y) classifications, restricting the Parkinson’s disease (PD) group to stages 1, 2,
and 3. All images were standardized in .jpeg format to ensure compatibility with the
analysis software and subsequently organized.

The complete dataset was stored in a digital repository and made freely available,
as detailed in Appendix 1 and exemplified, as in Image 4.4. Representative images are
presented in Figure 4.6 for the PD group and Figure 4.5 for the control group (CG).

CorelDRAW software was utilized to isolate each spiral individually, enabling sepa-
ration of spirals into distinct images in a standardized manner. Each spiral was resized
to a width of 1040 pixels and a height of 850 pixels and saved as an individual Joint
Photographic Experts Group (JPG) file for subsequent analysis using machine learning
techniques. The files were named according to a 24-character string following this con-
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4.5. Data storage and dataset

Figure 4.3 – Example of an image corrected and individualized during editing without
altering the original characteristics of the original drawings.

vention:

• V — Initial marker for volunteer identification.

• XX — Two-digit volunteer identifier.

• YY — Two-character code for group identification (GC for Control, PD for Parkin-
son’s disease).

• F — Initial marker for data collection instrument (sheet) identification.

• ZZZZZZZ — Seven-digit identifier of the data collection instrument.

• TYP — Three-character code for drawing type (ESP denotes spiral).

• Q — Single-digit spiral identifier (1 to 5).

• COL — Initial marker for session identification.

• MM — Two-digit session number.

• LL — Two-character code for the hand used in drawing (MD: right hand; ME: left
hand).

For instance, the file name V30GCF0000132ESP1COL12MD.jpg decodes as: V XX
YY F ZZZZZZZ TYP Q COL MM LL or V 30 GC F 0000132 ESP 1 COL 12 MD.
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V09
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V03
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FIGURE FIGURE
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Figure 4.4 – Samples of the collected dataset. Spirals from individuals with PD (V09,
V05, V18, and V03) and a subject of the control group (V35—highlighted) are shown.
The spirals were digitised from the actual instrument used for data collection. The arrow
in the ideal spiral template indicates the intended starting point of the drawing. Note
that some subjects had difficulty following the ideal spiral template strictly.

This filename convention facilitates data organization and automates the data analy-
sis workflow. Comparison of spiral drawings produced by the CG and PD groups reveals
significant differences in patterns and graphical characteristics. Spirals from the CG typ-
ically exhibit smooth, continuous, and well-centred strokes with regular spacing between
turns and clear motor control, as illustrated in Figure 4.5. These features reflect stability,
coordination, and precision in fine motor movements.

In contrast, spirals produced by the PD group display irregular features, including no-
ticeable variations in line thickness, deviations in the drawing path, and evident tremors,

23



4.6. Data processing

Figure 4.5 – Data acquired for CG volunteers.

Figure 4.6 – Data acquired for PD volunteers.

especially in curves and turns, as observed in Figure 4.5. Many drawings exhibit overlap-
ping lines and misaligned or hesitant strokes, indicating difficulty executing movements
fluidly and with control. Additionally, micro-interruptions or rhythmic oscillations con-
sistent with resting tremors typical of Parkinson’s disease are often observed.

These differences suggest impaired motor function in the PD group, characterized by
deficits in visuomotor coordination, accuracy, and stroke control, unlike the CG group,
which demonstrates smooth and coordinated movements. Thus, the graphical analysis of
the spirals visually and qualitatively highlights the impact of Parkinson’s disease on fine
motor skills.

4.6 Data processing

4.6.1 Feature extraction

Feature extraction refers to the process of deriving meaningful information from raw
data. In this study, we exclusively employed deep feature extraction using pre-trained
models.
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Feature extraction using pre-trained models

In addition to our proposed method, which utilizes autonomous feature extraction,
we investigated the application of pre-trained deep neural network models for feature
extraction, inspired by the approach of DeSipio et al. (9).

Although spiral images are not included in the ImageNet database, we adopted the
methodology suggested by DeSipio et al. (9) in the conclusions of their work, which
suggested the potential use of neural networks for the autonomous extraction of attributes
from spiral images, without defining which types of data should be extracted. In the case
of the work conducted by DeSipio et al. (9), VGG16 and ResNet50 were used, but in
preliminary analyses, we opted for the additional analysis of MobileNetV2 and Xception,
given the potential results reported in the literature by Chollet et al. and Howard et al.,
respectively (16), (7). Future studies could explore fine-tuning these pre-trained models
specifically for spiral drawings.

In this study, feature extraction was performed using MobileNetV2, VGG16, ResNet-
50, and Xception. The raw images were resized to 224 × 224 × 3 pixels for MobileNetV2,
VGG16, and ResNet-50, whereas images for the Xception model were resized to 299 ×
299 × 3 pixels to conform to the model’s input requirements.

Following the dataset preparation procedures, the neural networks autonomously per-
formed feature extraction in the layers listed below, utilizing the labels assigned according
to the Hoehn and Yahr scale collected during the MDS-UPDRS assessment, and classified
individuals as either affected or unaffected by Parkinson’s disease, thereby simulating a
supervised machine learning process.

• VGG16: fc7

• ResNet50: avg_pool

• Xception: block14_sepconv2_act

• MobileNetV2: global_average_pooling2d_1

• MobileNetV1: global_average_pooling2d

The models were loaded with pre-trained weights, and their fully connected layers
were removed. Each image was then passed through the modified models to obtain output
feature maps from the final convolutional layer. VGG16 generated 512 feature maps of
size 14 × 14 per image, while ResNet-50 produced 2048 feature maps of size 7 × 7. These
feature maps were subsequently used as inputs for classification tasks.

Xception

Xception is a deep convolutional neural network introduced by Google in 2017, known
for its novel approach to feature learning. It uses a different kind of convolution called
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depthwise separable convolutions, which first applies a depthwise spatial convolution and
then a pointwise (1 × 1) convolution to create a new set of features. This design sig-
nificantly reduces the number of parameters while maintaining high performance. The
architecture consists of 14 modules with 36 convolutional layers, most of which include
linear residual connections. Xception achieved a top-5 classification accuracy of 95.5% on
the ImageNet dataset (7).

MobileNetV2

MobileNet is a family of efficient convolutional neural networks specifically designed
for mobile and edge devices. Originally introduced by Google in 2017, MobileNets empha-
size computational efficiency while maintaining competitive performance. These networks
utilize depthwise separable convolutions to significantly reduce the number of parameters
and computational cost. Multiple iterations of the architecture have been developed, in-
cluding MobileNetV1, MobileNetV2, and MobileNetV3, each incorporating architectural
enhancements and optimization techniques. MobileNetV1 achieves a top-5 classification
accuracy of 89.9% on the ImageNet dataset (16).

VGG16

VGG16 is a deep convolutional neural network developed by the Visual Geometry
Group at the University of Oxford. Renowned for its simplicity and consistent architec-
tural design, VGG16 achieved a top-5 accuracy of 92.7% in the 2014 ImageNet Large
Scale Visual Recognition Challenge (ILSVRC). The network comprises 13 convolutional
layers with 3 × 3 filters, followed by 3 fully connected layers. Although computationally
demanding, VGG16 has had a significant impact on the development of deeper neural
networks due to its ability to effectively capture fine-grained visual features(31).

ResNet50

ResNet-50 is a deep convolutional neural network architecture introduced by Microsoft
Research in 2015. It utilizes residual blocks with skip connections, which facilitate gradi-
ent flow during training and help mitigate the vanishing gradient problem. Comprising
50 layers, ResNet-50 enables the effective training of very deep networks, resulting in
improved performance. The model achieved a top-5 classification accuracy of 92.2% on
the ImageNet dataset (15).
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4.7 Analysis methods

4.7.1 Classification models

Classification, a machine learning and statistical technique, assigns data to predefined
classes or categories. A classifier is a mapping function that learns from input data and
predicts the category to which new data belongs. Classification can be broadly divided
into three types: binary, multi-class, and multi-label. In binary classification, each input
is assigned one of two possible outcomes (e.g., true or false). In multi-class classification,
more than two classes exist, but each input is associated with only one class. In multi-label
classification, each input may simultaneously belong to multiple classes (32).

