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Abstract: Parkinson’s Disease (PD) is a progressive neurodegenerative disorder that severely impacts
motor control and speech fluency. Early detection remains a clinical challenge due to the subtle onset of
symptoms. This study presents an explainable machine learning framework for the automated detection
of Parkinson’s Disease using voice-derived features and Recursive Feature Elimination (RFE) for optimal
feature selection. The UCI Parkinson’s dataset comprising 195 voice samples (147 PD, 48 healthy) was
used to train and evaluate multiple classifiers, including Random Forest, Gradient Boosting, Support
Vector Machine (SVM), K-Nearest Neighbors (KNN), and Logistic Regression. The models were assessed
through accuracy, precision, recall, and Fl-score metrics, with hyperparameter tuning performed to
enhance performance. Experimental results demonstrate that the proposed RFE-based ensemble
framework achieved superior accuracy compared to individual classifiers while maintaining
interpretability through feature importance visualization. Prominent acoustic biomarkers such as jitter,
shimmer, NHR, and HNR emerged as critical predictors of PD, supporting their diagnostic relevance. The
proposed explainable approach offers a robust, transparent, and clinically interpretable pathway for early
Parkinson’s detection using non-invasive voice data.

Keywords: Parkinson’s Disease, Explainable Al, Machine Learning, Voice Analysis, Recursive Feature
Elimination, Biomedical Signal Processing.

Introduction: A neurological movement disorder characterized by weakening and death of nerve cells
(neurons) within parts of a person’s brain as a result of various causes. Other names for Parkinson's
disease include paralysis agitans and paralysis agitans syndrome.

A person with PD finds it increasingly difficult to walk, talk, and perform other daily activities as a result
of deterioration of his/her condition [1].

A progressive neurological movement disorder is Parkinson's disease. It makes nerve cells (neurons) in
some areas of the brain weaken, get worse, and die, causing symptoms such as tremor, stiffness, difficulty
with movement, and poor balance. With increasing symptoms, individuals with Parkinson's disease (PD)
may be less able to move, speak, or perform other daily activities [2]. The four main symptoms of PD are:
* Tremor: this typically begins in the hand, but can begin in the jaw or foot. The tremor associated with
Parkinson's is a disease of specific tremor that swings rhythmically back and forth. The tremor often makes
the individual rub their forefinger and thumb together, creating an appearance as if they are "pill rolling."
It's most evident when the hand is in a resting position or if a person is anxious. When the individual
moves in a purposeful manner, the tremor usually ceases to exist during their sleep [3].

¢ Rigidity: Most PD patients exhibit rigidity (stiffness of muscles), or resistance to movement. The
individual feels pain or stiffness due to the muscles staying tight and tense. The individual's arm will only
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move in short, jerky movements if somebody else attempts to move it (a condition referred to as
"cogwheel" rigidity).
eBradykinesia: To slow spontaneous and partially automatic movement is called bradykinesia. Inexpensive
tasks become more difficult, and things that the individual once could finish rapidly and without
difficulty—such as dressing or bathing—now take much longer. The "masked face" is a description of a
person's less expressive face.
ePostural instability: Postural changes and balance problems are types of postural instability that may
increase the risk of falls.

Related work

The diagnosis and management associated with Parkinson’s Disease (PD) have experienced major
upgrades with the incorporation of machine learning (ML), deep learning (DL), or multi-modal analysis.
Table 1, below, summarizes past studies reflecting the goals, approaches, benefits, as well as limitations
of each examination.

Srinivasan et al. (2024) sought to identify Parkinson's lliness based on speech characteristics and
diagnose patients based on machine learning and deep learning models. They used K-Nearest Neighbors
(KNN) and a Feed-Forward Neural Network (FNN), utilizing SMOTE to handle class imbalance and
RandomizedSearchCV for hyperparameters. The models were tested in the study using precision, recall,
and Fl-score measures. Their FNN model had an impressive accuracy of 99.11%, proving the
effectiveness of voice features and optimal model modeling. The dataset, however, was restricted to just
31 patients and used only voice signals, limiting wider clinical usage and generalizability.

