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Abstract

Feature selection is a crucial step in optimizing machine learning models, particularly in biomedical applications
such as Parkinson’s disease classification based on speech data. This study employs multiple feature importance
techniques to identify the most significant predictors and remove redundant variables, thereby improving model
interpretability and efficiency. Four distinct methods—Permutation Importance, Mutual Information (Ml),
ANOVA F-score, and Random Forest Importance—are applied to assess the contribution of each feature to
classification performance. Additionally, a correlation analysis is conducted to detect highly correlated features
that may introduce multicollinearity. Many studies in existing literature on Parkinson’s disease classification
overlook the impact of multicollinearity and redundant features, which can affect model stability and
interpretability. Our study addresses this gap by systematically comparing four feature selection methods and
incorporating correlation analysis to refine the feature set for improved accuracy and efficiency. By
systematically refining the feature set, this approach ensures a balance between model complexity and predictive
power, ultimately enhancing the reliability of automated Parkinson’s disease diagnosis from speech recordings.

Keywords: Parkinson’s Disease (PD), feature engineering, ensemble learning, random forest, ANOVA, Mutual
Information

Parkinson Hastahg Teshisi icin Ozellik Miihendisligi: Rastgele Orman Ozellik Secimi

ve Korelasyon Analizini Kullanan Hibrit Bir Yaklasim
Oz
Ozellik secimi, makine 6grenimi modellerini optimize etmede kritik bir adimdir ve 6zellikle konusma verilerine
dayali Parkinson hastalig1 siniflandirmasi gibi biyomedikal uygulamalarda biiyiilk 6nem tasir. Bu ¢alisma, en
onemli Ongodriicli degiskenleri belirlemek ve gereksiz degiskenleri ortadan kaldirarak modelin
yorumlanabilirligini ve verimliligini artirmak amaciyla birden fazla 6zellik 6nem derecelendirme teknigi
kullanmaktadir. Siniflandirma performansina her 6zelligin katkisini degerlendirmek igin Dizinleme Onem
(Permutation Importance), Karsilikli Bilgi (Mutual Information - MI), ANOVA F-skoru ve Rastgele Orman
Onemi (Random Forest Importance) olmak iizere dért farkli yontem uygulanmaktadir. Ayrica, yiiksek derecede
iligkili 6zellikleri tespit ederek ¢oklu baglanti (multicollinearity) sorununu dnlemek igin bir korelasyon analizi
gergeklestirilmigtir. Mevcut literatiirde Parkinson hastaligr siniflandirmasma yonelik birgok calisma, ¢oklu
baglanti ve gereksiz 6zelliklerin model kararliligi ve yorumlanabilirligi tizerindeki etkisini géz ardi etmektedir.
Bu calisma, dort farkli 6zellik segme yontemini sistematik olarak karsilagtirarak ve korelasyon analizini entegre
ederek bu boslugu gidermeyi amaglamaktadir. Ozellik kiimesini titizlikle rafine eden bu yaklasim, model
karmagiklig1 ile tahmin giicii arasinda bir denge saglayarak konusma kayitlarindan otomatik Parkinson hastaligi
teshisinin giivenilirligini artirmaktadir.
Anahtar Kelimeler: Parkinson hastaligi (PH), 6zellik miihendisligi, topluluk 6grenmesi, rastgele orman
metodu, ANOVA, karsilikl bilgi yaklagimi
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1. Introduction

