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Abstract—Parkinson’s disease ranks as the second most
common neurodegenerative disorder, affecting approxi-
mately one million people in the United States and result-
ing in approximately $52 billion in annual healthcare costs.
Conventional diagnostic methods for Parkinson’s, includ-
ing magnetic resonance imaging and dopamine transporter
scans, are both invasive and expensive. This paper presents
an automated approach for the diagnosis of Parkinson’s
based on the analysis of spiral drawing patterns using
deep learning. We utilized a publicly accessible dataset that
contains spiral drawings from both healthy subjects and
Parkinson’s patients. Classification models were developed
using the MobileNetV2 and ResNet50 architectures. Our
experimental results demonstrated that MobileNetV2, with
its lighter framework, achieved a test accuracy of 91%,
outperforming a more complex ResNet50 model. These
findings indicate that CNNs, particularly MobileNetV2,
provide a viable and less burdensome method for early
detection of Parkinson’s disease, potentially alleviating the
economic and physical impacts of traditional diagnostic
techniques. To our knowledge, this is the first study to
apply MobileNetV2 to coordinate-rendered spiral images
derived from digitized handwriting data for Parkinson’s
detection.

Index Terms—Parkinsons, convolutional neural net-
works, transfer learning, image classification

I. INTRODUCTION

Parkinson’s disease, the second-most common
neurodegenerative disorder after Alzheimer’s, af-
fects approximately one million Americans and ten
million individuals worldwide [1]. This disease re-
sults from the degeneration of dopamine-producing
neurons in the brain, leading to significant motor
symptoms such as tremors, rigidity, bradykinesia,
and postural instability, alongside non-motor symp-

toms including cognitive decline and mood dis-
orders [2]. The condition predominantly impacts
individuals over the age of 60, necessitating early
detection to mitigate its progression [3].

The economic burden of Parkinson’s is substan-
tial, with annual healthcare costs reaching nearly
$52 billion, influenced by both direct and indirect
costs [4]. The prevalence of Parkinson’s varies sig-
nificantly with population density; states with larger
populations like California and Texas report over
27,300 cases, whereas less populated states such
as Wyoming and North Dakota record fewer than
5,200 cases. The incidence rate shows a gender
disparity with a 3:2 ratio between biological males
and females, with about 90,000 new diagnoses each
year [5]. Statistical forecasts suggest an increase in
Parkinson’s cases to approximately 1.2 million by
2030 in the US alone, underscoring the growing
need for effective diagnostic and treatment strategies
[6].

The diagnosis of PD is primarily clinical, relying
on the identification of its cardinal motor symptoms:
tremor, rigidity, bradykinesia, and postural instabil-
ity. However, these symptoms often manifest after
substantial neurodegeneration has already occurred,
making early diagnosis difficult but crucial for man-
aging the disease effectively [7].

The diagnostic process for Parkinson’s disease is
both comprehensive and invasive, involving several
high-tech and costly procedures. Patients typically
undergo MRI brain scans to rule out other condi-
tions with similar symptoms, as well as Dopamine
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Transporter (DaT) Scans that assess dopamine levels
in the brain, crucial for diagnosing Parkinson’s due
to its association with dopamine-producing neuron
degeneration [8]. These diagnostic tools, while ef-
fective, are also expensive. MRI scans can cost sev-
eral thousand dollars, and DaT Scans are similarly
priced, often adding financial strain to the emotional
and physical toll on patients. Additionally, other
assessments such as motor function tests and phys-
ical exams further evaluate symptoms like tremors
and stiffness but also contribute to the overall cost
and duration of the diagnostic process. Similarly,
another tool for medical imaging (particularly for
Parkinson’s disease) is the PET scan, otherwise
known as the Positron Emission Tomography scan.
This process involves a radioactive drug that inter-
nally detects disease in patients which has proven
to be extremely invasive and costly over time [9].

Despite the availability of advanced diagnostic
tools like PET and MRI scans, their routine use in
diagnosing Parkinson’s disease (PD) is limited due
to high costs and accessibility issues. Diagnosing
PD continues to be challenging as it presents with
a wide array of symptoms that overlap with other
neurological disorders and progresses at varying
rates among individuals. Additionally, early non-
motor symptoms such as loss of smell, constipation,
and sleep disturbances are frequently overlooked
since they can be easily attributed to aging or other
common health issues.