We initially employed the same deep neural networks (DNNs) used for feature ex-
traction to classify the data, allowing for methodological consistency and enabling direct
performance comparison with traditional methods (23). For multi-class problems, we
utilized the Error-Correcting Output Codes (ECOC) method, a common technique that
combines multiple binary classifiers to address classification tasks involving more than
two classes. Two distinct classification tasks were performed using spiral images.

The first task aimed to discriminate individuals with Parkinson’s disease (PD) from
healthy controls. The second task classified participants according to the Hoehn & Yahr
(H&Y) scale, which categorizes PD participants into stages 1, 2, or 3, alongside the control
group. Model performance was evaluated using standard classification metrics—accuracy,
precision, recall, and F1-score—providing a comprehensive assessment of classification
quality.

Further classification strategies, leveraging the same feature extraction framework,
were explored using spiral images. Initially, features related to tremor from the Unified
Parkinson’s Disease Rating Scale (MDS-UPDRS) were used. Subsequent classifications
incorporated hand movement-related features, specifically the mean and median scores,
followed by other motor-related indicators reported in Part III of the MDS-UPDRS. These
labels were assigned by a trained specialist during test sessions, aiming to enhance dis-
crimination between PD patients and healthy controls.

Additionally, the H&Y-based classification was reinforced through data collected across
16 assessment sessions, providing a clinically grounded framework for categorizing disease
progression. This approach improved the model’s ability to classify spiral drawings ac-
cording to PD severity (stages 1, 2, or 3), thereby capturing varying levels of motor
impairment.

All analyses focus exclusively on the test phase outcomes, with training performance
included only for comparative purposes against test results in the context of evaluating
the potential application of spiral drawings for monitoring Parkinson’s disease. The data
split was standardised across all experiments, allocating 70% of the samples for training
and 30% for testing. This approach ensured methodological consistency and optimised
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performance, akin to the strategy utilised by Zham et al (35).

4.8 Statistical analysis

Classic evaluation metrics, such as accuracy and precision, are widely used to assess
the predictive performance of machine learning algorithms, particularly in classification
tasks. Accuracy is defined as the proportion of correctly classified samples, representing
an overall measure of performance that considers all classes and their respective sample
counts. Mathematically, for binary or multiclass problems, accuracy is calculated as the
ratio of correctly classified examples to the total number of examples available for classifi-
cation. However, this metric has limitations in scenarios involving class imbalance—that
is, when one or more classes have substantially more samples than others. In such cases,
accuracy may obscure the true performance of the model on underrepresented classes (8).

To address this limitation, the macro F1-score is employed, providing a more balanced
evaluation of model performance in multiclass and imbalanced classification scenarios.
Unlike accuracy, the macro F1-score is computed as the harmonic mean of precision and
recall for each class, followed by averaging across all classes, thus assigning equal weight
to each. This approach prevents dominant classes from disproportionately influencing the
overall score, offering a fairer assessment of model performance (8).

It is important to note that beyond these quantitative metrics, other factors such as
model interpretability, robustness, and usability should also be considered—especially for
real-world applications. In this study, the workflow began with data preprocessing, fol-
lowed by transformation of data into numerical feature vectors and subsequent application
of classification algorithms. Model effectiveness was ultimately evaluated using accuracy
and macro F1-score (8).

For clarity, the following terms are defined:

• TP (True Positives): Positive cases correctly identified by the model.

• TN (True Negatives): Negative cases correctly identified.

• FP (False Positives): Negative cases incorrectly classified as positive.

• FN (False Negatives): Positive cases incorrectly classified as negative.

• class (Classes): categories into which each instance (or sample) in the dataset can
be assigned.

Cohen’s Kappa coefficient

The kappa statistic is commonly employed to assess inter-rater reliability. Evaluator
reliability is crucial as it indicates the degree to which the data gathered in the study
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accurately reflect the measured variables. Inter-rater reliability refers to the degree to
which data collectors (raters) provide consistent scores for the same variable. Various
methods have been employed to assess inter-rater reliability, with the traditional approach
being the calculation of percentage agreement, determined by the ratio of agreement scores
to the total number of scores. This index assesses the accuracy of a machine learning
model in multiclass classification, specifically addressing the issue of class imbalance in
multi-category predictions. This is particularly beneficial in cases of class imbalance (34).
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=
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• po is the observed proportion of agreement between raters,

• pe is the expected proportion of agreement by chance.

• T = total of observations (T = TP + TN + FP + FN).

Accuracy

Accuracy measures the proportion of correct predictions relative to the total number
of examples:

accuracy =
TP + TN

TP + TN + FP + FN

F1-score

The F1-score is the harmonic mean of Precision and Recall, seeking a balance between
both metrics.

Precision

Precision answers the question: “Of all instances predicted as positive, how many were
actually positive?”

Precision =
TP

TP + FP

Recall (Sensitivity)

Recall answers the question: “Of all actual positive cases, how many did the model
correctly identify?”
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Recall =
TP

TP + FN

F1-score (Binary Classification)

The general formula of the F1-score is:

F1-score = 2× Precision × Recall
Precision + Recall

An equivalent expression in terms of TP, FP, and FN is:

F1-score =
TP

TP + 0.5× (FP + FN)

F1-score (Multiclass Classification)

For multiclass classification problems, the F1-score is computed individually for each
class using a One-vs-Rest approach, and then aggregated using various averaging strate-
gies:

Micro F1-score Calculated by aggregating True Positives, False Positives, and False
Negatives across all classes before computing the F1-score. In single-label multiclass
classification, the micro F1-score is equivalent to accuracy.

micro F1-score =

∑
TPclasses∑

TPclasses + 0.5× (
∑

FPclasses +
∑

FNclasses)

Macro F1-score This is the unweighted arithmetic mean of the F1-scores computed
for each class individually. It treats all classes equally, regardless of their frequency.

macro F1-score =
F1Class A + F1Class B + F1Class C + . . .

Number of Classes

Weighted F1-score This is the average of the class-wise F1-scores weighted by the
number of true instances (support) for each class.

Weighted F1-score =
(F1Class A × SupportClass A) + (F1Class B × SupportClass B) + . . .

Total Support

4.9 Results

4.9.1 Binary and multiclass classification analysis

Figures 4.14 and 4.15, as well as Tables 4.2 and 4.3, present the accuracy and F1-score
results for both the training and test datasets. It is important to emphasize that this
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study utilized an original dataset. The primary objective was to distinguish between the
control group (individuals without Parkinson’s disease) and the PD group. Subsequently,
differentiation among the Hoehn & Yahr scale levels was performed exclusively within the
PD group.

Table 4.2 – Overall Accuracy, Cohen’s Kappa, Precision, Recall, and F1-score by class
(CG vs PD).

Metrics Mobile
NetV2 VGG16 Xception Res

Net50
Accuracy 91.45% 92.64% 94.06% 94.06%
Cohen’s Kappa 0.82 0.84 0.87 0.86
Class: Control
Precision 90.32% 91.02% 91.42% 90.51%
Recall 82.35% 85.66% 90.07% 91.18%
F1-score 86.15% 88.26% 90.74% 90.84%
Class: PDG
Precision 91.92% 93.34% 95.30% 95.77%
Recall 95.79% 95.96% 95.96% 95.44%
F1-score 93.81% 94.64% 95.63% 95.61%

4.9.2 Classification analysis using MDS-UPDRS

The F1-score results for the training and test datasets are presented in Table ?? and
figure 4.14. It is important to note that a unique dataset was specifically created for this
study. Initially, individual F1-score results were reported, followed by the calculation of
the mean F1-score to facilitate comparisons.
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Table 4.3 – Overall Accuracy, Cohen’s Kappa, Precision, Recall, and F1-score by class
(CG vs H&Y1-3).