Parkinson’s disease (PD) is a neurodegenerative disorder that primarily affects motor function
due to the progressive loss of dopamine-producing neurons in the substantia nigra region of
thebrain The recent works classified PD patients through the application of machine learning and
deep learning techniques on acoustic features extracted from speech signals. Traditional
approaches are usually based on feature extraction techniques like mel frequency cepstral
coefficients, jitter, shimmer, and FO, among others, and classification is performed by using the
SVM, random forests, or neural networks. However, one important challenge in such studies is
that there are so many high- dimensional and redundant features included in the studies that might
result in overfitting by increasing computational complexity and reducing interpretability. While
a few studies try to perform dimensionality reduction-PCA, for example-most of them do not
compare different feature selection methods systematically to identify the most relevant
predictors. Besides, in most cases, correlation analysis is barely considered and issues related to
feature redundancy may affect both performance and generalizability of models. To address these
limitations, this study employs a multi-method feature selection approach to improve the
accuracy and efficiency of Parkinson’s disease classification from speech data. We apply four
distinct feature selection techniques: Permutation Importance, Mutual Information, ANOVA F-
score, and Random Forest Importance, and systematically compare their rankings. Besides this,
correlation analysis is performed to identify and remove redundant features, ensuring a more
robust and interpretable model. By refining the feature selection process, it is aimed to improve
the reliability of speech-based detection in Parkinson's disease to allow further research in
computational neurology and biomedical signal processing. These findings represent the
structured framework of optimal feature selection in biomedical machine learning applications
and give insight into which speech biomarkers have most of the predictive information for
Parkinson's diagnosis.

Numerous Numerious approaches have focused comprehensive studies of feature extraction
and selection aimed at improving diagnostic accuracy. Principle Component Analysis (PCA)
was used to reduce and select features from the dataset; 5875 records and 19 attributes of the
raw dataset are reduced to 19 records and 19 attributes of the PCA dataset [1]. Some researchers
analyzed their PD dataset using the ANVOA feature selection method [2]. Caliskan et al. [3]
proposed a method for extracting and selecting features from two datasets, optical path
differences OPD and Position sensing device PSD, using stacked auto-encoders (SAE) and
softmax classifiers. A total of 18 techniques were utilized to extract features from the dataset in
a different study, but after without analyzing, four different classifiers were used to classify the
resulting data [4]. Another researchers studied 40 subjects, 23 of which had PT Parkinson’s
disease tremor and 17 of which had essential tremor ET, and then they developed a cellular
neural networks (CNN) model for analyzing the features [5]. Parkinson’s Diseased and healthy
subjects' voices were used to study Deep CNN methods using spectral voice features extracted
from sustained phonemes [6]. Variations in their Deep CNN were compared along with varying
lengths of input voice. Google Inception v3 CNN model was fine-tuned using DAT-SPECT
images, and then features from the previous fully connected layer were extracted before the
final fully connected layer was created [7]. In another experiment, they presented an approach
based on the Quantitative Susceptibility Mapping (QSM); they used this technique to extract
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radiomics features from the substantia nigra (SN) [8]. In different study it has been found that
stacked auto-encoders (SAE) may improve the classification accuracy of a model by reducing
the number of dimensions and extracting features [9]. With the help of four feature selection
algorithms and two statistical classifiers, their study evaluated the effectiveness of these
measures in distinguishing Parkinson’s Disease subjects from healthy controls [10-11]. It has
been suggested that pitch-synchronous feature extraction could be more effective than
conventional block segmentation with fixed frame lengths by [12]. An extracting technique
[13] based on spectral and temporal features proved superior to 17 Machine Learning classifiers
in classification of continuous speech data even for classification of Parkinson’s Disease. The
researchers of the Gyenno Science Parkinson Disease Research Center used a Bidirectional
Long Short-Term Memory (LSTM) model in 2021 to assess the dynamic time- series features
by analyzing energy transitions between speech segments that were unvoiced and voiced [14].
As part of another study, voice features were integrated into distinct frameworks, in which they
were validated using Leave-One-Person-Out Cross-Validation (LOPO CV) on a dataset
accessed from the UCI machine learning repository [15]. A study conducted by Chen et al. [16]
used PCA and Fuzzy KNN techniques to enhance the precision of the PD voice signal detection
to approximately 96.07% using datasets from the UCI machine learning repository. As part of a
study [17], EEG event-related potential ERP is used to detect early Parkinson's disease with a
novel Brain Network Analytics (BNA) technique and to classify patients based on logistic
regression, using a false positive rate (FPR) feature selection method. In order to investigate the
relationship between mental health and neurological disorders, Vieira et al. [18] utilized
multilayer perceptrons (MLPs). A recurrent neural network was used by Guinci et al. [19] to
model human brain activity as a response to sensory stimuli exploiting two different datasets
generated by Nishioto et al. [20]. To encode low-level visual features, the RNNs used two
nonlinear recurrent layers and one linear layer, while to encode high-level semantic data, they
used Long Short-Term Memory (LSTM) and gated recurrent units (GRUS). The Full Complex
network was developed by Riaz and colleagues to compute functional connectivity from fMRI
time series data [21]. In order to detect PD early, machine learning (ML) has enabled the
automated extraction and selection of some features [22]. In their work, some researchers
introduce a novel feature taxonomy and a method for determining a relationship between a
particular feature and another [23]. SVM and random forest are used for recursive feature
elimination (RFE) in order to select clinically relevant features for Classification of Parkinson's
Disease [24]. Based on a comparison of mean values of features, ANOVA tests are useful for
separating healthy controls and PD subjects [25]. A validation study was conducted using data
from Physionet [26]. Based on a CNN and Long Short-Term Memory, [27] classifies subjects
into PD and controls with an accuracy of 96.9%; the model learns features closely related to PD
clinical features including dopamine levels and disease severity. Utilizing only 10 dysphonia
measures, Tsanas et al. classified speech signals from 33 patients with Parkinson's and 10
controls using support vector machine and random forest models [28]. Using 256 features of
vocal data in 40 PD participants and 40 Controls, Karabayir et al. [29] detected PD from the
Light Gradient Boosting (GB) and Extreme Gradient Boosting (GB). Moreover, seven features
emerged as most relevant from feature analysis. Zhang et al. [30] developed a machine learning
technique based on stacked autoencoders and k-nearest neighbors (KNN) algorithms for time-
frequency features of vocal signals. A different CNN architecture was developed to classify the
"HandPD" dataset into PDs and Controls [31]. Meta-heuristic optimization techniques were
333