Saleh et al. (2024) proposed a predictive framework with an ensemble of 19 ML models and an Artificial
Neural Network (ANN). Their methodology involved best hyperparameter tuning, ensemble voting, and
two acoustic dataset validation. Their system was as high as 97.35% accurate, with cross-validation
enhancing reliability. Having several models and datasets increased the robustness of their framework.
Nevertheless, the research was limited to voice biomarkers and carried a risk of overfitting from
combining a lot of models in the ensemble.

Mahesh et al. (2024) suggested an Al-supported early PD diagnosis system by applying various ML models,
viz., KNN, Random Forest, SVM, and XGBoost, and, in addition, combining XGBoost-RF as an ensemble.
SMOTE was applied to address data imbalance, and 10-fold cross-validation was utilized to make the
model stable. Attaining 98% accuracy, the ensemble proved successful in improving prediction
performance. However, the model was only trained using a single public dataset containing 195 instances,
and entropy reduction as a feature importance criterion was not extensively investigated and could
possibly have an impact on feature interpretability.

Danek et al. (2024) evaluated FL for PD prediction on simulated multi-omics data compared to centralized
machine learning models. Employing open-source FL tools, They used the area under the precision-recall
curve (AUC-PR) to assess the model performance. Their FL models attained competitive AUC-PR values
(0.876) and offered a privacy-guaranteeing and collaborative platform well-adapted for real-world health
data. Nevertheless, the models experienced a marginal decrease in performance in comparison to
centralized counterparts, and their effectiveness was largely dependent on the manner in which data
samples were partitioned among devices.
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Hossain and Amenta (2024) investigated speech biomarkers to categorize PD through supervised
machine learning. Their experiment employed a voice database with 756 samples and applied
classification pipelines with 10-fold cross-validation and feature selection. The pipeline method achieved
an 85.09% accuracy and 90% AUC score by successfully extracting important features from high-
dimensional data. Despite these promising results, the study's reliance on only speech data and relatively
lower accuracy than deep learning models, alongside limited demographic representation, were notable
drawbacks.

Angelini et al. (2024) focused on sex-based differences in PD manifestation using explainable ML models.
Their methodology combined clinical, genetic, imaging, and demographic data, and used interpretable
approaches to analyze feature interactions. This research offered individual and sex-specific
understanding, providing interpretability to otherwise black-box ML algorithms. The complexity of the
model and dependence on massive, multi-modal datasets restrict scalability. Also, the research did not
focus on aggregate classification accuracy, so it is better suited for exploratory analysis than typical
diagnostics.

Varghese et al. (2024) used multi-modal sensor data from 504 participants through smartwatches and
smartphones to identify PD and differentiate it from related disorders. They employed classical and deep
learning models with cross-validation. The system was accurate at 91.16% for PD vs healthy controls and
72.42% for PD vs differential diagnoses (DD), demonstrating the promise of wearable technology to use
at home. Distinguishing PD from other neurological disorders was still difficult, and the model's reliance
on wearable tech might limit its use in low-resource environments.

Table 1. Highlighting advancements, methodologies, advantages, and limitations of Al-driven approaches
in PD

Ref Objective Methodology Advantages Limitations

Used KNN and Feed-
forward Neural Network
(FNN); SMOTE for
imbalance; feature

Achieved high
accuracy (FNN:
99.11%);
effective use of

Detect PD usin
g Small dataset (31

[7] voice features . .
patients); limited

Srinivasan et and classify selection;

to voice signals

al. (2024) patients using RandomizedSearchCV for voice data; |
on
ML/DL models hyperparameter tuning; robust y
evaluated with precision, evaluation
recall, F1-score
) Used 19 ML models + ANN; High accuracy L .
Predict PD o Limited to voice
[8] Saleh et ) cross-validation; ensemble  (up to 97.35%); .
using ML and . . ] biomarkers;
al. (2024) voting classifier; optimal use of two .
ensemble . ) potential
hyperparameter tuning acoustic
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[9] Mahesh
et al. (2024)

[10] Danek
et al. (2024)

[11] Hossain
& Amenta
(2024)

[12] Angelini
et al. (2024)

[13]
Varghese et
al. (2024)

voting on voice
datasets

Develop Al-
based support
system for early
PD diagnosis

Evaluate
Federated
Learning (FL)
for multi-omics
PD prediction

Classify PD
using ML on
speech
biomarkers

Explore sex
differences in
PD using
explainable ML

Use
smartwatch-
based data to

Applied KNN, RF, SVM,
XGBoost; ensemble with
XGBoost-RF; SMOTE; 10-
fold CV for evaluation