In this study, we explore the potential of auto-
mated machine learning techniques to predict PD
based on handwriting analysis. Utilizing a spe-
cialized dataset obtained from the Department of
Neurology at Cerrahpasa Faculty of Medicine, Is-
tanbul University, this dataset includes handwriting
samples from 62 people with Parkinson’s and 15
healthy individuals [10]. By integrating these tests
with machine learning analysis, we aim to develop
a more accessible and cost-effective method for
early PD detection, potentially improving diagnostic
accuracy and patient outcomes.

II. RELATED WORK

Recent advances in computer vision and deep
learning have significantly revolutionized medi-
cal imaging, particularly enhancing the accuracy

and efficiency of diagnostics [11]. These ad-
vancements are especially notable in the multi-
faceted approaches to diagnosing Parkinson’s dis-
ease (PD), which leverage symptomatic data across
various modalities including speech, handwriting,
gait, EEG, and other physiological markers for early
detection and precise diagnostics [11]–[13].

One notable approach employs multimodal as-
sessments to diagnose Parkinson’s disease using
deep learning techniques that analyze movement
and speech patterns. Similar to the approach in this
study, these works utilize CNNs akin to ResNet50
and MobileNetV2, reinforcing the potential of ad-
vanced computational techniques in PD diagnosis
[11]. This aligns with the broader goals of the
present research, which explores automated methods
for PD detection through artistic outputs.

Further research has leveraged deep learning
to analyze the dynamics of handwriting in early
Parkinson’s detection, capturing subtle motor im-
pairments indicative of the disease. This method-
ology parallels the objectives of this study, which
focuses on extracting diagnostic insights from artis-
tic expressions. The application of deep learning
in these studies underscores its efficacy in deriving
accurate diagnostic conclusions through detailed
computational analysis [12].

Additionally, efforts have been directed to-
wards quantifying the severity of Parkinson’s dis-
ease through deep learning models. These projects
demonstrate the adaptability of deep learning in
evaluating PD progression and severity, contributing
significantly to ongoing research in disease manage-
ment [14].

Other initiatives have explored the use of deep
learning to interpret EEG signals for PD diagnosis,
showcasing the broad applicability of this tech-
nology across various data modalities. Although
focused on different types of data, these studies
highlight the potential of high-level computational
techniques to significantly enhance PD diagnosis,
complementing the objectives of this study, which
applies deep learning to analyze artistic outputs for
similar purposes [13].

Historically, PD diagnosis has relied on ex-
pensive and inconvenient methods, posing signifi-



cant challenges, particularly in developing regions.
However, recent advancements in machine learning
algorithms, such as Logistic Regression, Support
Vector Classification, K-Nearest Neighbor, and Ran-
dom Forest Classifier, have achieved impressive
classification accuracy rates of nearly 91 percent,
offering promising alternatives to traditional diag-
nostic approaches. Spiral drawing—a commonly
used diagnostic tool that often deteriorates early
in PD—holds significant potential as a marker for
disease progression. Quantitative analysis of these
drawings can highlight specific motor impairments
characteristic of PD, providing valuable insights into
disease severity and progression [15].

Further studies have shown that spiral drawings
can serve as effective pre-clinical markers for PD.
Quantitative analysis of these drawings highlights
specific motor abnormalities, supporting their use
as viable biomarkers for early PD detection [16].

A notable study using an automated deep learn-
ing approach to detect Parkinson’s disease utilized
the hand-drawn spirals and waves dataset from
2004, which consisted of sketches from 55 par-
ticipants [17], [18]. This dataset comprised pen-
cil sketches on white paper backgrounds. Transfer
learning with ResNet50 models was used to dis-
tinguish between healthy and Parkinson’s cohorts,
resulting in a performance of 96.67

Additionally, Muhammed Erdem Isenkul and
colleagues advanced PD monitoring through the use
of a digitized graphics tablet that collects compre-
hensive motor function data via handwriting tests.
Their study introduced the Dynamic Spiral Test
(DST), enhancing the conventional Static Spiral Test
(SST), to measure the impact of PD on handwrit-
ing capabilities. Conducted among PD patients and
healthy controls, their findings illustrated that com-
puterized tests can offer accurate, non-invasive diag-
nostic support and simplify the monitoring process.
Such innovations could potentially replace tradi-
tional, more laborious diagnostic methods, offering
significant benefits in environments where regular
clinical visits pose logistical challenges [19]. This
study leverages that innovative dataset to further
validate the effectiveness of automated PD detection
systems.