Birdal EJSAT 2026, 19 (1) 315-330

used to tune the hyper-parameters. Application of feature importance in the diagnosis of
Parkinson's disease by applying four different feature selection methods is one of those
paradigm moments in the detection and management of neurodegenerative diseases. Using
permutation importance, mutual information, ANOVA F-score, and random forest importance,
a highly accurate diagnostic tool has been developed by researcher. Another study [32] employs
a deep learning ensemble approach for early detection by fine-tuning pre-trained Keras models
on the International Skin Imaging Collaboration dataset, achieving a 93.03% detection rate and
showing the power of ensemble methods. Different study [33] explores kidney stone detection
from medical images using various machine learning methods, with CNN-based deep neural
networks demonstrating strong performance, though Decision Tree Classifier achieved the
highest F1 score (85.3%), highlighting CNN’s potential for automated and efficient diagnosis.
This paper has tried to show the viability of feature engineering using ensemble techniques for
the detection of Parkinson's disease, hence providing a substitute non-invasive, cost-effective,
and automated way of diagnosis.

Overall, the study is divided into sections: Section 11 describes the material and methods, section
I11 presents the results and discussion, and further section presents the conclusions.

2. Material and Methods
2.1 The Dataset

The Parkinson’s Disease (PD) dataset consists of training and test files, designed for both
classification and regression tasks. The training set includes voice recordings from 20
individuals with Parkinson’s Disease (PWP) (6 female, 14 male) and 20 healthy individuals (10
female, 10 male), all of whom were examined at the Department of Neurology, Cerrahpasa
Faculty of Medicine, Istanbul University [34]. Each subject provided 26 voice samples,
covering sustained vowels, numbers, words, and short sentences. A total of 26 linear and time-
frequency-based features were extracted from each recording. Additionally, the dataset contains
the Unified Parkinson’s Disease Rating Scale (UPDRS) score for each PD patient, allowing it
to be used for regression analysis. After the initial data collection and experimentation with the
training dataset, an independent test set was collected under the same conditions. This test set
consists of recordings from 28 PD patients, who were asked to pronounce the sustained vowels
‘a’ and ‘o’ three times each, resulting in a total of 168 recordings. The same 26 features were
extracted from these samples, ensuring consistency with the training dataset. This independent
test set serves as a validation tool for models trained on the initial dataset. If we analyze the
speech data of Subject 2, the waveform visualization of the first half of the recording provides
insights into vocal characteristics as seen in Figure 1. The x-axis represents time in seconds,
while the y-axis shows amplitude, indicating variations in speech intensity. In this waveform,
larger peaks and troughs reflect stronger vocal output, whereas lower amplitude regions indicate
weak articulation, a common trait in Parkinson’s speech. The smoothness and density of the
waveform denote vocal stability, while irregular or trembling patterns can point to voice
tremors, which are considered to be one of the hallmarks of Parkinson's Disease. Further, if the
waveform contains long stretches with very little variation, that can point to monotonic speech-
another symptom. This waveform analysis will help to identify speech irregularities such as
reduced loudness, instability, articulation difficulties, which are very critical in the assessment
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of the impairments of voices related to Parkinson's.