Metric MobilenetV2 VGG16 ResNet50 Xception
Overall Accuracy 80.29 78.03 81.95 81.00
Cohen’s Kappa 0.72 0.69 0.74 0.73
CONTROL
Precision 88.69 88.26 90.22 86.29
Recall 89.34 85.66 91.54 94.85
F1-score 89.01 86.94 90.88 90.37
Stage H&Y1
Precision 78.41 77.02 79.38 79.56
Recall 77.43 74.61 79.62 79.31
F1-score 77.92 75.80 79.50 79.43
Stage H&Y2
Precision 78.31 78.89 82.16 83.73
Recall 82.22 78.89 84.44 77.22
F1-score 80.22 78.89 83.29 80.35
Stage H&Y3
Precision 59.38 49.44 57.38 54.24
Recall 53.52 61.97 49.30 45.07
F1-score 56.30 55.00 53.03 49.23
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Figure 4.7 – Performance statistics of different CNN models for classification between
Parkinson’s Disease (PD) and Healthy Controls (HC).
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Figure 4.8 – Performance statistics of different CNN models for classification between
Parkinson’s Disease patients in Hoehn & Yahr stages 1–3 and Healthy Controls (HC).

Table 4.4 – Average mean F1-score by classification using VGG16, Xception, MobileNetV2
and ResNet50 comparing different features.

Task MobileNetV2 Xception ResNet50 VGG16

Speech (3.1) 0.48182 0.62050 0.49824 0.41864
Facial Expression (3.2) 0.60660 0.60343 0.60601 0.56097
Rigidity (3.3) 0.64400 0.62772 0.69136 0.63352
Pinch (3.4) 0.42180 0.44052 0.44573 0.50096
Hand Movements (3.5) 0.59610 0.63020 0.59910 0.48680
Pronation-Supination (3.6) 0.55158 0.59133 0.55710 0.48984
Toe Tapping (3.7) 0.52711 0.52711 0.44171 0.44615
Leg Agility (3.8) 0.39921 0.56913 0.43473 0.44899
Chair Rising (3.9) 0.50490 0.53064 0.51935 0.50669
Gait (3.10) 0.58217 0.58218 0.58857 0.56899
Freezing (3.11) 0.45106 0.80056 0.79977 0.76701
Postural Stability (3.12) 0.53043 0.56284 0.58682 0.51287
Posture (3.13) 0.54912 0.67483 0.71121 0.62105
Body Bradykinesia (3.14) 0.54102 0.47689 0.64792 0.64792
Rest Tremor in Hands (3.15) 0.62023 0.65826 0.71952 0.60034
Action Tremor in Hands (3.16) 0.56271 0.69148 0.74859 0.62446
Tremor Amplitude (3.17) 0.60273 0.68358 0.67691 0.58286
Tremor Persistence (3.18) 0.54045 0.60593 0.73009 0.55610

Note: The numbers in parentheses indicate the corresponding item codes of Part III of the
MDS-UPDRS (Motor Examination).
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Table 4.5 – Average mean precision by classification using VGG16, Xception, Mo-
bileNetV2, and ResNet50 comparing different features.

Task MobileNetV2 Xception ResNet50 VGG16

Speech (3.1) 0.47124 0.62050 0.67467 0.41739
Facial Expression (3.2) 0.60985 0.60343 0.60601 0.56097
Rigidity (3.3) 0.67121 0.62772 0.71561 0.69667
Pinch (3.4) 0.44573 0.44052 0.44573 0.50096
Hand Movements (3.5) 0.59910 0.63020 0.59910 0.48680
Pronation-Supination (3.6) 0.51908 0.59133 0.55710 0.48984
Toe Tapping (3.7) 0.46769 0.46769 0.40728 0.44331
Leg Agility (3.8) 0.56913 0.56913 0.43473 0.44025
Chair Rising (3.9) 0.53064 0.53064 0.51935 0.51191
Gait (3.10) 0.58218 0.58218 0.58857 0.56899
Freezing (3.11) 0.80056 0.80056 0.79977 0.76701
Postural Stability (3.12) 0.56284 0.56284 0.58682 0.51287
Posture (3.13) 0.67483 0.67483 0.71121 0.62105
Body Bradykinesia (3.14) 0.47689 0.47689 0.64792 0.64792
Rest Tremor in Hands (3.15) 0.65826 0.65826 0.71952 0.60034
Action Tremor in Hands (3.16) 0.69148 0.69148 0.74859 0.62446
Tremor Amplitude (3.17) 0.68358 0.68358 0.67691 0.58286
Tremor Persistence (3.18) 0.60593 0.60593 0.73009 0.55610

Note: The numbers in parentheses indicate the corresponding item codes of Part III of the
MDS-UPDRS (Motor Examination).
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Table 4.6 – Average mean recall by classification using VGG16, Xception, MobileNetV2,
and ResNet50 comparing different features.

Task MobileNetV2 Xception ResNet50 VGG16

Speech (3.1) 0.50187 0.50187 0.48426 0.42584
Facial Expression (3.2) 0.60343 0.60343 0.60601 0.56097
Rigidity (3.3) 0.62772 0.62772 0.69136 0.63352
Pinch (3.4) 0.44052 0.44052 0.49463 0.50096
Hand Movements (3.5) 0.63020 0.63020 0.57000 0.48680
Pronation-Supination (3.6) 0.59133 0.59133 0.55947 0.48984
Toe Tapping (3.7) 0.52711 0.52711 0.44171 0.44615
Leg Agility (3.8) 0.39921 0.39921 0.46363 0.44899
Chair Rising (3.9) 0.50490 0.50490 0.51192 0.50669
Gait (3.10) 0.58218 0.58218 0.60039 0.55858
Freezing (3.11) 0.80765 0.80765 0.83985 0.73148
Postural Stability (3.12) 0.56284 0.56284 0.56904 0.48557
Posture (3.13) 0.65030 0.65030 0.70935 0.71020
Body Bradykinesia (3.14) 0.41986 0.41986 0.48759 0.48759
Rest Tremor in Hands (3.15) 0.65689 0.65689 0.71443 0.60283
Action Tremor in Hands (3.16) 0.64680 0.64680 0.71461 0.60027
Tremor Amplitude (3.17) 0.62492 0.62492 0.63899 0.60721
Tremor Persistence (3.18) 0.61986 0.61986 0.60966 0.56766

Note: The numbers in parentheses indicate the corresponding item codes of Part III of the
MDS-UPDRS (Motor Examination).
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Table 4.7 – Average Cohen’s Kappa by classification using MobileNetV2, Xception,
ResNet50, and VGG16 comparing different features.

Task MobileNetV2 Xception ResNet50 VGG16

Speech (3.1) 0.51 0.48 0.52 0.42
Facial Expression (3.2) 0.52 0.51 0.51 0.55
Rigidity (3.3) 0.69 0.69 0.65 0.62
Pinch (3.4) 0.50 0.42 0.48 0.50
Hand Movements (3.5) 0.55 0.57 0.55 0.47
Pronation-Supination (3.6) 0.58 0.56 0.50 0.44
Toe Tapping (3.7) 0.49 0.46 0.42 0.44
Leg Agility (3.8) 0.34 0.41 0.43 0.43
Chair Rising (3.9) 0.51 0.47 0.50 0.42
Gait (3.10) 0.56 0.58 0.55 0.50
Freezing (3.11) 0.45 0.45 0.45 0.47
Postural Stability (3.12) 0.56 0.53 0.51 0.45
Posture (3.13) 0.57 0.55 0.51 0.53
Body Bradykinesia (3.14) 0.54 0.54 0.59 0.52
Rest Tremor in Hands (3.15) 0.67 0.62 0.71 0.59
Action Tremor in Hands (3.16) 0.62 0.56 0.64 0.58
Tremor Amplitude (3.17) 0.68 0.60 0.61 0.54
Tremor Persistence (3.18) 0.62 0.54 0.64 0.52

Note: The numbers in parentheses indicate the corresponding item codes of Part III of the
MDS-UPDRS (Motor Examination).
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Figure 4.9 – ResNet50 radar plot.
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Figure 4.10 – VGG16 radar plot.
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MobilenetV2 − Radar Chart
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Figure 4.11 – MobileNetV2 radar plot.

Xception − Radar Chart

100 (%)

75 (%)

50 (%)

25 (%)

0 (%)
Hand Movement

Pinch

Pronation−Supination

Toe Tapping

Rigidity

Leg Agility

Chair Rise
Gait

Freezing

Speech
Facial Expression Tremor Persistence

Postural Stability

Tremor Amplitude

Posture

Postural Hand Tremor

Body Bradykinesia

Kinetic Hand Tremor

Mean Recall
Mean Precision
Mean F1−Score

Figure 4.12 – XCEPTION radar plot.
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Figure 4.13 – Statistics for different CNN models comparing different features for classi-
fication.

