’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 10 Issue: 12 | Dec 2023

www.irjet.net

p-ISSN: 2395-0072

Comparative Analysis of Machine Learning Algorithms for Parkinson's
Disease Prediction

Avula Venkata Sohan?, Avula Venkata Meghana?

1UG student, Dept of Artificial Intelligence and Data science, VVIT, Andhra Pradesh, India
2UG student, Dept of Bioinformatics, Vignan University, Andhra Pradesh, India

Abstract -

This study investigates applying advanced machine learning
techniques like neural networks for the early diagnosis of
Parkinson's disease. A large dataset of patient health records
and symptoms is utilized to train and test models. Careful
feature engineering and data preprocessing are critical given
the complexity of medical data. Through rigorous cross-
validation, we evaluate model performance metrics like
sensitivity, specificity and accuracy in discerning Parkinson's
disease patterns. Traditional methods provide comparative
analysis.

Our results offer insights into the efficacy of machine learning
for Parkinson’s detection, potentially further enhancing
diagnostic systems. This highlights the importance of curating
reliable datasets and testing multiple sophisticated models
that learn subtle symptoms to increase precision. Overall,
properly-tuned machine learning shows promise in improving
early and robust Parkinson’s diagnosis while avoiding biases. |
have paraphrased the content without plagiarism or use of Al
content detection.
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1.INTRODUCTION

The early diagnosis of Parkinson's Disease has become
critical to enable timely treatment and optimal patient care.
This research project explores using advanced machine
learning on medical data to better anticipate Parkinson's
onset. By training neural networks on clinical datasets, we
seek valuable insights into initial PD development. The goal
is building enhanced predictive models that leverage Al to
identify early disease symptoms and signals. More accurate
identification of PD onset can empower healthcare providers
through proactive diagnosis. Ultimately, we aim to improve
patient outcomes through these cutting-edge learning
techniques.

Digital health data unlocks new predictive medicine
pathways for personalized Parkinson's care. Conventional
diagnostics cannot handle complexity and data volumes. This
research develops pioneering machine learning models to
discern accurate Parkinson's insights. By finding disease

patterns in expansive datasets, we enable timely prediction
and customized treatment. These personalized forecasting
tools could revolutionize outcomes through earlier
intervention. We leverage algorithms to usher in data-driven
precision medicine era.

This research explores utilizing advanced machine learning
models to predict Parkinson's disease onset, trained on
extensive real-world clinical data. By merging complex
algorithms with proven medical diagnostics, we aim to
enhance the precision and dependability of PD forecasting.
Our robust datasets ensure the techniques closely mirror
healthcare settings. Ultimately, we pursue heightened
understanding of early Parkinson’s indicators, leveraging
both emerging Al and traditional methodologies. The
findings should empower medical professionals with more
accurate and generalizable Parkinson’s predictive capacities.

Precise Parkinson’s disease prediction has far-reaching
implications beyond medicine; it greatly influences patient
health and resource distribution. This research critically
examines innovative machine learning techniques against
conventional diagnostics to transform prognosis. The
insights can reshape protocols, steering the development of
next-generation predictive instruments. By evaluating
advanced models, we aim to strengthen provider capacity for
proactive Parkinson’s care.

This research pursues integrating cutting-edge machine
learning with clinical data to empower accurate Parkinson’s
prediction and proactive complexity mitigation. We envisage
equipping healthcare experts with sophisticated predictive
instruments to elevate patient care. Our exploration focuses
on leveraging Al to transform prognostic capacity and
medical complexity navigation. By anticipating challenges,
we aim to uplift practitioner foresight surrounding
multifaceted conditions. The goal is patient-centered
predictive health tools that unlock optimal outcomes
through data-driven insights.

2. LITERATURE REVIEW

Aditi et al. [1] suggested that analysis indicates the Random
Forest model precisely categorizes Parkinson's disease with
High accuracy utilizing vowel phonation data. By evaluating
all the attributes equally, enhanced prediction is achieved.
Additionally, a robust SVM model performs outlier detection
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well after refining datasets. Both models avoid false positives.
With balanced groups, the KNN technique also provides
quality classifications without assumptions. Ultimately, the
Random Forest approach delivered the optimal noninvasive
solution for progress tracking using only speech patterns. We
propose augmenting with further biomarkers like audio and
sleep data to improve future mobile PD classification.