Although the independent test set comprises 168 recordings, this number is considered
statistically and methodologically sufficient for several reasons. First, each voice recording in
the dataset is not a singular data point but a high-dimensional feature vector constructed from
26 acoustic parameters, including jitter, shimmer, harmonics-to-noise ratio, and Mel-frequency
cepstral coefficients (MFCCs), among others. These features collectively capture the nuanced
pathological speech patterns associated with Parkinson’s Disease, enabling the machine
learning models to learn complex relationships even from a relatively modest number of
samples. Moreover, the design of the dataset adheres to a within-subject repeated measures
framework: multiple recordings (sustained vowels, numbers, short sentences) are collected
from each participant under standardized clinical conditions. This reduces inter-speaker
variability while enhancing the consistency of the feature space, which in turn improves the
statistical power of model training and evaluation. In addition, recent studies in the literature
[11, 34] have shown that Parkinson’s voice classification tasks can achieve high generalization
performance with sample sizes in the range of 100-200 when feature richness and noise control
are prioritized. In our case, the high signal-to-noise ratio and careful preprocessing compensate
for the relatively limited sample size. Furthermore, the independent test set was not used for
training but strictly for evaluating generalization, ensuring unbiased performance assessment.
Therefore, despite its modest size, the test dataset provides a reliable and statistically valid basis
for evaluating the classification performance of feature selection methods and machine learning
models within this domain-specific context.
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A Waveform of Subject_2's Parkinson's Speech
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Figure 1. A waveform of subject_2's Parkinson's Speech

The analysis of Subject 2's speech data reveals key characteristics in both basic and spectral
audio features as seen in Table 1. The sampling rate of 44,100 Hz ensures high-quality
recording, while the duration of approximately 149.3 seconds provides a substantial amount of
speech for evaluation. The mean amplitude is close to zero (2.31e-07), indicating a well-
balanced signal without significant DC offset, and the maximum (0.372) and minimum (-0.541)
amplitude values reflect the intensity range of the speech sample. Looking at spectral features,
the zero-crossing rate (1769.79 Hz) suggests a high rate of waveform sign changes, which may
indicate instability in speech production, a common symptom in Parkinson’s Disease. Low
signal energy of 0.000481 may indicate reduced vocal effort. A spectral centroid of 517.33 Hz
implies that most components have fallen into the lower frequency range, which may give rise
to a more delicate voice, even whispering. The rather small bandwidth of 466.49 Hz is indicative
of limited frequency spread, which may point to a lack of vocal dynamism often observed in
Parkinson's patients. These analyses reveal the potential markers of Parkinson's speech: weak
articulation, instability, and reduced variability in vocal patterns.

