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Abstract
Parkinson’s disease (PD) is a common neurological disorder that
causes cognitive and motor impairments, including speech and gait
abnormalities. Medication is often used to treat symptoms, but a cure is still
elusive. Effective disease management depends on early detection. This
study employs ML approaches, including K-Nearest Neighbors (KNN),
Multilayer Perceptron (MLP), Extreme Gradient Boosting (XGBoost),
and Naive Bayes (NB), to distinguish between individuals with PD
and healthy controls based on voice signal characteristics. To enhance
classification performance, multiple feature selection techniques were
applied, including filter-based methods (correlation analysis, Analysis of
Variance [ANOVA]), wrapper-based approaches such as Recursive Feature
Elimination (RFE), embedded models including Random Forest (RF)
and XGBoost importance, and a Genetic Algorithm (GA). Furthermore,
a novel hybrid method was proposed by combining GA and XGBoost
feature importance to identify the most relevant features. The models
were trained and tested using standard preprocessing techniques such
as feature scaling and RandomOverSampler to address class imbalance.
Experimental results demonstrate that the hybrid feature selection method
significantly improved classification accuracy. Using rigorous 10-Fold
Stratified Cross-Validation, the proposed method achieved a robust mean
accuracy of 92.74% (XGBoost) and a geometric mean of 91.13% (KNN).
These findings suggest that integrating evolutionary and model-driven
feature selection can significantly enhance the diagnosis of PD, providing
a promising approach for voice-based medical decision support systems.

Keywords: Parkinson’s disease, speech signal analysis, hybrid feature
selection, machine learning, voice-based diagnosis

Hibrit Özellik Seçimi ve Makine Öğrenimi ile Konuşmaya Dayalı Parkinson Tanısının
Optimize Edilmesi

Özet
Parkinson hastalığı (PD), konuşma ve yürüme bozuklukları da dahil
olmak üzere bilişsel ve motor işlevlerde bozulmalara neden olan yaygın
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bir nörolojik bozukluktur. Semptomları tedavi etmek için sıklıkla ilaç
kullanılır, ancak bir tedavi henüz bulunamamıştır. Etkili hastalık yönetimi,
erken teşhise bağlıdır. Bu çalışma, ses sinyali özelliklerine dayanarak
Parkinson hastalığı olan bireyleri sağlıklı kontrollerden ayırt etmek
için K-En Yakın Komşular (KNN), Çok Katmanlı Algılayıcı (MLP),
Aşırı Gradyan Artırma (XGBoost) ve Naive Bayes (NB) dahil olmak
üzere makine öğrenimi yaklaşımlarını kullanmaktadır. Sınıflandırma
performansını artırmak için, filtre tabanlı yöntemler (korelasyon analizi,
Varyans Analizi [ANOVA]), Özyinelemeli Özellik Eleme (RFE) gibi
sarmalayıcı tabanlı yaklaşımlar, Rastgele Orman (RF) ve XGBoost önemini
içeren gömülü modeller ve Genetik Algoritma (GA) dahil olmak üzere
çoklu özellik seçimi teknikleri uygulandı. Ayrıca, en alakalı özellikleri
belirlemek için GA ve XGBoost özellik önemini birleştirerek yeni bir
hibrit yöntem önerildi. Modeller, sınıf dengesizliğini gidermek için özellik
ölçeklendirme ve RandomOverSampler gibi standart ön işleme teknikleri
kullanılarak eğitildi ve test edildi. Deneysel sonuçlar, hibrit özellik
seçimi yönteminin sınıflandırma doğruluğunu önemli ölçüde iyileştirdiğini
göstermektedir; titiz 10 Katlı Katmanlı Çapraz Doğrulama kullanılarak,
önerilen yöntem %92.74’lük (XGBoost) sağlam bir Ortalama Doğruluk
ve %91.13’lük (KNN) Geometrik Ortalama elde etmiştir. Bu bulgular,
evrimsel ve model tabanlı özellik seçiminin entegrasyonunun Parkinson
hastalığının teşhisini önemli ölçüde geliştirebileceğini ve ses tabanlı tıbbi
karar destek sistemleri için umut vadeden bir yaklaşım sağlayabileceğini
göstermektedir.

Anahtar Kelimeler: Parkinson hastalığı, konuşma sinyali analizi, hibrit
özellik seçimi, makine öğrenimi, ses tabanlı teşhis