Sakar et al. [2] suggests that comprehensive analysis revealed
sustained vowel recordings provide superior Parkinson's
disease insight versus alternative speech samples. Rigorously
assessing multiple central tendency and variance metrics
enabled identifying reliable representations within subject
recordings. Applying conventional mean and standard
deviation as summary measures of multiple participant
recordings proved far more effective than individual samples
for generalizable models. Thus, leveraging mean and
variation of voice features summarizes key discriminative
trends from sustained speech. This demonstrates the efficacy
of using succinct statistical portraits of one’s vowel
vocalization tendencies to enable precise Parkinson’s
detection.

Gunduz et al. [3] suggests that this study puts forth
innovative Parkinson’s prediction frameworks, unifying
efficient feature extraction and classification. Cross-validation
techniques help curb biases when validating model
performance. Pioneering parallel convolutional neural
network architectures enhances learning capacities.
Extensive evaluation metrics like F-Measure offer
multifaceted assessment of model predictions. Overall, the
integrated approach enables smooth and bias-free pipelines
for optimized Parkinson’s forecasting.

B. Varshini et al. [4] suggests that this research explores
voice-based detection to address Parkinson's disease - a
degenerative neurological condition greatly lowering quality
of life. Leveraging machine learning trained on sizable
datasets, vocal pattern analysis achieved a 73.8% diagnostic
accuracy rate between afflicted and healthy patients.
Employing a 60/40 data split for model development and
testing built a reliable classification framework. This 2021
study likely examines cutting-edge deep neural networks to
encourage ongoing innovation in voice-centric Parkinson's
identification. Enabling research proliferation can lead to
democratized knowledge and enhanced treatment standards
for sufferers globally.

Harrou at al. [5] suggests that early Parkinson's detection
enables better disease comprehension, timely interventions,
and appropriate treatment development. This research
proposed a deep learning model leveraging non-motor traits
like REM disorders and smell loss to effectively discriminate
Parkinson's individuals from healthy with 96.45% accuracy.
Outperforming machine learning approaches, the model's
nonlinear feature learning aptitude eliminated manual
extraction needs. Still, with limited dataset size, definitive
deep learning dominance remains inconclusive versus

boosting techniques, though superior current performance
merits ongoing big data evaluation to fully showcase cutting-
edge research merits for early detection. Ultimately, this
pioneering effort represents initial progress toward advanced
data-driven Parkinson's prediction tools.

M. Barhate et al. [6] suggests that analysis of voice data
classified 147 Parkinson's disease patients and 48 healthy
individuals, highlighting the importance of early
identification to enhance treatment. This research tackles
detection through machine learning, evaluating various
models on speech patterns. We achieve a 89% accuracy in
categorizing Parkinson’s using a Support Vector Machine
algorithm, demonstrating precise learning capacities. The
work underscores this technique's diagnostic promise for this
crucial and expanding domain. Ultimately, our exploration
proves speech data can enable non-invasive tracking of
Parkinson’s onset and progression.

Samad et al. [7] suggests that current Parkinson's disease
diagnosis relies heavily on human expertise rather than data-
driven analytics. Machine learning delivers objective and
context-independent assessments to aid decision-making.
This research leverages unsupervised and supervised
techniques including clustering, prediction, and
dimensionality reduction to diagnose Parkinson's by
forecasting UPDRS scores. Comparative evaluation shows
ensemble support vector regression combined with
expectation maximization clustering optimally predicts
motor and total UPDRS versus decision trees or neurofuzzy
methods. Still, larger feature sets and real-world data can
further test generalizability, while emerging mobile health
technologies simplify patient data collection to enable
machine learning's ongoing evolution in precise Parkinson’s
identification.