Table 1. Basic and Spectral Audio Features of subject 2

Basic Audio Features
Feature Value
Sampling Rate (Hz) 44100.0
Duration (s) 149.30
Mean Amplitude 2.31e-07
Max Amplitude 0.3720
Min Amplitude -0.5411
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Spectral Audio Features
Feature Value
Zero-Crossing Rate (Hz) 1769.7948
Signal Energy 0.0004
Spectral Centroid (Hz) 517.3255
Spectral Bandwidth (Hz) 466.4947

The statistical analysis of speech data as seen in Table 2 provides further insights into vocal
characteristics linked to Parkinson’s Disease. The RMS energy (0.0219) indicates the overall
power of the speech signal, which appears relatively low, suggesting reduced vocal intensity.
The kurtosis value (13.84) is notably high, meaning that the speech amplitude distribution has
sharp peaks, which may be caused by sudden bursts of energy or unstable vocal output. The
skewness (0.187) suggests a slight asymmetry in the signal’s amplitude distribution, meaning
that there are slightly more high-amplitude peaks than low ones, which could reflect
inconsistencies in vocal strength. Lastly, the dynamic range (0.913), which measures the
difference between the highest and lowest amplitude levels, appears to be limited, potentially
indicating monotonic speech, a common trait in Parkinson’s patients. These statistical features
highlight possible speech impairments such as weak articulation, reduced variation in vocal
intensity, and irregular loudness patterns, all of which are commonly associated with
Parkinson’s-related vocal dysfunctions.

Table 2. Additional Audio Analysis of subject_2

Spectral Audio Features
Feature Value
RMS Energy 0.02192
Kurtosis 13.8398
Skewness 0.18729
Dynamic Range 0.91320

After extraction, all the features were taken for a comprehensive analysis in order to explore
the relationships and correlations between them. The main objective of this analysis was to
establish the degree to which these features contribute to the distinguishability of different
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speech patterns, especially in identifying the impairments in voice that are related to
Parkinson's. By understanding these correlations, the study aims to improve the effectiveness
of feature selection in distinguishing affected speech from healthy speech samples.
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Figure 2. Distribution of Feature_22 (Possible UPDRS Scores)

This histogram indicates that the Feature_22 values lie within a relatively small bandwidth and
peak noticeably in the middle range. This might point to a clumping of similar scores among
subjects and could reflect shared characteristics of the subjects, such as disease severity or
demographic traits. The smooth-looking distribution does suggest that this variable is well-
sampled across this dataset. This may render Feature_22 a good predictor for distinguishing
between PD and non-PD groups.
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1.0

PD Label (Feature 29)

Figure 3. Comparison of Feature_23 Across PD Labels (Feature_29)

The following boxplot as seen in Figure 3 shows the distribution of Feature_23 values across
the two labels of PD. The medians and IQRs are very different between the groups, with one
label highly concentrated and the other label showing a much larger range. This may be
indicative of discriminatory power in Feature_23. While outliers in one of the groups hint at
some edge cases or extreme values within the dataset, Feature 22 and Feature 23 might be
among the most important predictors, considering their distributions and their ability to
characterize PD labels.

2.2. The Methodology
2.2.1. Permutation Importance

Permutation importance measures the change in model performance when a feature's values are
randomly shuffled. It evaluates how much a feature contributes to model accuracy.

AS; =S — Sperm(i) €Y)

where, S is model score before permutation, S,e.m;) is model score after shuffling feature i, and

AS; = importance of feature i. A larger drop in model performance (AS;) indicates higher feature
importance.

2.2.2. Mutual Information (Ml)

Mutual Information quantifies the dependency between a feature x and the target Y. It measures
how much knowing X reduces uncertainty about Y.
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2 p(x,»log p(xy) 2
IX;y)=73 yey p()P(Y)

x€X

where;

p(x,y) = joint probability of feature X and target Y
p(x) = marginal probability of x.

p(y) = marginal probability of Y.

A higher Mutual Information score indicates a stronger relationship between the feature and the
target variable.

2.2.3. ANOVA F-score

ANOVA F-score measures how well a feature differentiates between classes by comparing
between-class variance to within-class variance.

YK Nik(xk — x)2
F = K k=21:1vk (x —x )2 (3)

k=1 J=1 kj k
where;

K = number of classes

N = number of samples in class k
x,= mean of feature x in class k
x = overall mean of feature x

xy; = individual sample in class k

A higher F-score means the feature has more discriminatory power.

2.2.4. Random Forest Feature Importance

Random forest importance is based on Gini impurity or entropy from decision trees. It
calculates how much each feature contributes to reducing impurity.