Introduction

Parkinson’s disease (PD) is a brain disease that mainly affects movement abilities and results in
manifestations such as shaking hands or limb stiffness and slow movement. The early and accurate
diagnosis of PD is essential for its effective treatment and management [1, 2]. The traditional diagnosis
of PD generally relies on clinical evaluations, which are often subjective and variable. In this regard,
Machine Learning (ML) techniques have become increasingly popular to enhance accuracy and efficiency
in diagnosis. Between 1996 and 2016, the number of PD cases increased dramatically from 2.5 million
to 6.1 million cases worldwide. This fourfold increase is closely associated with population aging and
increased life expectancy [3]. In this study, several ML algorithms, including K-Nearest Neighbors (KNN),
Multilayer Perceptron (MLP), Naive Bayes (NB), and Extreme Gradient Boosting (XGBoost), were
applied to diagnose PD using vocal biomarkers. The performance of these models was further optimized
through preprocessing techniques (such as normalization, standard scaler, and RandomOverSampler)
and different filter- and wrapper-based methods for feature selection, including Genetic Algorithm (GA),
XGBoost-based importance ranking, Random Forest (RF) technique, analysis of variance (ANOVA),
and Recursive Feature Elimination (RFE), and their results were then compared. Additionally, to assess
the impact of feature dimensionality, we experimented with multiple sets of selected features, including
subsets comprising 5, 12, 13, and 14 features.
The dataset used in this study was obtained by extracting features from voice recordings to capture
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variations in frequency, amplitude irregularities, and nonlinear dynamics, which are biomarkers of vocal
impairment in patients with PD.
A major challenge in this study is the class imbalance issue with the available dataset, where the number
of samples is higher for the Parkinson’s positive group compared to the normal healthy controls. We used
RandomOverSampler for data balancing to address class imbalance. These methods generate additional
samples by resampling minority classes, thereby improving classifier performance.
To address class imbalance, researchers employ oversampling techniques like RandomOverSampler or
Synthetic Minority Oversampling Technique (SMOTE). SMOTE’s effectiveness stems from generating
synthetic examples through interpolation, creating more robust decision boundaries than simple replication.
Recent research in 2024, such as [4], explores variants like SVMSMOTE to target samples near the
decision boundary, improving the model’s ability to distinguish early-stage PD cases. Feature selection
and dimensionality reduction are crucial for developing effective ML models. High accuracy and
robustness in PD detection are difficult to achieve due to high-dimensional acoustic features and class
imbalances in medical datasets. Recent studies address these challenges by integrating data resampling
and ensemble learning. For example, [5] enhanced model reliability by using SMOTE to balance data
and a hybrid relief feature selection method within a speech-based diagnostic framework. Optimizing a
CatBoost algorithm via Grid Search further improved diagnostic accuracy, highlighting the importance
of combining class-balancing with hyperparameter tuning for early PD identification. Hyperparameter
tuning, using RandomizedSearchCV and GridSearchCV, was performed for KNN and XGBoost to refine
the performance of these models further. Optimization techniques systematically explore hyperparameter
configurations to identify the best setup for each classifier, ensuring robustness and reliability.
While previous studies have demonstrated the potential of machine learning in PD detection, they often
rely on single feature selection methods (like RFE or Filter-based) which may get trapped in local optima
or fail to capture complex, non-linear feature interactions. Furthermore, few studies have addressed the
trade-off between maximizing classification accuracy and minimizing the feature subset size for clinical
efficiency. This study addresses this gap by proposing a novel Hybrid Feature Selection method that
integrates the global search capability of a GA with the model-driven feature importance of XGBoost.
The proposed hybrid method combines XGBoost feature importance and a Genetic Algorithm (GA). First,
XGBoost feature importance scores were used to rank the features, and then GA was applied to identify
the optimal feature subset.
The main contributions of this study are as follows:
Evaluation of different machine learning classifiers, including KNN, MLP, XGBoost, and NB, for
Parkinson’s disease detection using voice features.
Comparison of different feature selection methods, including correlation analysis, ANOVA, RFE, RF
feature importance, XGBoost feature importance, and GA.
Development of a hybrid feature selection method based on XGBoost feature importance and GA.
Evaluation of the proposed hybrid method using 10-fold stratified cross-validation, where XGBoost
achieved a mean accuracy of 92.74% and KNN achieved a Geometric Mean of 91.13%.
Evaluation of the effects of feature scaling and RandomOverSampler on classification performance.
The application of machine learning techniques for Parkinson’s disease detection has attracted increasing
attention in recent years. Different classification algorithms and feature selection methods have been
proposed to improve diagnostic performance. Some representative studies are summarized below.
In [6], a machine learning-based approach was proposed for Parkinson’s disease prediction using a
hybrid feature selection method. RFE was applied to reduce the original 22 features to 9 features, and an
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accuracy of 97.43% was achieved using XGBoost. The study showed that feature selection can improve
classification performance.
According to the method proposed in [7], a multiclass ML approach for PD detection is presented,
achieving an unprecedented accuracy of 99.11% using a Feedforward Neural Network (FNN). The study
utilized voice recordings from the UCI dataset, using the SMOTE Technique and hyperparameter tuning
via RandomizedSearchCV. The FNN model demonstrated exceptional performance with 98.78% accuracy,
which outperforms traditional models like Kernel Support Vector Machine (KSVM) (95.89% accuracy).
In [8], an approach was proposed that utilizes acoustic signal analysis combined with RFE for the early
detection of PD. By extracting relevant features from voice recordings and employing RFE for feature
selection, their method achieved high classification accuracy, demonstrating the potential of non-invasive
techniques in the diagnosis of PD.
In a study on PD detection, as shown in [9], a hybrid approach combining filter-based feature selection,
GAs, and ensemble learning techniques was proposed to classify patients using voice recordings.
They evaluated multiple classifiers, including decision trees, RFs, and XGBoost, in two benchmark
datasets. Their results demonstrated that the ensemble methods, especially stacking and bagging,
improved classification accuracy, with XGBoost contributing to robust performance with 92.40% accuracy
after applying ensemble learning methods and 87.75% after applying GA. The study also highlighted
challenges, such as class imbalance, and emphasized the importance of optimized feature selection for
improving generalization. In addition, according to [10], they conducted a comparative analysis of three
classifiers—RF, KNN, and Support Vector Machine (SVM)—on an imbalanced PD dataset. They applied
SMOTE to balance the data and used Correlation-Based Feature Selection (CFS) to identify the most
relevant attributes. The KNN model achieved the highest accuracy (94.11%) on the balanced dataset,
demonstrating the effectiveness of oversampling in handling class imbalance. While many ML models
have achieved high accuracy in diagnosis, few have addressed processing time—a key factor in clinical
settings. In a related study [11], authors applied ten predictive models to a biomedical voice dataset,
using a GA for feature selection. The best model achieved 97.96% accuracy with only 9 features and a
processing time of 1.83 seconds, showing a 16.33% improvement in accuracy after feature selection.