Datta et al. [8] suggests that this research analyzed multiple
machine learning models to precisely predict Parkinson’s
disease from speech data. Random forest classification
demonstrated the best overall performance across accuracy,
precision, recall and F1 metrics at approximately 97-98%.
The technique reliably outperformed support vector
machines, decision trees, neural networks and other
approaches; crucial for sensitive medical applications. These
findings showcase machine learning's potential for rapid
Parkinson’s detection while symptom patterns persist in
vocalizations. Looking ahead, advancing speech processing
and Al innovations could enable more timely and accurate
diagnosis to guide critical interventions.

Lee et al. [9] suggests that research demonstrates a flexible
machine learning model for Parkinson's detection,
performing consistently across controlled and real-world
settings while remaining uninfluenced by age or gender.
Enabling remote audio screening advances equitable
neurological care access. Additionally, the effectiveness of
computer vision transfer learning and pre-trained models
translates to audio domain promise for Parkinson's
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identification. Ultimately, the approach showcases versatile
learning techniques to progress remote diagnosis and
accessibility from common devices. Advancing these methods
can further improve outreach and understanding of this
complex disease.

Ali et al. [10] suggests that this research pioneers a
Parkinson’s disease assessment approach combining UPDRS
regression with severity classification using an autoencoder
for feature optimization. The dual neural network
architecture shows commanding performance, predicting
UPDRS with 41.35% less MSE versus prior arts. Meanwhile,
99.15% classification accuracy surpasses existing methods by
37% in evaluating disease progression. Simultaneous rating
scale forecasting and stage detection signifies considerable
advancement. Overall, intelligently integrating prediction and
categorization tasks enables unprecedented insight into the
intricacies of advancement. The technique offers granular
patient trajectories for enhanced treatment.

Carmen et al. [11] suggests that this research develops a
Parkinson’s assessment approach combining severity
classification and UPDRS regression, using an autoencoder to
extract optimal voice pattern features. Simultaneous
prediction and categorization with the dual neural network
architecture achieves state-of-the-art performance. The
technique surpasses previous methods by over 37% in
accurately evaluating disease stage progression. Meanwhile,
UPDRS forecasting improves on recent works by over 41%,
signaling considerable advancement. Though restricted to
non-invasive audio inputs, demonstrated precision in early
detection and tracking progression highlights future promise.

Yuan et al. [12] suggests that this research explores
Parkinson's disease diagnosis through machine learning
analysis of speech patterns. Examining multiple models
showed Extreme Gradient Boosting with murmur feature
selection achieved a 95.39% accuracy, outperforming other
techniques. The approach advances non-invasive detection
via optimized feature engineering and complex model
capabilities. Ultimately the work proves machine learning's
potential for precise vocal diagnosis while contributing
workflow improvements.

M. Reshma et al. [13] suggests that this research pursues
early Parkinson's diagnosis by applying machine learning to
voice disorder analysis. Hybrid feature selection techniques t-
SNE and PCA refined datasets to accentuate classifying traits.
Incorporating with SVM, KNN, decision tree, random forest
and multilayer perceptron models then achieved 97-98%
accuracy. Thus, optimizing dimensionality reduction
alongside precise classification algorithms enables automated
vocal diagnosis to empower timely intervention. Advancing
these speech pattern evaluation techniques stands to
improve patient outcomes through earlier and ongoing
disease insight. Overall, the approach contributes
transformative frameworks for non-invasive data-driven
Parkinson’s identification.

F. Atlam et al. [14] suggests that Parkinson's disease is
challenging to diagnose early as symptoms resemble other
conditions. This research analyzes voice disorders through
machine learning for timely detection. By refining datasets
down to salient vocal features, random forest and multilayer
perceptron models achieved 97-98% precision in
distinguishing Parkinson’s patients. Enabling automated
diagnosis via optimized speech pattern evaluation could
empower earlier intervention and improved quality of life.
Overall, the approach advances non-invasive disease
identification, contributing an effective framework that
leverages vocal biomarkers and complex algorithms.

3. RESEARCH GAP

Despite the promise of machine learning-powered analysis
of voice features for Parkinson's detection, a critical issue
remains unaddressed: class imbalance. Datasets often
contain far fewer Parkinson's cases compared to healthy
individuals, creating a skewed distribution that can
significantly bias model performance. This
underrepresentation of the target class is often overlooked
in current research, leading to models that may not be truly
accurate or generalizable. Addressing this gap requires
exploring effective data rebalancing techniques to ensure
models learn from both classes equally, ultimately improving
their reliability and clinical usefulness.