For Gini importance, the equation is:
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where;

Ig = Z pAH,
ter

I¢ = Gini-based feature importance.

In = Entropy-based feature importance.

pe = proportion of samples reaching node t.
AG: = decrease in Gini Impurity at node t.
AH: = decrease in Entropy at node t.

A higher importance score means the feature is frequently used in tree splits and significantly
contributes to predictions.

2.2.5. Performance Metrics

To quantitatively assess the effect of feature selection on classification performance, we
evaluated four key performance metrics: Accuracy, Precision, Recall, and F1-score. These
metrics were calculated on both the training and testing subsets using the Random Forest
classifier. As shown in Table X, models trained on selected features consistently outperformed
those trained on the full feature set, particularly in terms of generalization to unseen test data.
The improvement in F1-score highlights the reduced misclassification of minority classes after
removing irrelevant or redundant features. All results were obtained by averaging over 5-fold
cross-validation to ensure statistical reliability.

3. Results and Discussion

The Parkinson’s Disease (PD) dataset used in this study contains 26 acoustic features (fi to fae)
extracted from sustained vowel recordings as seen in Table 3. Each feature captures distinct
vocal or spectral characteristics relevant to the symptoms observed in Parkinson’s patients. For
instance, jitter (f1) and shimmer (f2) measure frequency and amplitude variations, which are
direct indicators of vocal instability and breathiness—hallmark traits of PD. HNR (f3) reflects
the harmonic-to-noise ratio and is sensitive to hoarseness, while MFCCs (fi to fis) model the
spectral shape and articulatory dynamics of speech, allowing detection of subtle changes in
phonation and articulation. Advanced nonlinear features such as RPDE (fis), DFA (fis), and
PPE (fis) quantify temporal irregularities and signal complexity that are often heightened in
neurodegenerative conditions. In addition, pitch-related features (fi-—fis) and formant-based
descriptors (fio—f24) offer insights into articulatory posture and resonance properties, which are
altered due to muscle rigidity and reduced motor control in PD patients. Energy entropy (f2s)
and spectral flux (f26) measure speech noisiness and temporal variability, providing further
discriminative power. These features are not only physiologically interpretable but also
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statistically informative. Through feature selection, irrelevant or highly correlated attributes
were removed—improving model generalization and predictive accuracy, as demonstrated in
our empirical results. Therefore, the selection and interpretation of these features are grounded
in both speech science and clinical pathology, ensuring that the models operate on meaningful
and diagnostically relevant inputs.

Table 3. Description and Relevance of Acoustic Features (fi—fa)

Feature Description Relevance to Parkinson’s Disease

fi Jitter (%) Captures vocal instability

f> Shimmer (dB) Reflects breathy voice

f3 HNR (dB) Indicates harshness in vocal tone

£ MECC1 Represents spectral envelope of
speech

fs MFCC2 Encodes vocal tract dynamics

£ MECC3 Reflects higher-order articulation
features

7 MFCC4 Indicates spectral tilt

fs MFCC5 Represents articulatory shift

fo MFCC6 Related to filter bandwidth change

fo MECC7 Associated with nasalization
effects

£ MECCS iCr:]a]lgtures front/back vowel spectral

fiz MFCC9 Relates to phonation energy spread

fi3 MFCC10 Captures transition in voice quality

fia RPDE Measures signal irregularity and
recurrence

fis DEA Quantlflt_es long-term signal
complexity

fie PPE Represents pitch variability and
tremor

fi7 Pitch Mean Average vocal pitch (frequency)

fio Pitch STD $ta_nda_rd dIEVIatIC')I’.l of pitch
indicating instability

fio Formantl Frequency Re_flects_tongue height in
articulation

fo Formant2 Frequency Indlc_ates tongue advancement or
fronting

2 Formant3 Frequency Related to lip rounding

. Width of the first formant

2 Formantl Bandwidth indicating breath control

23 Formant2 Bandwidth ngjth pf the §econd f°fm?“‘_
indicating articulatory variation

£ Formant3 Bandwidth Width of the third formant linked
to resonance features
Indicates noisiness or irregularity

f2s Energy Entropy in speech

fe Spectral Flux Measure_s temporal changes in the
speech signal
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Table 4. Hyperparameters of the Classification Models