Materials

The dataset used in this study is publicly available through the University of Oxford repository, in
collaboration with the National Center for Voice. It was initially prepared to study general speech
disorders and contained the voice recordings of 31 persons: PD patients = 23 (16 males and 7 females)
and Healthy Controls (HC) = 8 (males = 3 and females = 5). The dataset consists of 195 voice recordings,
each made in a sound-treated booth for 36 seconds [12].
A set of biological voice measures, as shown in Figure 1. Each voice measure corresponds to 1 column
in Table 1, and every individual vocal recording to a row. Each patient had an average of 6 recordings,
though 22 patients had 6 recordings and 9 patients had 7 recordings. The patients are between the ages
of 46 and 85 (mean age, 65.8; standard deviation, 9.8), and they have been treated for between 0 and 28
years. Speech recordings were made in a sound-treated booth at the Industrial Acoustic Company, using a
microphone placed 8 cm from the lips. In the dataset, it is encoded in such a way that the column "status,"
where 0 = HC and 1 = those with PD, indicates whether a participant is healthy or with PD [12]. Voice
measures and their meaning are shown in Figure 1.
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Figure 1. Features of UCI Dataset [13]

Methods

The proposed approach uses Google Colab and Python to determine if a patient has PD. Data preparation,
including standard scaler and RandomOverSampler, was performed at different stages for feature selection
(ANOVA), Random Forest, XGBoost, RFE, and GA. Hyperparameter tuning, using GridSearchCV and
RandomizedSearchCV, was employed for the KNN and XGBoost algorithms, respectively.

Data Preprocessing

A vital aspect of data processing is preprocessing, which eliminates extraneous information and enables
the model to learn the data’s properties efficiently [14]. The dataset was imported into the Google Colab
platform using the Pandas software as a CSV file. Based on the "status" column, we found out that the
dataset was unbalanced, with 147 for PD and 48 for HC, or 25% for HC and 75% for PD. There were no
duplicates or null values. We divided the dataset into a 70:30 train/test split to prevent both underfitting
and overfitting, and then scaled each feature separately. We used several libraries for this work, including
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Scikit-learn (Sklearn), NumPy, Pandas, Matplotlib, and Seaborn. The mean and standard deviation are
stored and used with the StandardScaler transform on the data. The StandardScaler normalization formula
is in (1).

Standard scaler =
x− µ

σ
(1)

Feature selection

To enhance the model’s performance and reduce dimensionality, multiple feature selection methods were
employed. These include filter-based, wrapper-based, and embedded methods, used individually and in
hybrid combinations, with 5, 12, 13, and 14 features selected for comparative analysis. The methods
were evaluated using KNN, XGBoost, MLP, and NB, along with StandardScaler for normalization and
RandomOverSampler for class imbalance correction.

Filter-Based Selection (ANOVA F-test) with Correlation-Based Filtering

To reduce redundancy among the features, Spearman correlation coefficients were calculated for all feature
pairs. Features with an absolute correlation value greater than 0.97 were removed [15]. After this step,
ANOVA F-test was applied to determine which features showed significant differences between the target
classes. Features with p-values lower than 0.05 were selected and ranked according to their F-scores [16].
The resulting feature subsets were used in the classification experiments.

Wrapper-Based Selection (Recursive Feature Elimination - RFE)

RFE was implemented using a logistic regression estimator. In each iteration, the least important feature
was removed until the desired number of features was reached. Different feature subset sizes (5, 12, 13,
and 14) were evaluated to investigate their effect on classification performance.

Embedded methods (Random Forest and XGBoost)

Feature importance scores obtained from Random Forest were used to rank and select features. Similarly,
XGBoost feature importance scores were used to identify the most relevant features. These selected
features were subsequently used in the classification models.