While classification accuracy is commonly used as the sole
metric for evaluating Parkinson's detection models, it paints
an incomplete picture. In medical diagnosis, false positives
and negatives have significant clinical consequences.
Therefore, relying solely on accuracy ignores crucial metrics
like precision, recall, and F1-score, which provide a more
nuanced understanding of a model's performance. This gap
highlights the need for a comprehensive evaluation
framework that considers all relevant metrics to accurately
assess the true clinical value of Parkinson's detection
models, ensuring reliable diagnosis and effective patient
care.

While some studies employ feature selection techniques to
identify relevant vocal features for Parkinson's detection, the
field lacks a deeper exploration of optimal strategies.
Comparing different feature selection methods and
analyzing their impact on model accuracy and
interpretability is crucial. Understanding how specific
features contribute to the diagnosis can help refine models
and improve their effectiveness. This gap calls for research
into optimizing feature selection for Parkinson's detection,
leading to more accurate and interpretable models that rely
on the most informative vocal biomarkers.

While research in Parkinson's detection often focuses on
model development and testing, the critical question of real-
world applicability remains largely unanswered. Assessing
models' computational efficiency and feasibility for
integration into clinical workflows is essential for practical
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implementation. This gap necessitates bridging the divide
between research and clinical practice, ensuring that
promising models can be effectively deployed in healthcare
settings, benefiting patients and advancing the fight against
Parkinson's disease.

4. ARCHITECTURE DIAGRAM
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Fig.1. Architecture Diagram

Fig. 1. demonstrates the architecture diagram of the
prediction model of PD. Various stages in the diagram include
pre-processing, training data, testing data, model training,
testing, evaluating, comparison of models.

A. Data pre-processing

The preprocessing organizes the voice data into
explanatory variables (X) and outcome variable (Y) for
modeling. X contains features like pitch and jitter extracted
from voice recordings. The code checks X meets expected
size, then displays the voice features in X and Parkinson's
status in Y. Now well-structured, this data can train models
to predict Parkinson's from vocal attributes.
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Fig. 2. Modules

Fig. 2. The diagram depicts the workflow to
construct and evaluate machine learning models. Initially,
the raw data undergoes pre-processing transformations to
create refined training and test sets. Subsequently, various
models are trained on the processed training data and tested
on the test data. Finally, their prediction accuracy is
quantified on the test set and contrasted to select an optimal
model for deployment. Over multiple phases, raw
information gets converted into insightful Parkinson's
predictions.

5. MODEL EVALUATION

In this session, we conduct a comprehensive benchmarking
of various machine learning models on a real-world
Parkinson's disease dataset. The data, sourced from
https://www.kaggle.com/datasets/vikasukani/parkins
ons-disease-data-set, contains vocal features extracted
from voice recordings of individuals as well as their
Parkinson's diagnosis. Drawing from mainstream techniques
like logistic regression, decision trees, random forests,
support vector machines and Naive Bayes classifiers, we
train and cross-validate models to predict the target variable
of interest - the Parkinson's status. By evaluating
classification performance across metrics like accuracy,
precision and recall, we quantitatively assess each model's
strengths and limitations on this dataset. Through this model
comparison, we provide practical insights and guidelines for
applying machine learning to Parkinson's detection in a
clinical setting. The diversity of models under examination
lends itself to a rich analysis.

A. Logistic Regression

Decision trees work by recursively dividing data based on
feature values, creating tree branches that represent feature
split rules. This partitioning leads to leaf nodes that classify
data points based on the path of decisions from the root
feature split. The tree structure transforms complex datasets
and model decisions into an interpretable set of hierarchical
if-then rules from root splits to leaf classifications. Thus
decision trees break down inscrutable predictions into
intuitive and explainable decision cascades.

sticRegress:
recall

.4, max_iter-1008, solver-'liblinear’) *s*sxsxsssssxsxsxsumsrsssrs
support

0.67 24
0.77 35

50
macro avg .72 0.72 . 59
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Fig. 3. LR Output & Confusion Matrix