4.9.3 Classification analysis for monitoring handwritten spirals

Training accuracy, testing accuracy, and F1-score results for the different data collec-
tion sessions are presented in Figures 4.14, 4.15 and 4.16, as well as in Tables 4.8 and
4.9. It is important to note that a unique dataset was specifically created for this study.
Initially, individual results were reported, followed by the calculation of the mean training
accuracy, testing accuracy, and F1-score to facilitate comparisons.

Additionally, the detailed performance of each neural network across the 16 different
data collection sessions is shown in Tables 4.10, 4.11, 4.12, and 4.13, which present accu-
racy and F1-score values for both the control group (training) and the Parkinson’s disease
group (testing). These results provide a granular view of model performance, enabling
the identification of variations between collections and network architectures.

Table 4.8 – Average Metric Values for the Training Set

Neural Network F1-score Precision Recall Cohen’s Kappa
MobileNetV2 0.9963 0.9965 0.9961 0.9958
Xception 0.9495 0.9471 0.9530 0.9462
VGG16 0.9979 0.9980 0.9977 0.9976
ResNet50 0.9982 0.9985 0.9979 0.9980
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Table 4.9 – Average Metric Values for the Test Set

Neural Network F1-score Precision Recall Cohen’s Kappa
MobileNetV2 0.2438 0.2440 0.2505 0.2400
Xception 0.2484 0.2464 0.2583 0.2471
VGG16 0.2545 0.2525 0.2621 0.2532
ResNet50 0.2891 0.2892 0.2958 0.2875

Table 4.10 – Accuracy, F1-Score and Cohen’s Kappa per Collection for MobileNetV2

CG Group (Training) PD Group (Test)
Collection Accuracy F1-Score Cohen’s Kappa Accuracy F1-Score Cohen’s Kappa
Collection1 0.9947 0.9921 0.9894 0.3580 0.3694 0.2160
Collection2 0.9876 0.9938 0.9752 0.2609 0.2553 0.0218
Collection3 1.0000 0.9811 1.0000 0.2727 0.2655 0.0454
Collection4 0.9762 0.9879 0.9524 0.1852 0.1770 -0.2296
Collection5 1.0000 1.0000 1.0000 0.1778 0.1882 -0.2444
Collection6 1.0000 1.0000 1.0000 0.2600 0.2857 0.0200
Collection7 1.0000 1.0000 1.0000 0.2400 0.2162 -0.0200
Collection8 1.0000 1.0000 1.0000 0.2273 0.2247 -0.0454
Collection9 1.0000 1.0000 1.0000 0.2745 0.2641 0.0490
Collection10 1.0000 1.0000 1.0000 0.2500 0.2202 0.0000
Collection11 1.0000 1.0000 1.0000 0.3000 0.2885 0.1000
Collection12 1.0000 1.0000 1.0000 0.2222 0.2273 -0.0556
Collection13 1.0000 1.0000 1.0000 0.1956 0.2308 -0.1088
Collection14 1.0000 1.0000 1.0000 0.3235 0.2716 0.0470
Collection15 0.9857 0.9857 0.9714 0.1333 0.1311 -0.7334
Collection16 1.0000 1.0000 1.0000 0.2222 0.2857 -0.0556

Table 4.11 – Accuracy, F1-Score and Cohen’s Kappa per Collection for Xception

CG Group (Training) PD Group (Test)
Collection Accuracy F1-Score Cohen’s Kappa Accuracy F1-Score Cohen’s Kappa
Collection1 0.9735 0.9364 0.9470 0.3333 0.2609 0.1666
Collection2 0.9503 0.9503 0.9006 0.3913 0.3553 0.2826
Collection3 0.9385 0.9313 0.8770 0.1091 0.1091 -0.7818
Collection4 0.9048 0.9383 0.8096 0.2778 0.2941 0.0556
Collection5 0.9333 0.9515 0.8666 0.2000 0.2169 -0.2000
Collection6 0.9565 0.9483 0.9130 0.1600 0.1569 -0.2800
Collection7 0.9478 0.9646 0.8956 0.2200 0.2500 -0.1600
Collection8 0.9118 0.9300 0.8236 0.1591 0.1687 -0.3618
Collection9 0.9664 0.9237 0.9328 0.3529 0.3051 0.7058
Collection10 0.8938 0.9395 0.7876 0.2292 0.2340 -0.5416
Collection11 0.9652 0.9487 0.9304 0.2200 0.2444 -0.5600
Collection12 0.9429 0.9474 0.8858 0.2444 0.2444 -0.5112
Collection13 0.9449 0.9406 0.8898 0.1956 0.2069 -0.6088
Collection14 1.0000 0.9939 1.0000 0.2941 0.2817 -0.4118
Collection15 0.9714 0.9714 0.9428 0.1667 0.2083 -0.6666
Collection16 0.9524 0.9756 0.9048 0.3889 0.4375 0.2778
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Table 4.12 – Accuracy, F1-Score and Cohen’s Kappa per Collection for VGG16

CG Group (Training) PD Group (Test)
Collection Accuracy F1-Score Cohen’s Kappa Accuracy F1-Score Cohen’s Kappa
Collection1 1.0000 0.9974 1.0000 0.4321 0.3665 0.8642
Collection2 1.0000 1.0000 1.0000 0.3044 0.2763 0.6088
Collection3 0.9846 0.9846 0.9692 0.2727 0.2679 0.0454
Collection4 0.9841 0.9841 0.9682 0.2593 0.2353 0.0186
Collection5 1.0000 1.0000 1.0000 0.2000 0.2046 -0.2000
Collection6 1.0000 1.0000 1.0000 0.1400 0.1628 -0.7200
Collection7 1.0000 1.0000 1.0000 0.3000 0.3030 0.6000
Collection8 1.0000 1.0000 1.0000 0.1818 0.1798 -0.3636
Collection9 1.0000 1.0000 1.0000 0.2745 0.2800 0.0490
Collection10 1.0000 1.0000 1.0000 0.2708 0.2857 0.0416
Collection11 1.0000 1.0000 1.0000 0.1800 0.1956 -0.3600
Collection12 1.0000 1.0000 1.0000 0.1778 0.1633 -0.6444
Collection13 1.0000 1.0000 1.0000 0.1522 0.1772 -0.6956
Collection14 1.0000 1.0000 1.0000 0.2941 0.3226 -0.4118
Collection15 1.0000 1.0000 1.0000 0.2667 0.2759 -0.4666
Collection16 1.0000 1.0000 1.0000 0.3333 0.3750 0.6666

Table 4.13 – Accuracy, F1-Score and Cohen’s Kappa per Collection for ResNet50

CG Group (Training) PD Group (Test)
Collection Accuracy F1-Score Cohen’s Kappa Accuracy F1-Score Cohen’s Kappa
Collection1 1.0000 0.9947 1.0000 0.4198 0.3977 0.8396
Collection2 1.0000 1.0000 1.0000 0.3478 0.3077 0.6956
Collection3 0.9846 0.9884 0.9692 0.2182 0.2202 -0.1636
Collection4 0.9921 0.9881 0.9842 0.4074 0.3284 0.8148
Collection5 1.0000 1.0000 1.0000 0.2222 0.2532 -0.1112
Collection6 1.0000 1.0000 1.0000 0.2600 0.2524 0.0200
Collection7 1.0000 1.0000 1.0000 0.2600 0.3059 0.0200
Collection8 1.0000 1.0000 1.0000 0.1818 0.1882 -0.3636
Collection9 1.0000 1.0000 1.0000 0.3725 0.3140 0.7450
Collection10 1.0000 1.0000 1.0000 0.2500 0.2500 0.0000
Collection11 1.0000 1.0000 1.0000 0.3000 0.3191 0.1000
Collection12 1.0000 1.0000 1.0000 0.2444 0.2716 -0.5112
Collection13 1.0000 1.0000 1.0000 0.3044 0.3294 0.6088
Collection14 1.0000 1.0000 1.0000 0.3824 0.4062 0.7648
Collection15 1.0000 1.0000 1.0000 0.2333 0.2593 -0.5334
Collection16 1.0000 1.0000 1.0000 0.2222 0.2222 -0.5556

4.10 Discussion

4.10.1 Binary and multiclass classification analysis

The use of spiral drawings as a biomarker for Parkinson’s disease (PD) is supported
by positive outcomes reported in the literature (35). Spiral drawings can be collected
non-invasively, requiring only that the patient draws specific figures on a tablet using a
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Figure 4.14 – F1-scores by model and group.