GA

GA was used as a wrapper-based feature selection method to identify relevant features for Parkinson’s
disease classification. Each chromosome was represented as a binary vector indicating whether a feature
was selected or not. During the optimization process, selection, crossover, and mutation operators were
applied to generate new feature subsets. The fitness of each chromosome was evaluated using the selected
classifier, and the search process continued until the stopping criterion was reached [11].
According to Figure 2, by utilizing genetic operators such as selection, which prefers individuals with
higher fitness (i.e., better classification performance), crossover, which recombines parts of two parent
chromosomes to form offspring, and mutation, which introduces diversity by flipping bits randomly,
GAs promote desirable features and explore new solutions [17]. The fitness function used in this study
was defined as 1 - accuracy, which was calculated by training classifiers on a subset of features
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Figure 2. Flowchart of GA

represented by each chromosome. By minimizing this function, the GA effectively maximized the
classification accuracy. The GA was configured with the following parameters, shown in Table 1:

Table 1. Hyperparameters for the GA model
Parameter Value
Population size 30
Number of generations 50
Mutation probability 0.1
Crossover probability 0.6
Elitism ratio 0.05
Crossover type Uniform
Maximum iterations without improvement 10

GA performs feature selection through an iterative search process. In this study, GA was used to identify
feature subsets that improve classification performance for Parkinson’s disease detection.
Experiments were conducted using feature subset sizes of 5, 12, 13, and 14 to evaluate the effect of
the number of selected features on classification performance. The selected feature subsets were then
evaluated using different machine learning classifiers.
Due to the stochastic nature of GA, slight variations in the selected features were observed across different
runs. However, similar performance trends were obtained. The results of GA were also compared with
those obtained using the other feature selection methods.
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RandomOverSampler

The dataset contains fewer healthy control (HC) samples than Parkinson’s disease (PD) samples. To
reduce the effect of class imbalance, RandomOverSampler was applied after the train-test split [18]. In the
10-fold cross-validation procedure, oversampling was performed only on the training data of each fold,
while the validation data remained unchanged. This approach preserved the original class distribution
in the validation set during model evaluation. This strategy effectively balances the classes for training
purposes while preventing the model from memorizing synthetic samples during evaluation [19].

Hyperparameter tuning (GridSearchCV - RandomizedSearchCV)

When constructing the ML model, the user often supplies the hyperparameters. For this study, it’s better to
use GridSearchCV to determine the ideal hyperparameter values, thereby obtaining the best model results.
The simplest search method that yields the most accurate outcomes is grid search. Because each test runs
separately without relation to time sequence, grid search is easy to do in parallel [20]. It primarily accepts
arguments, such as the estimator, param grid, and CV. The following is a description of each argument:
Estimator: the item being utilized as an estimator.
CV: For a K-fold cross-validation, the folds are represented by an integer (cv).
Param grid: A list of parameter values along with their names.
In addition, RandomizedSearchCV is a hyperparameter optimization technique provided by Sklearn
that allows for efficient searching for the best hyperparameters of a ML model. It randomly samples
a fixed number of combinations from the parameter grid, making it faster and more suitable for large
datasets and complex models. By introducing a degree of flexibility, randomness enables the algorithm to
dynamically explore the hyperparameter space, which facilitates the iterative improvement of models in a
more resource-conscious manner [7].

Classification methods

After preprocessing, the required classifiers were selected and used. KNN, NB, MLP, and XGBoost
models are a few of the ML algorithms that were investigated. KNN is a supervised ML algorithm and an
easy-to-understand method. The KNN method assumes that related objects are located nearby. Stated
differently, comparable objects are near each other [21]. It also provides reasonable results in classifying
PD with low error rates. The hyperparameters used are listed below:

1. neighbors = 3

2. distance = manhattan

MLP is a type of feedforward artificial neural network that consists of three layers: an input layer, a
hidden layer, and an output layer. The computational engine of the MLP lies in the hidden layers, where
neurons transform inputs using non-linear activation functions. Data flows in a forward direction from
input to output, and the network is trained using the backpropagation learning technique [22]. By using
RandomOverSampler and Sklearn’s MLPClassifier, the hyperparameters are mentioned below:

1. Single hidden layer with 100 neurons (hidden layer sizes=100)

2. max iter=500
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NB is a probabilistic ML algorithm based on Bayes’ theorem with a strong (naive) assumption of
independence among features. Despite this simplification, it performs well in many complex real-world
problems. Moreover, it is highlighted as a nonparametric classifier, which means it makes fewer
assumptions about the form of the underlying data distribution [18].
XGBoost is an optimized and scalable implementation of gradient boosting, recognized as one of the
most efficient algorithms in ML [23]. Additionally, it is well-known for its speed and performance. The
grid search with RandomizedSearchCV helps optimize the hyperparameters to maximize the model’s
performance. Hyperparameters are shown in Table 2.