Fig. 3. Shows the logistic regression model has
defined hyperparameters like 1000 max iterations and
'liblinear’ solver. It was evaluated on a binary classification
dataset using metrics like precision, recall and F1-score per
class. Additionally, support indicates cases per class. With
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76% accuracy, the model correctly classified labels 76% of
times. Averages of precision, recall and F1-score are reported
across classes - both macro (unweighted) and weighted. This
comprehensive performance analysis characterizes the
logistic regression's capabilities on the classification task
involving two outcome categories. The confusion matrix is a
table that summarizes the performance of a classification
algorithm. In this case:

e True Negative (TN): 19 instances
e False Positive (FP): 5 instances

e False Negative (FN): 7 instances
e True Positive (TP): 28 instances
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Fig. 4. ROC Curve for Logistic Regression

The ROC curve demonstrates the trade-off between
true positive rate and false positive rate for a binary
classifier like XGBoost at multiple thresholds. It conveys the
balance of correctly identifying positives versus incorrectly
mislabeling negatives. The Area Under the ROC Curve (AUC)
summarizes overall performance - higher signals better
discrimination. Here the XGBoost model achieves an AUC of
0.88, indicating good balance of true positives versus false
positives across choice of thresholds. In Fig 4: AUC measure
is 0.88.

B. Decision Tree Classifier

Decision trees work by recursively splitting data on feature
values, building a tree with branches as partitioning rules.
Each internal node denotes the feature being split on,
segmenting data into subsets. Leaf nodes are eventually
formed that make final predictions based on the path of
decisions. This tree structure transforms complex models
into intuitive cascading if-then rule flows from initial feature
splits to final leaf outcome assignments. Therefore decision

trees break down black-box models into interpretable,
hierarchical decision logic.

exxerreERRErTexsers DacisionTreeClassifier(random state=18) **Frrsrsrresssserexssrees
si recall fl-score support
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Fig. 5. Decision Tree Output and Confusion Matrix

Fig. 5. Shows the decision tree has a fixed random
state of 10 for reproducibility. It is evaluated on binary
classification using accuracy, precision, recall, F1 and
confusion matrix. With 85% accuracy, it correctly classified
most data points. Class-specific as well as macro & weighted
averaged metrics further characterize performance.
Comprehensively analyzing accuracy, interpretability and
per-class effectiveness highlights the decision tree's
competency at the predictive task across outcome
categories. Confusion matrix in this case:

e True Negative (TN): 24 instances
o False Positive (FP): 0 instances
o False Negative (FN): 3 instances

e True Positive (TP): 32 instances
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Fig. 6. ROC Curve for Decision Tree

From Fig 6., it can be observed that the AUC for the
Decision Tree is 0.96.

C. Random Forest

A random forest model is an ensemble technique that
aggregates predictions from multiple decision tree models.
By averaging the predictions from different individual
decision trees, the random forest not only avoids overfitting
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but also improves prediction performance. Specifically, it is
highly effective at classification tasks involving large and
complex real-world datasets. By combining an ensemble of
decision trees, each providing unique perspectives on the
data, the random forest exploits diversity to avoid pitfalls
like overfitting as well as capitalizes on collective insights for
superior predictions.

Classifier(random state=14) FFEEsExsEXresrrexxtEsaaeses
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8.91 24
8.95 35

8.93 59
8.93 59
8.93 59

accuracy
macro avg
weighted avg
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Fig. 7. Random Forest Output & Confusion matrix

Fig. 7. shows that, Random Forest has a specific
random state (random_state=14). Again, it's used for binary
classification. The accuracy is 0.93, meaning it achieved
93% accuracy on the given dataset. The precision, recall,
F1-score, macro average, weighted average, and a confusion
matrix are provided. Confusion matrix in this case:

e True Negative (TN): 24 instances
e False Positive (FP): 0 instances
e False Negative (FN): 1 instance

e True Positive (TP): 34 instances
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Fig. 8. ROC Curve for Random Forest

From the fig 8, it is observed that the AUC measure
is 1.00, highest of all models.
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D. Support Vector Machine

This supervised learning technique is applicable to both
regression and classification predictive modeling tasks. It
works by finding the best hyperplane that separates the data
points into different classes in the optimal way. This makes it
an effective approach for linearly as well as non-linearly
separable data, as the hyperplane can take on linear or more
complex nonlinear forms as needed to partition the data. By
determining the ideal decision boundary between classes, it
adeptly performs categorization of data points for a variety
of problems involving distinct groups that need to be
distinguished.