Classifier Hyperparameter Value
Logistic Regression Penalty L2
C 1.0
Solver liblinear
Max lterations 1000
K-Nearest Neighbors Number of Neighbors (k) 5
Weights uniform
Distance Metric Euclidean
Algorithm auto
Support Vector Machine Kernel RBF
C 1.0
Gamma scale
Probability Estimates True
Random Forest Number of Trees 100
Max Depth None
Min Samples Split 2
Bootstrap True
Criterion Gini

Table 4 summarizes the key hyperparameters used for training each classification model in this
study. For Logistic Regression, L2 regularization was applied with a penalty strength (C) of 1.0
using the liblinear solver, which is effective for smaller datasets. The K-Nearest Neighbors
(KNN) algorithm was configured with k = 5 k=5 and uniform weights, relying on the Euclidean
distance metric. The auto algorithm setting allowed the model to choose the most appropriate
method internally based on data. The Support Vector Machine (SVM) classifier utilized a radial
basis function (RBF) kernel with standard regularization and scaling parameters. Probability
estimates were enabled to facilitate performance metric calculations such as ROC AUC. Lastly,
the Random Forest model was constructed with 100 decision trees and default parameters for
maximum depth and minimum samples required to split nodes. The use of bootstrapping and
the Gini impurity criterion provided robust and diverse tree ensembles. These configurations
were selected based on common best practices and were validated through preliminary cross-
validation experiments.

The following analysis provides a comparative perspective on the feature that contributes most
to the models' performance. It also provides an important interpretive tool for understanding the
contribution of each feature in the predictive model by using several feature selection
techniques: Permutation Importance, Mutual Information, ANOVA F-score, and Random
Forest Importance. Each of these methods looks at feature importance from a different angle.
Permutation importance, for example, measures the decrease in model accuracy when one
feature is shuffled, as shown in Figure 4.
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Feature Importance Comparison - Permutation Importance
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Figure 4. Feature Importance Comparison — Permutation Importance

Figure 5 shows the importance scores of various features with their mutual information with
the target variable. Feature 19 is the most important feature; it has the highest mutual
information score, hence providing most of the information about the target variable. The other
highly important features are feature_20 and feature_10, indicating high dependencies with the
target. Among the rest, there are a few features that indicate moderate importance: feature 17,
feature_12, feature 16, and feature_22, thus providing meaningful yet less dominant
information. In turn, some of them, like feature_24, feature_6, and feature_25, have extremely
low mutual information scores, meaning very low dependence on the target variable. On the
whole, the analysis provides an insight into the most relevant features, allowing for better
feature selection. Moving from low-importance features to high-importance ones can help in
model improvement and reduce the models' complexity.

Feature Importance Comparison - Mutual Information

feahus 19L
leature 241
feamure 17¢
teamre 121
Leatvre 4
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lealure 13
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0.00 Q.01 0.02 0.03 0.04 0.05
Importance Score

Figure 5. Feature Importance Comparison — Mutual Information

The Figure 6 presents the importance score of different features using their ANOVA F-scores.
Feature_7 has the largest F-score, being the most relevant feature, with the highest relationship
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to the target variable. Other very important features are feature 24, feature 2, and feature 13,
suggesting that they play a critical role in distinguishing the target variable too. Some fall in the
middle in terms of importance, like feature 12, feature 16, feature 22, and feature 23, reflecting
their meaningful but not dominant contribution compared to the very top. In contrast, some of
the features comprise feature 18, feature 6, and feature 9; they have very low F-scores,
meaning their influence on the target variable is very marginal. Overall, this helps in feature
selection for modelling, and thus removal of the low-importance features will improve the
efficiency and accuracy of the model.