Table 2. Hyperparameters for the XGBoost Model
Hyperparameter Value
min child weight 1
max depth 6
learning rate 0.2
gamma 0.4
colsample_bytree 0.5

Hybrid method

To form the proposed hybrid feature selection approach, we combined XGBoost feature importance
with a Genetic Algorithm (GA). This method was designed to leverage the strengths of both embedded
and wrapper-based selection techniques—the efficiency and interpretability of XGBoost, and the global
search capability of the GA. Rather than running these sequentially, the final hybrid feature subset was
constructed by integrating the highest-performing parameters from both independent selection phases
while strictly avoiding redundancy. The process was carried out in four key stages: First, XGBoost
was trained on the full dataset. The feature_importances_ attribute of the trained model was
used to obtain an initial ranking of features based on their contribution to predictive performance.
The top 12 features ranked by XGBoost importance were selected to form the foundational subset
(Sxgb). Subsequently, the GA was executed independently over the complete feature set. It identified
high-performing feature subsets by optimizing a fitness function defined as 1 - accuracy, where
accuracy was calculated from a KNN classifier trained on each selected subset. KNN was chosen as the
fitness evaluator due to its low computational cost and high sensitivity to feature relevance during the
iterative search process [24, 25]. Finally, we evaluated the optimal feature combinations identified by the
GA. From the GA’s highest-performing subsets, we isolated and selected exactly 8 distinct features that
did not overlap with the foundational XGBoost selection (Sga_distinct). By taking the union of these two
distinct groups (Shybrid = Sxgb ∪ Sga_distinct), we engineered a final, fixed subset of exactly 20 unique
features. This deliberate selection process ensures a comprehensive representation of both individual
feature strength (via XGBoost) and interactive predictive power (via GA). Figure 3 shows the flowchart of
the processing.
Algorithm 1 presents the pseudo-code of the proposed hybrid XGBoost-GA feature selection framework.

Robustness Analysis using K-Fold Cross-Validation

To validate the reliability of the proposed hybrid feature selection method, we implemented a
10-Fold Stratified Cross-Validation scheme. Within each fold, class imbalance was addressed using
RandomOverSampler, applied strictly to the training data to prevent data leakage.
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Figure 3. Overall layout of proposed method
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Algorithm 1 Proposed Hybrid XGBoost-GA Feature Selection Framework (Parallel Strategy)

Require: Dataset D = {X, y} with full feature set F
Ensure: Hybrid feature subset Shybrid, Final classification metrics

Parameters: Nxgb = 12, Nga = 8, Pop = 30, Gen = 50, Pc = 0.6, Pm = 0.1
Phase 1: Filter-Based Selection (XGBoost)

1. Train XGBoost classifier on full dataset D

2. Compute feature importance scores for all f ∈ F

3. Select top 12 ranked features to obtain foundational subset Sxgb

Phase 2: Wrapper-Based Selection (GA)

1. Initialize population P with Pop random binary chromosomes of length |F |
2. for generation g = 1 to Gen do

(a) for each chromosome Chromi in P do
i. Decode Chromi to obtain selected feature subset Si ⊆ F

ii. Train KNN classifier using Si

iii. Compute accuracy on validation set
iv. Define fitness as 1− accuracy

(b) Perform selection, crossover (Pc), and mutation (Pm)
(c) Update population P

3. Decode best chromosome Chrombest to obtain optimal GA subset Sga

4. Filter Sga to isolate exactly 8 features that do not overlap with Sxgb

5. Define this non-overlapping set as Sga_distinct

Phase 3: Hybrid Subset Construction

1. Construct final hybrid feature subset of exactly 20 features:

Shybrid = Sxgb ∪ Sga_distinct

Phase 4: Final Model Evaluation

1. Apply Shybrid to original dataset D

2. Initialize classifiers C = {KNN,XGBoost,MLP,NB}
3. Perform 10-fold stratified cross-validation

4. Apply RandomOverSampler within training folds

5. Compute mean Accuracy, F1-score, and Geometric Mean

return Final performance metrics
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To enhance the model’s performance and reduce dimensionality, multiple feature selection methods were
employed. These include filter-based, wrapper-based, and embedded methods, used individually and in
hybrid combinations, and selecting 5, 12, 13, and 14 features for comparative analysis. The methods
were evaluated using KNN, XGBoost, MLP, and NB, along with StandardScaler for normalization and
RandomOverSampler for class imbalance correction. In addition to accuracy and F1-score, Geometric
Mean (G-Mean) was also reported since the dataset is imbalanced [26].

Results and Discussion

In this study, different machine learning algorithms were used for Parkinson’s disease classification based
on voice signal features. The performance of the models was evaluated using different feature selection
methods and preprocessing techniques.
The evaluated classifiers included KNN, MLP, XGBoost, and NB. Feature selection was performed using
ANOVA with correlation filtering, RFE, XGBoost feature importance, RF feature importance, and a
GA-based wrapper method. StandardScaler was applied for feature scaling, and RandomOverSampler
was used to reduce the effect of class imbalance.
In addition, the models were evaluated without feature scaling and oversampling to investigate the effect
of preprocessing on classification performance. Across all classifiers, performance was consistently lower
without preprocessing. For example, KNN and MLP showed a significant drop in accuracy, highlighting
the importance of standardized feature values for distance-based and neural network models. The impact
of oversampling was especially pronounced in improving recall and sensitivity for the minority class,
particularly for NB and KNN.
Feature subsets of sizes 5, 12, 13, and 14 were selected to investigate the effect of dimensionality.
In general, larger subsets yielded slightly better performance. Generally, five features showed lower
performance compared to the others. Among the tested methods,KNN achieved the highest accuracy
when 12 features were selected using XGBoost feature importance with 98.31% accuracy.
Moreover, the GA method produced strong results, especially with MLP (95% accuracy for 13 features),
KNN when combined with GridSearchCV and XGBoost. The NB classifier, while computationally
efficient, achieved a moderate accuracy of 83% with XGBoost and the GA feature selection method
when using 13 selected features with slightly lower recall and precision due to its sensitivity to feature
correlations. Tables 3, 4, 5, 6, 7 show the accuracy of ANOVA, GA, XGBoost, RFE, and RF methods on
classification algorithms, respectively.