Figure 4.15 – Training vs. testing accuracy by model.

digital pen or on paper with a regular pen. This biomarker facilitates the development
of medical decision support tools for PD identification and patient monitoring following
diagnosis. The diagnosis of Parkinson’s disease remains challenging, and improving diag-
nostic accuracy necessitates combining multiple biomarkers related to symptoms such as
rigidity, bradykinesia, and tremor. Biomarkers that aid in patient screening can improve
healthcare by enabling clinicians to focus on high-risk individuals, thereby shortening the
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Figure 4.16 – F1-score and accuracy in different data collection sessions.

time to diagnosis and allowing earlier initiation of targeted treatment plans.
Our review began with the database created by Zham (35), which has been widely

used in subsequent studies, including those by Gil Martin(13) and Kamram (21). Early
studies utilizing spiral drawings employed a digital pen and tablet to evaluate various
aspects of movement and drawing. Notably, Chakraborty (5) published a study in 2020
that was the first to collect spiral drawings using pen and paper, aiming to apply machine
learning techniques to classify these drawings. Although pen-and-paper methods are less
common, they offer practical advantages due to the accessibility of materials. Unlike
previous investigations that relied on existing datasets, we developed an original dataset
for this study. Additionally, most prior studies, except Zham (35), limited their analyses
to binary classification of participants into PD and control groups.

In the present study, we stratified PD participants into three groups according to
the Hoehn & Yahr (H&Y) scale (stages 1, 2, and 3), while also performing a binary
classification between PD and the control group (CG). It is important to note that stages
4 and 5 were excluded due to the severe motor impairments that could compromise the
execution of the protocol. Following Zham (35), we conducted analyses without employing
data augmentation.

For clarity, we define two distinct concepts: Static Spiral Test (SST) and Dynamic
Spiral Test (DST). SST considers only the Cartesian coordinates (x, y, z) of the spiral
trajectory drawn by the participant, whereas DST incorporates temporal information such
as drawing time, pressure, and duration, depending on the feature extraction method and
authors’ interests.

In this study, only SST data derived from scanned paper spirals were used. We
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employed a convolutional neural network (CNN) architecture similar to that used by
Huang et al. (17), targeting the four CNN models that showed the most promising
results using the net() function available in MATLAB’s Deep Learning Toolbox. Unlike
Huang et al. (13), who used a limited set of CNNs, we compared four models identified
through preliminary analyses: ResNet50, VGG16, MobileNetV2, and Xception. Notably,
results varied when comparing F1-score and accuracy (ACC) metrics.

In the binary classification scenario (PD vs. CG), ResNet50 achieved the highest F1-
score, while Xception demonstrated superior accuracy, as shown in Figure 4.14. These
results surpass those reported in recent studies employing spiral drawings and similar
methods: Chandra et al (6). (4) reported an accuracy of 97.6% and an F1-score of
98.5%, whereas Nagamani et al. (25) obtained an accuracy of 86.67% and an F1-score of
87.5%. In the multiclass classification task using the H&Y scale, Xception, ResNet50, and
MobileNetV2 performed best in terms of accuracy. Compared to one of the earliest H&Y-
based classification studies (26), which reported 68.2% accuracy, our average accuracy was
74%. This study thus demonstrates that neural network models can effectively classify
PD stages based on the H&Y scale.

Although only spiral drawings obtained from scanned paper were used, parameters
such as pen pressure and drawing speed were not incorporated. However, Zham (35)
indicated that these parameters do not significantly improve differentiation among disease
severity levels based on F1-score. Moreover, we evaluated model generalization using two
data-splitting approaches: intra-patient and inter-patient. The inter-patient approach,
which tests the model’s ability to generalize to previously unseen patients, is considered
more realistic. Traditional validation techniques, including holdout and cross-validation,
were also employed to detect bias or overfitting, ensuring a robust evaluation. The intra-
patient approach yielded higher performance, achieving a maximum accuracy of 94%.

The VGG16 model demonstrated promising results but also revealed certain limita-
tions. The dataset’s class imbalance—with PD and control groups exhibiting substantially
different image distributions—may have led the model to learn patient-specific patterns
rather than generalizable features. Analysis by class showed that the model achieved
higher accuracy (80%) in the minority H&Y3 class, suggesting it could capture relevant
patterns despite data imbalance. However, the inter-patient evaluation highlighted the
challenge of generalizing across patients, with Xception achieving approximately 63% ac-
curacy. This model correctly identified most controls and H&Y1 cases but struggled with
H&Y2 and especially H&Y3, with F1-scores of 20% and 6%, respectively. These findings
align with Zham (35), which also emphasized the difficulty in distinguishing PD severity
stages. Furthermore, the severe class imbalance—with 1,065 images for H&Y1 and only
105 for H&Y3—likely increased classification errors in minority classes, complicating the
model’s learning process for these categories.

The analysis of Cohen’s Kappa index, presented in Tables 4.2 and 4.3, reveals the con-
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sistency and reliability of the models in classifying between the studied groups. In the task
of distinguishing between individuals in the control group and patients with Parkinson’s
disease (CG vs. PD), all models exhibited high Kappa values (0.82 to 0.87), indicat-
ing substantial to almost perfect agreement according to the interpretation of Landis and
Koch. Xception achieved the best performance (0.87), closely followed by ResNet50 (0.86)
and VGG16 (0.84), suggesting high robustness in binary classification.

In the more complex task involving multiple classes (CG vs H&Y1-3), Kappa values
were naturally lower (0.69 to 0.74), reflecting the greater difficulty in distinguishing the
different stages of the Hoehn & Yahr scale. Nevertheless, ResNet50 (0.74) and Xcep-
tion (0.73) maintained consistent performance, reinforcing their generalisation capacity
even in more challenging classification scenarios. These results show that, although accu-
racy is important, the Kappa index provides a more balanced measure of chance and is
particularly relevant in tasks with unbalanced classes.

4.10.2 Classification analysis using MDS-UPDRS

Table 4.1 presents the results obtained from the MobileNetV2, Xception, ResNet50,
and VGG16 models across various classification tasks related to tremors, motor move-
ments, and facial aspects. These results are expressed as F1-scores for each class, along-
side the average F1-score for each task, facilitating a detailed comparison of model per-
formance. Figures 4.14 4.13 complement the numerical data presented in Tables ??, 4.6
and 4.5 by providing graphical representations of model behavior.

Overall, model performance varies depending on the classification task, reflecting the
unique challenges inherent to each type of analysis. ResNet50, as illustrated in Figure 4.14,
consistently achieves superior results, particularly in tremor-related tasks such as kinetic
hand tremor, postural tremor, tremor amplitude, and tremor persistence. For example,
kinetic tremor attained an average F1-score of 0.70765, while postural tremor reached
0.70951, underscoring ResNet50’s ability to capture complex motor patterns. However,
intermediate classes (e.g., stages 2 and 3) remain challenging for all models.

In coordination and movement tasks—including pinching, hand movements, and pronation-
supination—the performance is more heterogeneous. The pinching task proved especially
difficult, with all models scoring below 0.5; nevertheless, VGG16 performed best with an
F1-score of 0.49986. This trend is evident in Figure 4, where VGG16’s radar chart high-
lights modest yet focused strengths. In hand movement classification, ResNet50 led with
a score of 0.5961, although performance declined for more advanced classes. Similarly,
ResNet50 outperformed other models in pronation-supination, with an average F1-score
of 0.55605.