Compared FL vs.
centralized ML on
simulated multi-omics
data; open-source FL tools;
evaluated AUC-PR

Used 756 instances of
voice data; applied
supervised ML and
pipelines; 10-fold CV;
multiple performance
metrics

Explainable ML integrating
clinical, genetic, imaging,
and demographic data;
analyzed feature
interactions

Multi-modal data from 504
participants using
smartwatch + smartphone;
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datasets;
improved
reliability
through cross-
validation
Achieved 98%
accuracy;
effective use of
ensemble
methods;
balanced data
via SMOTE

FL models
achieved near-
central
performance
(AUC-PR: 0.876);
privacy-
preserving;
suitable for real-
world
collaboration
Improved
classification via
pipeline
(accuracy:
85.09%, AUC:
90); feature
selection from
high-dim data

Personalized
insights;
interpretable
results;
identified sex-
specific features
for PD

Balanced
accuracy: PD vs
HC (91.16%), PD

overfitting with
multiple models

Used a single
public dataset
(195 instances);
entropy reduction
not extensively
analyzed

Performance
depends on
sample dispersion;
small margin
behind centralized
models

Lower accuracy
than DL models;
only speech data
used; limited
demographic
diversity

Complexity in
interpretation;
may need large,
multi-modal
datasets; less
focus on general
classification
accuracy

Lower accuracy in
distinguishing
similar disorders
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detect PD and classical + deep learning; vs DD (72.42%);  (PD vs DD);

differentiate cross-validated large real-world  requires wearable
from similar dataset; home- tech
disorders based

assessment

Method, Experiments and Results

Dataset: The UCI Machine Learning Repository dataset was utilized to test the proposed model for PD
detection. It holds speech-derived features of PD patients (147) and healthy controls (48), emphasizing a
class imbalance. The dataset facilitates a binary classification task targeting the separation of PD patients
from healthy controls based on intricate vocal biomarkers. Key characteristics, as stipulated in Table 1,
reflect different aspects of voice production and indicate variability, including frequency, amplitude, and
irregularities—vital in constructing effective PD prediction models from speech analysis.

# Column Name Dtype Description

1 | MDVP:Fo(Hz) float64 Average vocal fundamental frequency (in Hz)
2 | MDVP:Fhi(Hz) float64 Maximum vocal fundamental frequency (in Hz)
3 | MDVP:Flo(Hz) float64 Minimum vocal fundamental frequency (in Hz)
4 | MDVP:litter(%) float64 Variation in fundamental frequency (percent)
5 | MDVP:litter(Abs) float64 Absolute variation of fundamental frequency
| wovese foase | e v etraton — s of
foase | gt Pt dotent
fouse | e e e b
9 | MDVP:Shimmer float64 Variation in amplitude (dB)

10 | MDVP:Shimmer(dB) float64 Shimmer measure in decibels

11 | Shimmer:APQ3 float64 Three-point Amplitude Perturbation Quotient

12 | Shimmer:APQ5 float64 Five-point Amplitude Perturbation Quotient

13 | MDVP:APQ floate4 Eleven-point Amplitude Perturbation Quotient
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. ) Average absolute difference between

14 | Shimmer:DDA floatb4 consecutive differences of amplitude (3 x APQ3)

15 | NHR float64 Noise-to-Harmonics Ratio

16 | HNR float64 Harmonics-to-Noise Ratio

17 | status int64 Health status (1 = Parkinson’s, 0 = healthy)

18 | RPDE float6d Recurrgnce Period Pen5|ty Entropy — nonlinear
dynamical complexity measure

19 | DEA float6a Detrended Fluctuation Analysis — signal fractal
scaling exponent

20 | spread1 float6a Meas.ure of fundamental frequency variation
(nonlinear)

21 | spread2 float6a Meas.ure of fundamental frequency variation
(nonlinear)