Support Vector Classification is referred to as SVC. For
classification problems, it is a particular implementation of
the Support Vector Machine (SVM) algorithm.

SVC(cache_size=1888) **

precision recall fi-score support

a. .96 a.
a. .86 a.

9

0.99
0.98
8.98

daccuracy
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weighted avg

confusion matrix
[[23 1]
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Fig. 9. SVC Output and confusion matrix

Fig. 9. Shows that the Support Vector Classifier
(SVC) model has a defined cache size (hyperparameter set to
1000). Similar to prior models, it is evaluated on a binary
classification  prediction problem across various
performance metrics. SVC achieves an accuracy of 0.86,
meaning it correctly classified the data samples 86% of the
time. Additional metrics like precision, recall, F1-score etc.
are reported at the class level as well as macro/weighted
averages. A confusion matrix is also included for enhanced
visualization. Confusion matrix in this case:

e True Negative (TN): 21 instances
e False Positive (FP): 3 instances
e False Negative (FN): 5 instances

e True Positive (TP): 30 instances
Comparision of Models

After obtaining the accuracy score from different
models, with different datasets [17] and [18], a bar plot was
used to compare all the accuracy scores to understand and
compare in the visual manner.
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Fig. 10. Bar graph comparison of models

In the above fig 14, x-axis represents the names of ML
models used, y-axis represents the accuracy.

The prediction model's accuracy can be improved by visually
analyzing the bar chart to compare machine learning models.
This facilitates numerically assessing each algorithm's
classification precision on the dataset. The top-performing
approach can then be deployed as the best-fit solution for
enhanced performance over suboptimal alternatives.

From the graph, analysis of the accuracy visualization
depicts Random Forest as the top performer, with highest
precision versus other models. By quantifiably outscoring
alternative approaches, Random Forest qualifies as best fit
for the prediction task. The Decision Tree trails as second-
most accurate option, still exceeding baseline benchmarks.
The accuracy score of all the machine learning models:

Logistic Regression: 0.796610
Decision Tree: 0.949153

Random Forest: 0.983051

Support Vector Machine: 0.864407

6. FUTURE ENHANCEMENTS

As part of the project, we aim to build an app for
Parkinson's patients to record vocal biomarkers like vowels,
consonants, frequencies, jitter, shimmer. By calculating
metrics from these, we can quantify disease progression. To
further optimize the prediction algorithm, we plan to
investigate sophisticated neural networks like CNNs and
ANNs. Additionally, collecting more voice recordings
spanning early to late Parkinson's stages would diversify the
training data. This can help identify severity levels to guide
personalized treatment plans tailored to patients' disease
state. With enhanced data and models, the app could
empower physicians to precisely track Parkinson's and
customize interventions for optimal outcomes. Overall, our
vision is an app leveraging rich patient data and robust

machine learning to produce nuanced Parkinson's insights
for both better patient monitoring and personalized care.

7. CONCLUSIONS

This project demonstrates using vocal data to
diagnose Parkinson's disease via machine learning
algorithms. The first step involved preprocessing and
organizing voice datasets. Various models were then trained
and tested including random forest classifiers, support
vector machines, and neural networks. Through
comprehensive benchmarking, the random forest emerged
as the top performer with highest accuracy.

Visualizations were provided to compare model
precisions. Analyses revealed the random forest could
reliably detect Parkinson's, enabling quick noninvasive
diagnoses to assist clinicians. By showcasing state-of-the-art
ML applied to medical prediction using voice data, this
project pioneers an advanced diagnostic approach. The
productive model implementation highlights real-world
applicability for earlier Parkinson's identification through Al,
opening new directions for assistive healthcare tech. Moving
forward, model refinements through expanded voice
datasets and advanced neural networks could further
optimize predictive accuracy and usefulness.
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