For non-motor tasks such as speech, facial expression, and rigidity, results varied.
Speech classification was the most challenging, with average F1-scores ranging from
0.41864 (VGG16) to 0.50599 (MobileNetV2). In contrast, facial expression classifica-
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tion was led by Xception, achieving an F1-score of 0.6066, as shown in Figure 4.12.
Rigidity was best modeled by ResNet50, which attained an average F1-score of 0.69437,
particularly excelling in classes with high stiffness levels.

Tasks involving lower limb coordination, such as toe tapping and leg agility, yielded
modest results. MobileNetV2, depicted in Figure 4.11, achieved the highest toe tapping
score (0.48819), although no model exceeded the 0.5 threshold. Leg agility classification
scores ranged between 0.4 and 0.6, with no single model dominating.

Table 4.7 displays the mean Cohen’s kappa values for various motor tasks from Part
III of the MDS-UPDRS, contrasting the classification performance of the MobileNetV2,
Xception, ResNet50, and VGG16 architectures based on distinct features. Tasks pertain-
ing to rigidity (3.3) and tremor (3.15, 3.16, 3.17, 3.18) demonstrated the highest levels
of concordance between raters and models, with values exceeding 0.60 for the majority
of networks; specifically, resting tremor in the hands (3.15) recorded a value of 0.71 with
ResNet50, while rigidity (3.3) achieved 0.69 with both MobileNetV2 and Xception. In con-
trast, tasks requiring lower limb agility, such as “Leg Agility” (3.8), exhibited diminished
agreement, especially with MobileNetV2 (0.34). No single model demonstrated consistent
superiority across all tests; however, ResNet50 exhibited marginally greater performance
in tremor-related items, MobileNetV2 excelled in rigidity, and Xception provided balanced
outcomes across most variables.

Finally, Figure 4.13 summarizes the F1-scores across all models for the 18 classification
tasks. This bar chart illustrates that MobileNetV2, Xception, and ResNet50 perform
competitively in most categories, whereas VGG16 generally underperforms—except in
select tasks such as facial expression. Notably, postural tremor and rigidity tasks appear
more tractable, while toe tapping and leg agility remain the most challenging.

These findings are consistent with Milken (24), who highlights the potential of deep
neural networks in biomedical applications. The strong performance of ResNet50 in
tremor and rigidity tasks reinforces the value of deeper architectures in clinical contexts.
Conversely, challenges observed in speech and grip-related tasks reflect high interindivid-
ual variability, a factor also discussed by Milken. Future research should focus on improv-
ing data quality, addressing dataset imbalance, prioritizing clinically relevant tasks, and
exploring data fusion techniques to enhance neural network performance in biomedical
domains.

4.10.3 Classification analysis for monitoring handwritten spirals

Training vs. test accuracy across DNNs

The analysis of training and test accuracies across the evaluated models (VGG16,
Xception, ResNet50, and MobileNetV2) reveals notable differences in their generaliza-
tion capabilities. As anticipated, training accuracy consistently exceeds test accuracy,
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reflecting partial overfitting induced by model optimization, as illustrated in Figure 4.14.
The VGG16 model demonstrates high training accuracy accompanied by a substantial

decline in test accuracy, indicative of a pronounced tendency toward overfitting. In con-
trast, Xception and ResNet50 exhibit a more balanced relationship between training and
test accuracies, suggesting improved generalization to unseen data. MobileNetV2 shows
the smallest discrepancy between training and test accuracies, highlighting its robustness
and adaptability. These characteristics position MobileNetV2 as particularly promising
for real-world applications where generalization performance is paramount.

F1-score insights across classes and models

The F1-scores across different models and groups (Control, PD, H&Y1, H&Y2, and
H&Y3) further highlight differences in model generalization. Both VGG16 and ResNet50
perform well in the Control group, where classification tasks involve relatively simpler
patterns. However, pronounced performance disparities emerge within the PD-related
groups, reflecting increased classification complexity.

Xception consistently achieves high F1-scores across all groups, demonstrating its ca-
pacity to effectively manage variability in disease progression. Although MobileNetV2
exhibits comparatively lower F1-scores in the Control and H&Y1 groups, it attains com-
petitive performance in the more challenging H&Y2 and H&Y3 groups. These results
suggest that MobileNetV2 may be particularly suitable for applications requiring robust
performance under complex conditions, as illustrated in Figure 4.15.

Training accuracy trends over 16 collections

The training accuracy trends indicate consistent performance across the evaluated
deep neural networks (DNNs) over the 16 data collection sessions. ResNet50 attains the
highest training accuracy in most collections, demonstrating its strong capacity to fit the
training data.

In contrast, MobileNetV2 exhibits slightly lower performance, particularly in interme-
diate collections, which may be attributed to its architecture being optimized for com-
putational efficiency. Both VGG16 and Xception show stable and comparable training
accuracies, suggesting their adequacy for the task.

Nevertheless, the minimal differences observed in training accuracy underscore the
importance of considering additional evaluation metrics, such as recall, precision and
F1-scores, to guide model selection, as illustrated in Figure 4.11.

Test accuracy trends across DNNs

In the test set, performance disparities among the models become more pronounced.
Xception achieves superior test accuracy, particularly in later data collection sessions,
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highlighting its robustness and adaptability to unseen data. In contrast, VGG16 exhibits
greater variability, with occasional declines in accuracy, further emphasizing its suscepti-
bility to overfitting.

MobileNetV2 consistently underperforms in all metrics, reinforcing the limitations of
its architecture in capturing complex data patterns. Although ResNet50 excels in training
accuracy, this advantage does not translate to improved test performance, suggesting that
overfitting may underlie its elevated training results, as illustrated in Figure 4.11.

F1-score performance for CG vs. PD

The F1-score analysis, which balances precision and recall, reveals substantial differ-
ences in the models’ abilities to distinguish between the control group (CG) and the
Parkinson’s disease group (PD). Xception achieves the highest F1-scores across both
groups, particularly excelling in the PD group. This highlights its capability to cap-
ture subtle, class-specific patterns within the data. Although ResNet50 demonstrates
high training accuracy, it delivers lower-than-expected F1-scores, likely due to elevated
false positive or false negative rates. MobileNetV2 records the lowest F1-scores, reflecting
architectural limitations in addressing the complexities of this classification task. VGG16
produces intermediate results, exhibiting consistent but moderate performance across
groups, as illustrated in Figure 4.11.

Tables 4.8 and 4.9 display the mean values of the performance metrics—F1-score, pre-
cision, recall, and Cohen’s Kappa index—achieved by four convolutional neural network
architectures (MobileNetV2, Xception, VGG16, and ResNet50) on the training and test
datasets, respectively. In the training set, all networks demonstrated exceptional perfor-
mance, with F1-scores nearing 1, indicating minimal difficulty in assimilating the data
patterns, and elevated Kappa index values (exceeding 0.94), signifying substantial con-
cordance between predictions and actual classes. Conversely, the outcomes on the test
set demonstrate much inferior performance, with F1-scores ranging from 0.24 to 0.29 and
Kappa indices falling below 0.29, highlighting the models’ challenges in generalising to
novel data, particularly for MobileNetV2, which exhibited the poorest performance.

Tables 4.7 to 4.13 present the accuracy, F1-score, and Cohen’s Kappa index for each
collection, distinguishing the Control (CG) group in the training set from the Parkinson’s
(PD) group in the test set for each neural network. The Control group routinely exhibits
exceptionally high accuracies and F1-scores (approaching or equal to 1), indicating the
models’ proficiency in accurately classifying this group. Conversely, the PD group has
significantly lower values, with considerable variability across collections and numerous
samples displaying negative Kappa indices, suggesting poorer agreement than random
chance, potentially attributable to an unbalanced dataset, noise, or clinical changes.

Among the models, ResNet50 demonstrated superior performance for the PD group
across several datasets, exhibiting positive and comparatively elevated Kappa indices (e.g.,
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Collection14, with a Kappa of 0.7648), indicating enhanced robustness in identifying ill-
ness patterns. Models like MobileNetV2 and Xception exhibited increased instability, evi-
denced by negative Kappa values across many datasets, signifying inconsistency in predic-
tions. In conclusion, despite exhibiting strong performance during training, the networks
encounter considerable hurdles in generalising the recognition of data from Parkinson’s
cohort, indicating a necessity for model enhancement, an increase in both the quantity
and quality of data, or the use of novel training methodologies.