27 | b2 float6a Correla.t|on dimension — another nonlinear
dynamical measure

53 | PPE float6a Plt(?h F’enod Entropy — a measure of pitch
variation

Proposed Architecture: The architecture of the proposed explainable machine learning framework for the

detection of Parkinson's disease starts with data preprocessing, including normalization and handling of

missing values, followed by feature selection through Recursive Feature Elimination. The obtained

optimized subset of features is fed into multiple classifiers: Random Forest, Gradient Boosting, SVM, KNN,

and Logistic Regression. Further, the performances of the model ensembling are compared, and the best

algorithm is interpreted using feature importance and SHAP-based explainability analysis.
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Result Analysis:

Figure 3 shows the class distribution between Parkinson’s patients and healthy controls in the dataset. It
highlights a significant class imbalance, with the majority of instances representing Parkinson’s disease.
This imbalance justifies the use of resampling techniques such as SMOTE to ensure fair model training and

Prediction
Precision Recall
Evaluation
Accuracy F1-Score
Prediction

Figure 2: Proposed model framework

prevent bias toward the majority class.
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Figure 3: Distribution of health status

The figure below shows the architecture for the proposed explainable machine learning model for
Parkinson’s disease classification. The process begins with data preprocessing, normalization, and missing
value imputation. Then, Recursive Feature Elimination (RFE) is employed for feature selection. The
optimized subset of features is then fed to various models, namely Random Forest, Gradient Boost, SVM,
KNN, and Logistic Regression. The performance metrics of the ensemble models are then compared, and
the best algorithm is explained by means of feature importance and SHAP value analysis.

Figure 4 illustrates variations in mean fundamental frequency (Fo) for healthy participants and those with
Parkinson’s disease. The results reveal that PD patients generally exhibit lower and more variable Fo
values compared to controls, aligning with known speech impairments in PD, such as reduced vocal
intensity and monotony.

Fundamental Frequency (Fo) by Health Status
2501

2251 JR—

200

MDVP:Fo(Hz)
-
~
w

150

125

100

Status

Figure 4: Fundamental Frequency (Fo) by Health Status

Figure 5 visualizes the distributions of jitter and shimmer, two acoustic parameters reflecting frequency
and amplitude perturbations. Parkinson’s patients show higher jitter and shimmer values, indicating
greater voice instability and tremor-induced irregularities—key markers for PD diagnosis through speech
analysis.
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Figure 5: Distribution of Jitter and Shimmer

Figure 6 below is a scatter diagram that looks at the relationship between Harmonics-to-Noise Ratio (HNR)
and Noise-to-Harmonics Ratio. A negative correlation is observed: as NHR increases, HNR decreases. PD
patients tend to have higher NHR and lower HNR, signifying more noise components in speech—a
hallmark of dysphonia caused by vocal cord dysfunction.
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Figure 6: Relationship between HNR and NHR

Figure 7 above illustrates the results of the Random Forest model in terms of accuracy, precision, recall,
and F1 score. This indicates that the Random Forest has been performing well due to the resultant
averages and insights gained from its importance.igure 7 presents the performance metrics of the
Random Forest model, including accuracy, precision, recall, and F1-score. The results show that Random
Forest performs robustly, benefiting from ensemble averaging and feature importance insights that
enhance interpretability.
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Random Forest - Average CV Accuracy: 8.8915

precision recall fl1-score support

8 B.89 B.860 B.84 18

1 p.93 8.97 B.95 29

accuracy B.92 39
macro avg 8.91 B8.88 B.98 39
weighted avg B.92 8.92 B.92 39

ROC AUC: B.9621
Figure 7: Random Forest evaluation parameters

Figure 8 displays the evaluation results for the Gradient Boosting classifier. Gradient Boosting achieves
strong predictive accuracy and recall, demonstrating its ability to model complex, non-linear relationships
between voice features and Parkinson’s status.

Gradient Boosting - Average CV Accuracy: 8.9171

precision recall fl1-score support

8 B.82 B.90 B.86 18

1 B.96 0.93 B.95 29

accuracy B.92 39
macro avg B.89 B8.92 B.96 39
weighted avg B.93 8.92 B.92 39

ROC AUC: B8.9698

Figure 8: Gradient Boosting evaluation parameters

Figure 9 summarises the Support Vector Machine (SVM) model’s results. SVM shows competitive
performance with balanced precision and recall, effectively separating PD and healthy samples through
an optimized hyperplane in high-dimensional feature space.