Specifically, the dataset [19] used in this research
contains the coordinates of drawings created by
patients, which were subsequently rendered into
2D plots for training deep learning models. This
methodology aligns with the approach described by
[18], but introduces distinct variations in both the
dataset used and the data modality. Unlike previous
work that utilized scanned images of pencil draw-
ings, this process involved converting coordinate
data directly into 2D images. Furthermore, this
study explores the efficacy of using the energy-
efficient MobileNetV2 architecture to assess the per-
formance of lighter models in accurately predicting
Parkinson’s disease.

III. METHODS AND MATERIALS

In this section, the research methodology im-
plemented to conduct the experiments is described.
This section begins with an overview of the dataset
used, followed by a description of the experimental
setup.

A. Dataset

The dataset used in this study was collected by
Muhammed Erdem Isenkula and colleagues [19] in
2009. It comprises handwriting data recorded using
the Wacom Cintiq 12WX, a device that combines
a graphics tablet with an LCD monitor. This tech-
nology enables the display of a computer’s screen
while simultaneously capturing interactions with a
digitized pen. The primary objective of this setup
was to assess motor coordination in individuals, par-
ticularly Parkinson’s disease (PD) patients, through
handwriting tasks.

The recorded data consists of several param-
eters: X, Y, and Z coordinates, pressure levels,
grip angle, timestamp, and test ID, all stored in
comma-separated values (CSV) format. The X and
Y coordinates were used to generate spiral draw-
ings, as shown in Figure 1, which served as the
primary input for the convolutional neural network
(CNN) models. The dataset was partitioned into
three subsets: 70% for training, 14% for testing, and
16% for validation.
The dataset used in this study, titled ”Improved
Spiral Test Using Digitized Graphics Tablet for



Monitoring Parkinson’s Disease”, is publicly avail-
able and can be accessed at: UCI Machine Learning
Repository.

(a) Healthy (b) Parkinson’s

Fig. 1: Spiral drawings samples from healthy and
Parkinson’s diagnosed patients

B. Methods
This study employs two pre-trained convolu-

tional neural network architectures—MobileNetV2
and ResNet50—to evaluate their effectiveness in
detecting Parkinson’s disease from spiral drawing
images. MobileNetV2 was selected for its compu-
tational efficiency and lightweight structure, making
it suitable for deployment on devices with limited
hardware. ResNet50 was chosen for its established
high performance across various image classifica-
tion tasks.

Both architectures were adapted by appending
a dense layer of 100 neurons with a ReLU ac-
tivation function, followed by a softmax output
layer to classify between healthy individuals and
Parkinson’s patients. Training involved experiment-
ing with epochs ranging from 10 to 50 and learning
rates between 0.00001 and 0.005. Hyperparameters
were tuned based on validation accuracy, and the
best-performing model for each architecture was
selected.

Finalized models were evaluated on a separate
test subset using performance metrics such as accu-
racy, precision, recall, and F1-score. These metrics
offer a comprehensive evaluation of the models’
diagnostic capabilities.

This methodological approach ensures a fair
evaluation of MobileNetV2 and ResNet50 as poten-
tial diagnostic tools in clinical settings, specifically

for detecting Parkinson’s disease through spiral
drawing analysis.

IV. RESULTS

In this section, we detail the results of our
empirical evaluation, where we compare the per-
formance of two distinct algorithms, MobileNetV2
and ResNet50, in the context of predicting Parkin-
son’s disease from spiral drawings. The primary
objective of this study is to determine whether
MobileNetV2, a computationally lighter model, can
match or exceed the performance of the more com-
plex ResNet50 model in this specific application.

The validation results of the MobileNetV2 and
ResNet50 hyperparameter tuning during the training
phase are shown in in Figure 2 and Figure 3,
respectively.

Fig. 2: MobileNetV2 Validation Results
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Fig. 3: ResNet50 Validation Results

Both models demonstrate high efficiency on the
task, with MobileNetV2 showing slightly more sen-
sitivity to initial learning rates, but quickly achiev-
ing high performance as training progresses. In con-
trast, ResNet50 displays more stability in different
learning rates, though it is not immune to perfor-
mance drops at higher rates and longer training
times.