Final considerations

The results emphasize that optimal model selection is contingent upon the specific
application context and requirements. VGG16 and ResNet50 appear better suited for
simpler classification tasks, such as distinguishing the control group. In contrast, Xception
and MobileNetV2 exhibit greater versatility in managing the variability associated with
Parkinson’s disease progression, with Xception demonstrating particular robustness across
all evaluated scenarios.

Future research should explore advanced techniques, including data augmentation and
domain adaptation, to further improve model robustness. Evaluating these models on
multimodal datasets that integrate clinical and imaging data may provide deeper insights
into their practical applicability. Additionally, balancing computational efficiency with
classification accuracy will be critical for successful deployment in clinical or portable
settings.

4.11 Conclusion

4.11.1 Binary and multiclass classification analysis

This study demonstrates the feasibility of classifying groups based on spiral drawings
created with pen and paper by employing various convolutional neural network (CNN)
architectures. We developed a classification approach using CNNs to differentiate indi-
viduals with Parkinson’s disease (PD) from healthy controls (HC) without neuromuscular
impairments, yielding promising results. Among the models evaluated, Xception achieved
the highest performance in classifying both PD versus HC and the different Hoehn & Yahr
(H&Y) stages, as measured by accuracy and F1-score. These findings indicate that feature
extraction followed by classification using the Xception model provides the most effective
discrimination between groups.

4.11.2 Classification analysis using MDS-UPDRS

This study conducted a comprehensive evaluation of the MobileNetV2, Xception,
ResNet50, and VGG16 architectures across 18 distinct tasks related to tremors, move-

49



4.11. Conclusion

ments, and other motor and facial characteristics. The results demonstrate that neural
network performance varies significantly depending on the specific task, with ResNet50
emerging as the most robust model—particularly excelling in tremor and rigidity classi-
fication.

While MobileNetV2 and Xception achieved competitive results across several domains
and VGG16 exhibited isolated strengths, the overall findings reinforce the superiority
of deeper and more advanced architectures in capturing complex biomedical patterns.
Nonetheless, certain tasks—especially speech, facial expression, and pinching—remain
particularly challenging, underscoring the need for continued advancements in model ar-
chitectures and dataset quality.

The analysis revealed a consistent trend across tasks: extreme classes, such as total
absence or maximum severity of a condition, are classified with higher accuracy, whereas
intermediate stages pose significant challenges. This pattern highlights the inherent dif-
ficulty of fine-grained biomedical classification and the necessity for models capable of
discerning subtle variations.

Moreover, visual representations in Figures 4.14 through 4.13 provide a comprehensive
overview of model behavior. Figures 4.14–4.12 (radar plots) illustrate the performance
distribution of each architecture across tasks, while Figure 4.13 presents comparative
performance through statistical bar charts. These figures corroborate the quantitative
findings and offer valuable insights into the strengths and limitations of each model.

These results align with prior literature, including Milken (18), which emphasizes the
strategic significance of deep learning in biomedical applications. The strong performance
of ResNet50 in tremor- and rigidity-related tasks supports its potential clinical relevance,
while variability observed in speech and grip tasks reflects interindividual differences noted
in previous studies.

Future work should prioritize the development of more balanced and diverse datasets,
the incorporation of advanced learning techniques such as data fusion, and the adaptation
of models to better accommodate interindividual variability. Such improvements are
essential to enhancing the reliability and practical applicability of deep learning solutions
in healthcare.

4.11.3 Classification analysis for monitoring handwritten spirals

The comparative analysis of deep neural networks (VGG16, Xception, ResNet50, and
MobileNetV2) for classifying spiral drawings into Parkinson’s disease (PD) and control
groups highlights the strengths and limitations of each architecture. Xception emerges
as the most robust model, consistently demonstrating superior generalization across both
training and test datasets and yielding high F1-scores for both control and PD groups.

Its ability to capture complex data patterns renders it a strong candidate for real-world
applications, particularly in scenarios requiring reliable discrimination across stages of PD
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progression. ResNet50 exhibits excellent training performance but suffers from overfit-
ting, limiting its effectiveness on unseen data. MobileNetV2 shows promise in contexts
prioritizing computational efficiency and robustness, especially under more challenging
PD-related conditions; however, its overall performance is constrained by its lightweight
architecture. In contrast, VGG16, while consistent, underperforms relative to the other
models, making it a less suitable choice for this classification task.

This study underscores the necessity of balancing precision, generalization capacity,
and computational efficiency when selecting models for clinical applications. Practical
deployment decisions should consider factors such as resource availability, dataset hetero-
geneity, and real-time processing requirements.

Future research should investigate strategies including regularization, fine-tuning, and
ensemble learning to enhance model robustness and mitigate overfitting. Additionally,
assessing these architectures using multimodal datasets and diverse experimental condi-
tions will yield a more comprehensive understanding of their applicability for diagnosing
and monitoring Parkinson’s disease.
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Future studies

This procedure was developed during the author’s master’s studies with the aim of
establishing methodologies for alternative analyses of motor symptoms in Parkinson’s dis-
ease, using a consistent form—the spiral, whether drawn or performed as a movement—as
the basis for evaluation. In addition to its practical contributions, this work also lays the
groundwork for the expansion of an existing theoretical framework on the assessment and
motor representation in neurodegenerative conditions.

Future research aims to further develop and refine this framework, incorporating new
tools and analytical perspectives. In this context, the present protocol aims to help iden-
tify possible directions for future research that can contribute not only to methodological
innovation but also to the theoretical advancement of models related to the analysis of
motor symptoms in Parkinson’s disease.

5.1 General conclusions of the study

This study aimed to investigate the feasibility of employing spiral-based motor assess-
ment techniques to analyze motor symptoms in Parkinson’s Disease (PD) through the
application of machine learning algorithms, particularly convolutional neural networks
(CNNs). The proposed methodology was evaluated across different classification scenar-
ios, including distinguishing individuals with PD from healthy controls (HC), classifying
disease stages based on the Hoehn & Yahr (H&Y) scale, and analyzing specific tasks
related to the MDS-UPDRS motor score.

Regarding the first specific objective—to evaluate whether different machine learn-
ing architectures exhibit significantly different performance—the results supported this
hypothesis. The Xception architecture consistently achieved superior performance across
multiple tasks. In contrast, networks such as ResNet50, MobileNetV2, and VGG16
demonstrated variable results depending on the classification task and its inherent com-
plexity.

For the second objective, which aimed to examine the relationship between clinical
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scores (MDS-UPDRS) and spiral-based motor assessments, the findings revealed coher-
ent performance patterns in tasks associated with motor symptoms such as tremor and
rigidity. Although a formal statistical correlation analysis was not conducted, the model
accuracies in symptom-specific tasks suggest a promising link between spiral-derived fea-
tures and the clinical severity captured by MDS-UPDRS scores.

Concerning the third objective—to investigate the feasibility of using spiral draw-
ings as a tool for monitoring PD progression—results from longitudinal data collections
and generalization experiments suggest that spiral trajectories hold potential as digital
biomarkers. The robustness of certain architectures, particularly Xception, across multi-
ple sessions reinforces this perspective.

Despite the encouraging results, several limitations must be acknowledged. The
most critical limitation lies in the limited size and diversity of the sample, which may
constrain the generalizability of the findings to broader clinical populations. Additionally,
the models demonstrated difficulty in accurately classifying intermediate disease stages,
underscoring both the clinical complexity of PD and the challenges faced by deep learning
models in nuanced biomedical tasks. Furthermore, the absence of external validation using
data from other institutions or recording devices constitutes a significant limitation that
future research should address.

In conclusion, the objectives set out in this study were successfully achieved. The
findings demonstrate the feasibility and clinical relevance of using CNNs applied to hand-
written spirals for the assessment and monitoring of Parkinson’s Disease. This research
contributes not only to methodological development but also to the theoretical under-
standing of motor symptom representation in neurodegenerative disorders.

5.2 Image patterns

5.2.1 Handwritten spiral images

Participants will receive oral instructions regarding the experimental procedures. They
will be instructed to remain seated in a comfortable chair, with their lower extremities
resting on the floor and their torso supported in an upright position. Subsequently,
participants will be provided with a document detailing the activities to be completed,
which will be affixed to the table using tape. Video recordings of the writing process
will be captured to facilitate subsequent analysis of hand movements. Recordings will be
made using a stabilized cell phone camera.