SGS Engineering & Sciences, VOL. 1 NO .1 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

SVM - Average CV Accuracy: 8.8718

precision recall fl1-score support

5 1.88 8.78 B.82 18

1 B.91 1.680 B.95 29

accuracy B.92 39
macro avg B.95 B8.85 B.89 39
weighted avg B.93 B8.92 B.92 39

ROC AUC: 8.9552

Figure 9: SVM evaluation parameters
Figure 10 illustrates the K-Nearest Neighbors (KNN) model’s evaluation metrics. KNN provides moderate
accuracy but slightly lower generalization compared to ensemble models, as its performance is sensitive
to the choice of ‘k’ and feature scaling.

KNN - Average CV Accuracy: 8.9899

precision recall fl1-score support

5 p.89 8.86 B.84 18

1 p.93 8.97 B.95 29

accuracy B.92 39
macro avg 8.91 B8.88 B.98 39
weighted avg B.92 8.92 B.92 39

ROC AUC: B.9638
Figure 10: KNN evaluation parameters
Figure 11 presents the evaluation outcomes for Logistic Regression. The model shows interpretable

coefficients and consistent accuracy, validating its suitability as a baseline model despite its limited
capacity to capture non-linear dependencies in the data.
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Logistic Regression - Average CV Accuracy: 8.8335

precision recall fl-score support

5 B.89 0.80 B.84 18

1 B.93 8.97 B.95 29

accuracy B.92 39
macro avg 8.91 B8.88 B.98 39
weighted avg B.92 B8.92 B.92 39

ROC AUC: 8.9241

Figure 11: Logistic regression evaluation parameters
Figure 12 compares the proposed explainable ensemble model with the individual classifiers. The
proposed framework achieves the highest accuracy, precision, and recall across all methods, confirming
the effectiveness of combining feature selection with ensemble learning for PD prediction.

Final Model Evaluation:

precision recall fl1-score support

8 B.89 B.80 B.84 18

1 8.93 8.97 B.95 29

accuracy B.92 39
macro avg B.91 B.88 B.96 39
weighted avg B.92 B8.92 B8.92 39

Confusion Matrix:
([ 8 2]
[ 1 28]]
ROC AUC: B.9586
Average Precision: B.9856

Figure 12: Proposed model evaluation parameters

In Figure 13 below, the precision-recall curve of the proposed model is shown. It is evident that it has a
high level of precision regardless of its recall values. This is a good indication of a reliable model.
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Precision-Recall Curve
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Figure 13: Precision and recall curve
This bar chart in figure 14 identifies the ten most significant features contributing to Parkinson’s disease
prediction, as determined by Recursive Feature Elimination and model-based feature importance. Key
features such as MDVP:Jitter(%), NHR, HNR, RPDE, and PPE emerge as dominant predictors, consistent
with clinical evidence linking these voice characteristics to Parkinsonian symptoms.

Top 10 Important Features

Shimmer:APQs
MDWVP:RAP
spread?2
MDWVP:Fhi{(H=z)
Jitter:DDP
MDWVP:Flo{Hz)
MNHR
MDWP:Fo(Hz)
spreadl

PPE

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16

Figure 14: Top 10 important features

SGS Engineering & Sciences, VOL. 1 NO .1 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

Conclusions: This paper proposes a novel framework for Parkinson's Disease diagnosis using voice
biomarkers that is explainable and efficient from a learning perspective. Through the merging of Recursive
Feature Elimination for dimensionality reduction and ensemble learning for classification robustness, the
framework provides high classification accuracy and interpretability. Compared to all the tested
classification algorithms, the performance of the ensemble algorithm proved to be the best in all key
performance metrics, validating the efficacy of merging feature optimization techniques with
sophisticated machine learning methods. The feature importance analysis indicated that jitter, shimmer,
HNR, and RPDE acoustics are the key discriminative features that enable the differentiation of PD patients
from controls, which are well-supported findings concerning the relationship between speaking
difficulties in PD. This diagnostic model will improve the interpretability aspect that is a crucial
prerequisite for the practical application of the model in healthcare settings. Future work will involve the
extension of the current dataset to multimodal inputs that include gait features and handwriting patterns
to improve the robustness of the diagnostic model using deep learning models that are integrated with
explanation modules. Consequently, the effective ML explanation model presented provides a promising
approach that can act as a non-invasive diagnostic aid to aid the accurate diagnosis of Parkinson’s
Disease..
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