From these results, it is evident that Mo-
bileNetV2, despite being a lighter model, can match
and occasionally exceed the performance of the
more complex ResNet50 in predicting Parkinson’s
disease from spiral drawings. This outcome suggests
that MobileNetV2 is not only computationally effi-
cient, but also highly effective for tasks requiring
high-precision pattern recognition, making it an
attractive option for real-world applications where
computational resources are limited.

The MobileNetV2 model that was trained with
a learning rate of 0.001 and 20 epochs was cho-
sen as the best model. In the case of ResNet50,
the model with a learning rate of 0.001 and 10
epochs was chosen as the best model. In the test

phase, MobileNetV2 achieved an accuracy of 91%,
with a weighted average precision of 0.92 and a
recall of 0.91. These results underscore the model’s
robustness and its ability to generalize well from
training to unseen real-world data, affirming the
validation findings. Conversely, ResNet50 demon-
strated an accuracy of 82% in the test phase, with
a lower average weighted precision of 0.67 and a
recall of 0.82. The disparity between the validation
performance and test results highlights potential
overfitting issues or a lack of generalizability to
new data, which was not as evident in the controlled
validation environment.

The test results, when compared with the valida-
tion accuracy, suggest that MobileNetV2 not only
outperforms ResNet50 in terms of computational
efficiency but also in overall predictive accuracy
and reliability when applied to new, unseen data,
as shown in Table I. The superior performance of
MobileNetV2 in both precision and recall metrics
indicates a more balanced model that is better suited
for practical applications in the medical diagnostic
field.

The experimental findings support our hypothesis
that a lighter model like MobileNetV2 can perform
at par with, and sometimes better than, a more
computationally intensive model such as ResNet50
in specific AI applications. This study underscores
the potential of employing lightweight models in
medical diagnostic applications, particularly in envi-
ronments where computational efficiency is impor-
tant. The discrepancies observed between validation
and test performances for ResNet50 also prompt a
deeper investigation into model training techniques
to enhance generalizability and prevent overfitting.

TABLE I: Weighted Average Precision, Recall and
F1 Score

Precision Recall F-1 Score
MobileNetV2 0.92 0.91 0.90

ResNet50 0.67 0.82 0.74

V. DISCUSSION

This section delves into the comparative anal-
ysis and implications of the experimental results
obtained from testing MobileNetV2 and ResNet50



in the detection of Parkinson’s disease using spiral
drawings. The core aim was to evaluate whether the
computationally lighter MobileNetV2 could achieve
comparable or superior performance to the more
complex ResNet50. The validation performance of
the two model architectures provides insights into
the model behaviour for this dataset.

The performance of MobileNetV2 varied signifi-
cantly with changes in the learning rate. At very low
learning rates (0.000001 and 0.00001), the model
showed poor performance during the initial epochs
but improved substantially as the number of epochs
increased. Specifically, the accuracy increased from
0.7692 to 0.8462 at a learning rate of 0.00001 over
50 epochs, illustrating the model’s capacity to adapt
and learn progressively over time, albeit slowly. The
model achieved optimal performance quite rapidly
at a learning rate of 0.001. By the 20th epoch,
the accuracy had reached 1.0, maintaining this level
consistently through the 50th epoch. This suggests
that a learning rate of 0.001 is effective for quick
convergence in tasks involving the detection of
Parkinson’s disease from spiral drawings. At higher
learning rates (0.01 and 0.05), although the model
quickly reached high accuracy, it showed signs of
instability in later epochs. For instance, while the
learning rate of 0.01 yielded perfect accuracy from
the 10th to the 30th epoch, there was a slight decline
to 0.9231 by the 50th epoch. At the highest tested
learning rate (0.05), the model’s performance was
erratic, peaking at 1.0 at the 20th and 30th epochs
but then dropping to 0.6154 by the 50th epoch. This
fluctuation suggests that while high learning rates
can accelerate the initial learning process, they may
adversely affect the model’s stability over longer
training periods. Across all learning rates, extending
the number of training epochs generally resulted in
improved performance or stabilization of accuracy.