The collected data will be digitized for analysis. The experimental tasks include:

• Part B: Replication of sinusoidal and spiral forms, alternating the orientation of
the initial movement as indicated by an arrow in the pattern presented to the
participant. Each shape will be replicated five times using the dominant hand.
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• Part D: Reproduction of spirals within areas defined by reference spirals. This
task will be performed with both the left (L) and right (R) hands, in clockwise (H)
and counterclockwise (AH) directions. The spirals contain dots (.) indicating the
starting and ending points of the curves.

To standardize the writing instrument and surface, a BIC BLUE CRYSTAL pen with
a 1 mm ballpoint tip and white A4 paper will be used.

5.2.2 Digital tool using mouse for spiral drawings images

The same set of tests described in AM5 (Parts A to D) will be replicated in a vir-
tual environment using a computer mouse. Participants will be instructed to sit in a
comfortable chair, with their lower limbs resting on the floor and their torso upright and
supported. To perform the task, participants will rest their dominant forearm on a table
and position their hand to operate the mouse.

Prior to the test, participants will receive instructions on how to perform the activities
using an application designed to capture mouse coordinates. The mouse employed will be
a standard model, such as the Logitech M90 USB, featuring an ambidextrous design, plug-
and-play functionality, dimensions of 10.6 × 14.2 × 4.4 cm, and a weight of approximately
100 g. The task will be conducted using a monitor of at least 19 inches to maintain
consistency with the measurements used in both real and virtual environments.

Mouse coordinate data and computer screen recordings will be collected and stored
for subsequent analysis. The tasks to be performed include:

• Part B: Reproduction of sinusoidal and spiral shapes, alternating the direction
of the initial movement as indicated by an arrow in the pattern presented to the
participant. Each shape will be reproduced five times using the dominant hand.

• Part D: Reproduction of spirals within areas defined by reference spirals. This test
will be conducted with both the left (L) and right (R) hands, in clockwise (H) and
counterclockwise (AH) directions. The spirals contain dots (.) marking the starting
and ending points of the curves.

5.2.3 Spiral drawings using laser

In this test, the participant is instructed to trace a spiral model displayed on a screen
using a red laser pointer. The objective is to assess motor symptoms associated with
Parkinson’s disease by capturing the trajectory of the laser as it follows the spiral fixed to
a surface. Movement data will be recorded using an inertial sensor placed on the dorsum of
the hand, alongside two standard cameras (e.g., smartphone cameras) positioned behind
the participant and laterally to the hand.
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ID participante ID do avaliadorID do local de coleta Data da avaliação
dd     mm     aaaa

Horário da avaliação
hh   :  mm  :   ss

: :

Parkinson Brasil
Base de Dados sobre Aspectos Motores e Não Motores da Doença de Parkinson no Brasil

AM5: Parte B - Execução de desenhos em papel

¹Este teste deve ser realizado apenas com a mão dominante
²As setas indicam a origem do desenho

As setas indicam a origem do desenho

RESULTADO DA AVALIAÇÃO

Predominância de desenhos regulares

Observou-se lentidão na execução

Predominância de desenhos irregulares

O participante não conseguiu executar

DireitaMão utilizada: Esquerda

Part B.

ID participante ID do avaliadorID do local de coleta Data da avaliação
dd     mm     aaaa

Horário da avaliação
hh   :  mm  :   ss

: :

Parkinson Brasil
Base de Dados sobre Aspectos Motores e Não Motores da Doença de Parkinson no Brasil

AM5: Parte D - Execução de desenhos em papel

RESULTADO DA AVALIAÇÃO

Predominância de desenhos regulares

Observou-se lentidão na execução

Predominância de desenhos irregulares

O participante não conseguiu executar

DireitaMão utilizada: Esquerda

HorárioSentido: Anti-horário

¹Este teste deve ser realizado com ambas as mãos e ambos sentidos

²O participante deve fazer uma curva ligando os pontos indicados e dentro
da região delimitada pela espiral

Part D.

Figure 5.1 – Handwritten spiral protocol.

Participants will be seated comfortably in a chair with a spiral drawing affixed directly
in front of them. They will hold the laser pointer with the dominant arm extended and
supported, executing the tracing movement primarily through wrist motion. An armrest
will be provided to facilitate isolation of wrist movement.

Figure 5.2 illustrates the participant’s positioning and the setup during the experi-
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Front view

Side view

Figure 5.2 – Spiral drawings using laser protocol.

ment. Participants will be instructed to perform the task continuously at a natural and
comfortable pace. The tracing protocol consists of three phases: (i) tracing the spiral
contour from the center outward (increasing radius); (ii) tracing the contour in the re-
verse direction, from the outer edge inward (decreasing radius); and (iii) upon returning
to the center, maintaining a static position for 20 seconds to record rest activity.
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Glossary

Archimedes’ Spiral

It is a plane curve generated by a point moving away from or approaching a fixed
point at a constant rate, while the radius vector of the fixed point rotates at a
constant rate.

Dopamine

A compound present in the body as a neurotransmitter that is produced in the
substantia nigra, ventral tegmental area, and hypothalamus of the brain.

Hoehn and Yahr scale

A scale for assessing the disability of individuals with PD capable of indicating their
general condition quickly and effectively.

MDS-UPDRS

MDS-UPDRS is a revision of the Unified Parkinson’s Disease Rating Scale (UPDRS)
originally developed in the 1980s. Addresses several problematic areas of the original
scale identified by an MDS review task force. The MDS-UPDRS was developed to
evaluate various aspects of Parkinson’s disease, including motor and non-motor
experiences of daily living and motor complications. It includes a motor evaluation
and characterizes the extent and burden of disease across various populations. The
scale can be used in a clinical setting and in research.

Spiral Analysis

It is a clinical component useful for supporting or depressing the motor, detecting
and monitoring motion disturbances.

UFU

Federal University of Uberlândia.
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Appendix 1

A.1 Environment for data collection

The experimental protocol involved a paper-and-pen test, with the paper positioned
on a table directly in front of the participant, as illustrated in Figure 9. The test com-
prised five spirals and five sinusoidal waves, which the participant was instructed to draw
continuously from left to right without pausing until the entire sequence was completed
(see Figure A.1).

This procedure was repeated monthly over a twelve-month period, enabling longitu-
dinal monitoring of changes in drawing patterns. At the conclusion of each session, all
completed test sheets were labeled and prepared for scanning.

During the initial session, the Movement Disorder Society-Unified Parkinson’s Dis-
ease Rating Scale (MDS-UPDRS) Part III and the Hoehn & Yahr (H&Y) scale were
administered following the drawing protocol.

Post-scanning, the images were processed using CorelDRAW software. Each spiral was
individually isolated and standardized into separate image files. Minor retouching was
applied to correct distortions without modifying or compromising the original drawings,
ensuring the integrity of the data for subsequent machine learning analysis.
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A.1. Environment for data collection

Figure A.1 – Example of the instrument used for data collection and a typical data sample
(on the right) obtained from a person with Parkinson’s disease.
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Appendix 2

This appendix compiles the supplementary materials generated during the course of
this dissertation.

B.1 Codes for the analysis

The files include a subset of the anonymized data collected and the script developed
for the analysis of inter-examiner agreement. The code, written in R, along with the data,
is available at:

Henrique Bernardes Caetano, P. Andrade, A. (2025). Binary and Multiclass Classi-
fication codes. Zenodo. https://doi.org/10.5281/zenodo.15643538

B.2 Open access database

Researchers may utilize the open-access database available via the following DOI to
facilitate the development of novel innovations aimed at improving the quality of life for
individuals with Parkinson’s disease. Contributions to the ongoing research conducted
by the Centre for Innovation and Technology Assessment in Health (NIATS) are also
encouraged. Access to the data reported in this study is restricted and managed through
Zenodo. Interested parties must submit a request via Zenodo, which will be evaluated
based on its justification before access is granted.

DOI = https://doi.org/10.5281/zenodo.13891806
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