Table 3. Results of ANOVA with correlation feature selection method
Model Acc by 5 features Acc by 12 features Acc by 13 features Acc by 14 features
KNN 94.92 91.53 93.22 93.22
MLP 93.22 86.44 93.22 93.22
XGBoost 86.44 89.93 88.14 89.83
NB 77.97 83.05 83.05 83.05

Preliminary Analysis (Hold-Out Split)

Initial experiments were conducted using a fixed 70:30 train-test split to evaluate the efficacy of the hybrid
feature selection method. XGBoost feature importance was combined with GA to form a hybrid feature
selection approach. Initially, features were ranked based on their importance scores derived from a trained
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Table 4. Results of GA feature selection method
Model Acc by 5 features Acc by 12 features Acc by 13 features Acc by 14 features
KNN 88.13 91.52 93.22 93.22
MLP 89.83 93.22 94.91 93.22
XGBoost 84.74 89.83 88.13 91.52
NB 86.44 81.35 83.05 81.35

Table 5. Results of XGBoost feature selection method
Model Acc by 5 features Acc by 12 features Acc by 13 features Acc by 14 features
KNN 89.83 98.31 96.61 94.92
MLP 89.83 91.52 91.52 94.91
XGBoost 93.22 89.83 89.83 94.91
NB 83.05 83.05 83.05 83.05

Table 6. Results of RFE feature selection method
Model Acc by 5 features Acc by 12 features Acc by 13 features Acc by 14 features
KNN 92.61 92.64 92.61 94.84
MLP 88.13 88.13 88.13 93.22
XGBoost 91.52 88.13 91.52 93.22
NB 83.05 74.57 74.57 79.66

Table 7. Results of RF feature selection method
Model Acc by 5 features Acc by 12 features Acc by 13 features Acc by 14 features
KNN 89.83 96.61 98.31 96.61
MLP 91.53 91.53 91.53 88.14
XGBoost 89.83 88.14 91.53 91.53
NB 77.97 81.36 79.66 79.66

XGBoost model. The GA was then applied to the ranked feature subset obtained from XGBoost feature
importance. When the number of selected features was set to 20, the KNN classifier achieved the highest
accuracy of 98.31%. Figure 4 presents the confusion matrix obtained for this split and shows that most
PD and healthy control samples were correctly classified. The results also indicate that class imbalance
affected the classification performance before applying the preprocessing steps. According to Table 8,
KNN achieved the best overall performance among all classifiers in terms of accuracy, F1-score, and
Geometric Mean. XGBoost also produced competitive results, achieving an accuracy of 96.61% and the
highest precision value among the evaluated classifiers. MLP achieved an accuracy of 91.52%, while
NB produced lower performance compared with the other methods. Overall, the results show that the
proposed hybrid feature selection method can improve classification performance by selecting a compact
and informative feature subset. NB, as expected, lagged behind the other models with an accuracy of
72.88%, primarily due to its strong assumptions of feature independence, which are not fully met in this
dataset. However, the application of RandomOverSampler improved minority class detection across all
models. However, given the limited dataset size we acknowledge that results from a single fixed split may
be susceptible to data partitioning bias.
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Table 8. Performance of the models with hybrid feature selection approach

Model Accuracy Precision Recall F1-Score

KNN 98.31 97 99 98
MLP 91.52 90 88 89

XGBoost 96.61 98 93 95
NB 72.88 70 75 70

(a) XGBoost (b) KNN

(c) Naïve Bayes (d) MLP
Figure 4. Confusion matrices of the proposed models
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This study focused on investigating the application of ML algorithms for diagnosing PD, with an emphasis
on enhancing the results through feature selection, preprocessing techniques, and hyperparameter tuning.
The comparison with previous studies highlights the potential of combining advanced preprocessing
techniques and hyperparameter optimization to enhance predictive accuracy. Furthermore, the results of
the models demonstrate the effectiveness of ML approaches in analyzing high-dimensional and nonlinear
data.
To assess the importance of preprocessing steps such as feature scaling and class balancing, all models
were also tested without applying StandardScaler or RandomOverSampler. As expected, classifiers such
as KNN, NB, and MLP demonstrated noticeable reductions in accuracy without preprocessing, as these
models are sensitive to differences in feature scale and class distribution.
Interestingly, XGBoost maintained strong performance even without any preprocessing. In some
configurations, its accuracy without normalization or oversampling was comparable to, or even higher than,
that of the preprocessed setup. This can be attributed to XGBoost’s gradient-boosted tree structure, which
inherently handles varying feature scales and is more tolerant of imbalanced data due to internal handling
of loss gradients and split criteria [27, 28] . For instance, a study [29] reported an accuracy of 84.80%
using baseline features without extensive preprocessing. After feature selection, the accuracy slightly
improved to 85.60%, indicating that XGBoost can perform well even with minimal data preparation. Our
study achieved 95% accuracy without preprocessing. Table 9 shows the results without preprocessing.