The performance of ResNet50 at the lowest
learning rates (0.000001 and 0.00001) showed gen-
erally stable performance across the epochs, main-
taining an accuracy around 0.8462, with a notable
exception at 50 epochs where accuracy significantly
dropped to 0.1538. This indicates that while low
learning rates ensure model stability up to a point,
they might contribute to underfitting, particularly
over extended training periods. At moderate to high

learning rates (0.0001 to 0.01), the model gener-
ally performed better, reaching optimal accuracy
(1.0) at a learning rate of 0.001 from the 10th

epoch onward. Notably, at a learning rate of 0.01,
the model achieved perfect accuracy by the 20th

epoch and maintained this performance through the
40th epoch. The highest learning rate tested (0.05)
showed a decline in model performance over time,
with accuracy dropping significantly after the 20th
epoch, suggesting that while higher learning rates
can initially accelerate learning, they may lead to
instability or overfitting as training progresses. The
fluctuating accuracies, particularly noted at extreme
learning rates, indicate potential issues with model
reliability and generalizability.

Both MobileNetV2 and ResNet50 models dis-
played sensitivities to varying learning rates during
hyper-parameter tuning, showing a pattern in which
they performed optimally at certain rates but ex-
hibited signs of instability or underfitting at oth-
ers. MobileNetV2 achieved high accuracy swiftly
at a moderate learning rate of 0.001, maintaining
perfect accuracy from the 20th epoch onward. It
also demonstrated the ability to progressively learn
at very low learning rates, albeit at a slower pace.
In contrast, ResNet50 reached optimal performance
earlier, starting from the 10th epoch at the same
learning rate of 0.001, which underscores that both
models are capable of rapid convergence when
tuned correctly.

However, at the extremities—both the lowest
and highest learning rates—the models encoun-
tered challenges. MobileNetV2 showed instability
in the later epochs at high rates, while ResNet50
experienced a significant performance drop at the
50th epoch at the lowest rates, suggesting under-
fitting. Furthermore, while both models achieved
high accuracy, MobileNetV2 exhibited a decline in
later epochs at elevated learning rates, indicating
a nuanced difference in handling extreme training
conditions.

These observations highlight that although both
architectures are capable of achieving high perfor-
mance, their responses to hyper-parameter adjust-
ments vary, impacting their stability and reliability
over extended training periods. This differential
behavior suggests that careful calibration of learning



rates is crucial for optimizing each model’s perfor-
mance.

In testing, MobileNetV2 recorded an accuracy of
91%, with a weighted average precision of 0.92 and
a recall of 0.91, emphasizing the model’s robustness
and its capacity to generalize effectively from train-
ing to unseen real-world data. In contrast, ResNet50
demonstrated an accuracy of 82% during the test
phase, with a lower average weighted precision of
0.67 and a recall of 0.82. The notable disparity
between validation performance and test results for
ResNet50 suggests issues with generalizability to
new data, which were less apparent during the
controlled validation phase. This divergence in test
performance further illustrates the critical impor-
tance of rigorous testing under varied conditions.

Ultimately, the results from both models con-
tribute to a broader understanding of how different
deep learning architectures can behave differently
for the same hyper-parameter values. The results
also emphasize the need for ongoing research to
refine these models, enhance their generalizability,
and ensure they can be deployed reliably in real-
world diagnostic settings.

VI. CONCLUSION

In conclusion, this study has demonstrated that
convolutional neural networks, particularly the Mo-
bileNetV2 model, can provide a viable, non-invasive
alternative for the early detection of Parkinson’s
disease using spiral drawing analysis. The experi-
ments conducted reveal that MobileNetV2, with its
lighter architecture, not only achieves high accuracy
but also outperforms the more complex ResNet50
model in specific test scenarios. These findings are
significant as they suggest that the efficiency and
accuracy of MobileNetV2 can potentially reduce
the economic and physical burdens associated with
traditional, more invasive diagnostic methods.

Furthermore, the sensitivity of both models to
different learning rates highlights the importance of
careful hyper-parameter tuning in achieving optimal
performance. While MobileNetV2 generally showed
greater stability and higher performance at moderate
learning rates, ResNet50 required precise adjust-
ments to avoid underfitting or overfitting, under-

scoring the different approaches needed for different
architectures.

By integrating such AI-driven tools, healthcare
providers can achieve earlier and more accurate
diagnoses, which is crucial for the effective manage-
ment and treatment of Parkinson’s disease. Moving
forward, further studies are recommended to ex-
plore the integration of these models into real-world
clinical settings, assessing their performance across
broader datasets and diverse patient demographics
to validate their practical utility and robustness.

Code Availability

The code used in this study will be made avail-
able upon request.
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