Table 9. Model’s performance without preprocessing

Model Accuracy Precision Recall f1score

KNN 82.05 70 72 71
MLP 84.61 74 68 70

XGBoost 94.78 97 86 90
NB 69.23 62 70 62

Robustness Analysis (10-Fold Cross-Validation)

To strictly validate the model’s generalizability and address the limitations of the single split, we
implemented a 10-Fold Stratified Cross-Validation scheme. This approach ensures that every recording is
used for both training and testing, providing a statistically robust performance estimate.
Class imbalance was addressed using RandomOverSampler within each fold to prevent data leakage.

Table 10. Performance of models with hybrid feature selection and 10-Fold CV

Classifier Mean Accuracy (± SD) Mean F1-Score Mean Geometric Mean (± SD)

KNN 91.26% (± 4.04%) 93.98% 91.13% (± 5.62%)
XGBoost 92.74% (± 7.87%) 95.11% 89.78% (± 9.55%)
MLP 91.32% (± 7.15%) 94.22% 88.03% (± 11.28%)
NB 69.82% (± 10.81%) 74.65% 75.48% (± 9.95%)

Using 10-Fold Stratified Cross-Validation as shown in Table 10, XGBoost achieved the highest mean
classification accuracy of 92.74% (± 7.87%). However, KNN exhibited superior stability, reflected
by the lowest standard deviation (± 4.04%), and achieved the highest Geometric Mean of 91.13% (±
5.62%). Since the Geometric Mean is a critical metric for evaluating performance on imbalanced datasets,
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this result indicates that KNN provides the most balanced trade-off between sensitivity and specificity,
ensuring reliable identification of both PD and HC cases [26]. In comparison, XGBoost (89.78%) and
MLP (88.03%) showed a slight bias toward the majority class, while MLP and NB demonstrated higher
variance and substantially lower geometric means (88.03% and 75.48%, respectively), making them less
suitable for this clinical classification task.
While XGBoost yielded the highest raw accuracy, the proposed KNN-based hybrid framework offers
the best combination of high accuracy, low variance, and balanced detection capability. In contrast, NB
performed poorly (69.82%), confirming its unsuitability for this high-dimensional feature space.
These results confirm that the proposed hybrid feature selection method yields robust and generalizable
performance, effectively distinguishing between PD and HC subjects even under rigorous statistical
validation. As shown in Table 11, several recent studies [6, 7] report high accuracies (up to 98.78%) using
simple train-test splits. However, given the small size of the UCI dataset (195 samples), such results are
highly susceptible to data partitioning bias. In contrast, our proposed method achieves a competitive
92.74% accuracy under 10-Fold Stratified Cross-Validation, which is a far more rigorous standard for
generalization. Furthermore, our KNN model achieves a geometric mean of 91.13%, indicating superior
stability in distinguishing between PD and HC subjects compared to methods that maximize accuracy
alone.

Table 11. Comparison of Proposed Method with Existing Literature

Study Dataset Feature Selection Classifier Validation Method Accuracy

Wasif et al. [6] UCI Voice RFE XGBoost Train-Test Split 97.43
Mohapatra et al. [5] UCI Voice RReliefF + SMOTE CatBoost Cross-Validation 92.61
Srinivasan et al. [7] UCI Voice None FNN Train-Test Split 98.78

Ali et al. [9] Multiple GA + Filter Ensemble Cross-Validation 92.40
Proposed Method UCI Voice Hybrid Method KNN 10-Fold CV 91.26
Proposed Method UCI Voice Hybrid Method XGBoost 10-Fold CV 92.74

In this study, we investigated the effectiveness of GA and XGBoost feature importance for feature
selection in classifying PD using various ML models. Our hybrid approach demonstrated superior
performance across multiple classifiers, particularly improving classifier performance, as evidenced by
notable enhancements in KNN and XGBoost, indicating its effectiveness in enhancing model accuracy. It
leverages the strengths of both methods: GA’s global search capability and XGBoost’s ability to capture
feature relevance. This synergy enhances classifier performance by enabling the selection of a feature
subset, leading to improved accuracy. By efficiently providing initial diagnostics, the suggested models
can help lower treatment costs. Additionally, this can serve as a soft diagnostic tool for doctors and a
teaching tool for medical students. Furthermore, several potential ways exist to enhance the scalability
and accuracy of this prediction model.
Our findings align with results from previous research while offering superior statistical validation. For
instance, while prior studies reported KNN accuracies around 96% [30] and XGBoost betweeen 91%
and 94% [30, 31] using standard splits, our method achieved a mean cross-validation accuracy of 92.74%
for XGBoost and 91.26% for KNN. Although these values are slightly more conservative than the 98%
observed in our preliminary single-split analysis, they represent a more reliable estimate of generalizability
derived from 10-Fold Stratified Cross-Validation. Consistent with the literature, NB yielded the lowest
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performance (69.82%), mirroring earlier findings of 71-74% [32, 33]. These results confirm that the
proposed hybrid feature selection strategy, combined with RandomOverSampler for class balancing,
effectively captures vital vocal patterns. The high Geometric Mean achieved by KNN (91.13%) further
indicates that selected features generalize well to unseen data, presenting a robust solution for clinical
decision support systems.
The proposed hybrid diagnostic framework demonstrates significant potential for integration into Clinical
Decision Support Systems (CDSS) for the early screening of PD. By utilizing voice recordings—a
non-invasive, low-cost, and easily obtainable biomarker—this method offers a practical alternative to
expensive and invasive traditional diagnostic tools.
1. Telemedicine and Remote Monitoring: The proposed method uses only 20 selected features and may
be suitable for integration into telemedicine systems. Voice samples can be collected remotely, enabling
the monitoring of individuals without requiring frequent hospital visits. Such systems may be particularly
useful for elderly individuals and patients living in areas with limited access to healthcare services.
2. Clinical Decision Support: The KNN classifier achieved a Geometric Mean of 91.13%, indicating
balanced classification performance. Therefore, the proposed approach may be used as a decision support
tool to assist clinicians in the preliminary assessment of Parkinson’s disease. Individuals identified as high
risk can be referred for further clinical evaluation.
3. Computational Efficiency: The proposed method is based on machine learning algorithms such as
XGBoost and KNN and does not require specialized hardware during the prediction stage. As a result, the
method can be implemented on standard computer systems and may be suitable for practical applications.

Limitation of the Study

The UCI Parkinson’s dataset contains 195 voice recordings obtained from 31 subjects, including 23
individuals with Parkinson’s disease and 8 healthy controls. Due to the limited number of subjects,
particularly in the healthy control group, subject-wise 10-fold cross-validation may lead to unstable
validation folds and unreliable performance estimates. Therefore, a record-wise stratified 10-fold
cross-validation strategy was adopted to preserve class distribution across folds and ensure stable model
evaluation. Although this approach has been widely used in similar studies, it may introduce a risk of
learning subject-specific characteristics. Consequently, the reported results should be interpreted within
the scope of the available dataset. Future studies should evaluate the proposed approach on larger and
independent datasets using subject-wise data partitioning to further assess its generalization capability.

Computational Complexity and Resource Analysis

The hybrid framework employs parallel feature selection, using XGBoost and GA independently on the
complete feature set, followed by hybrid feature union and classifier evaluation.
Initially, XGBoost was trained on the 206-sample training set to calculate feature importance. This
computationally inexpensive step selected the top 12 features.
The GA-based wrapper method constitutes the primary computational load. With a population of 30 and
50 generations (1500 fitness evaluations), each chromosome (feature subset) was evaluated using a KNN
classifier trained on the training set. Although KNN’s fitness evaluation scales quadratically with the
number of training samples, the small training set (206 instances) kept this cost manageable. The GA
phase took 1–3 minutes per run, dominating execution time.
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Following GA convergence, the top 8 GA-selected features were combined with the 12 XGBoost-selected
features, creating a hybrid subset of up to 20 features.
Finally, four classifiers (KNN, XGBoost, MLP, and NB) were trained and evaluated on this hybrid subset
using 10-fold stratified cross-validation on the training set, then independently tested on the 59-sample
test set. This reduced-dimensionality stage (maximum 20 features) was computationally efficient, taking
less than one minute.

Hardware and Resource Consumption

All experiments were conducted on a system equipped with an Intel Core i7 processor and 16 GB RAM,
without GPU acceleration.
Total execution time per experiment: approximately 2–4 minutes
GA phase contribution: 70% of total runtime
Peak RAM usage: below 2 GB
CPU utilization: moderate to high during GA optimization, low during other phases
The framework demonstrated stable execution without memory constraints. The available 16 GB RAM
was substantially more than required for this dataset size.
Given the small dataset size, the proposed hybrid method is computationally efficient and well-suited for
biomedical datasets of similar scale. Although the GA fitness evaluation exhibits quadratic behavior, the
limited sample size ensures practical runtime feasibility on standard desktop hardware.

Conclusion

Parkinson’s disease is an important neurological disorder, and early diagnosis can support disease
management. In this study, a hybrid feature selection method based on XGBoost feature importance
and a Genetic Algorithm (GA) was proposed. Different feature selection methods and machine learning
classifiers were evaluated using voice signal features. The results showed that the proposed hybrid
method achieved the best overall performance among the evaluated approaches. Using 10-fold stratified
cross-validation, the proposed method achieved a mean accuracy of 92.74% with XGBoost and a
Geometric Mean of 91.13% with KNN.
The findings indicate that combining model-based feature importance with an evolutionary search strategy
can improve feature selection and classification performance for Parkinson’s disease detection. The
proposed approach can contribute to voice-based decision support systems by providing an effective
framework for disease classification.
Although promising results were obtained, the study was conducted on a single dataset with a limited
number of subjects. Therefore, further validation on larger and independent datasets is needed. Future
studies will focus on evaluating the proposed method on different datasets and improving computational
efficiency.
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