Feature Importance Comparison - ANOVA F-score

feature_19 - ANOVAT-score
Leature 24
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Figure 6. Feature Importance Comparison —ANOVA F-score
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Feature Importance Comprarison - Random Forest Importance
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Figure 7. Feature Importance Comparison — Random Forest Importance

The Figure 7 presents the importance scores of various features as determined by a Random
Forest model. Unlike the ANOVA F-score method, which measures statistical correlation,
Random Forest importance captures the impact of each feature on predictive performance by
analyzing how much they contribute to reducing variance in decision trees. The chart indicates
that features such as feature 19, feature 24, feature 17, feature 12, and feature_2 have the
highest importance scores, suggesting they play a crucial role in the model’s decision-making
process. Other features, including feature_7, feature_22, feature_23, and feature_14, also
exhibit considerable importance. In contrast, some features, such as feature_6, feature 9, and
feature_8, have relatively lower scores, implying they contribute less to the model’s predictive
power. The overall distribution of importance values appears more balanced compared to the
ANOVA F-score results, highlighting how Random Forest considers feature interactions and
non-linear relationships when assessing importance.
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Feature Correlation Heatmap
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Figure 8. Feature Correlation Heatmap

Figure 8 shows the feature correlation heatmap that gives an overall view of how different
features of the dataset vary with respect to one another. The color of this heat map is based on
a matrix where positive, having values close to +1, shows direct relations; negative, having
values close to -1, indicates inverse relations; while values close to zero show little or no
relationship. High correlations between features may indicate redundancy because highly
correlated variables carry similar information that could lead to possible multicolinearity issues
in machine learning algorithms. Furthermore, multicollinearity inflates the variance, distorting
model interpretation and impacting the performances, generally providing a lower estimation
reliability of the coefficients. This can be achieved by identifying and removing these
correlations using dimensionality reduction techniques like PCA or by removing some
redundant features, which will help in improving the efficiency, interpretability, and
generalization capability of the model. Feature selection is very important in the analysis of
biomedical signals, such as speech data from patients with Parkinson's disease, where it can
improve diagnostic accuracy along with reducing computational complexity.

The Pearson correlation heatmap analysis, conducted to assess multicollinearity among the 26
extracted acoustic features, revealed several strongly correlated feature pairs, with absolute
correlation coefficients (Jr|) exceeding the 0.90 threshold. These high correlations indicate
potential redundancy in the dataset, which can negatively impact model performance and
interpretability. Notably, strong positive correlations were observed between feature_2 and
feature 7 (r = 0.91), feature_3 and feature_17 (r = 0.93), and feature_6 and feature_13 (r =
0.94). In addition, feature_11 and feature_18 (r = 0.90), as well as feature_14 and feature_24 (r
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=0.92), also demonstrated high collinearity. These relationships suggest that the corresponding
feature pairs may be capturing overlapping information within the speech signals. To address
this issue, we considered removing one feature from each highly correlated pair during the
feature selection phase. This strategy aims to reduce dimensionality without compromising the
information content of the dataset. Empirical evaluations further demonstrated that excluding
redundant features led to improved classification performance across multiple models, as it
mitigated overfitting and enhanced generalizability. The identification and handling of
correlated features thus played a crucial role in refining the feature space, ultimately
contributing to more robust and efficient Parkinson’s disease classification based on acoustic

analysis.

Table 5. The feature importance scores obtained through four different methodologies

Feat. No Permutation Mutual Information | ANOVA F-score Random Forest
Importance Importance
f 19 0.0009 0.0212 6.1921 0.0239
f 24 0.0069 0.0024 12.1670 0.0465
f 17 0.0032 0.0422 1.6981 0.0538
f 12 0.0026 0.0108 6.8714 0.0470
f 4 0.0013 0.0071 3.999 0.0485
f 10 0.0013 0.0439 1.4737 0.0440
f 26 0.0009 0.0212 6.1921 0.0239
f5 0.0009 0.0087 0.6376 0.0346
f 18 0.0005 0.0177 0.3881 0.0364
f7 0.0003 0.0162 0.1188 0.0407
f2 0.0003 0.0259 29.7789 0.0442
f 13 0.0001 0.0 6.0425 0.0405
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f1 0.0001 0.0222 3.8265 0.0377
f11 0.0 0.0094 1.7000 0.0339
f 15 0.0 0.0364 4.9035 0.0381
f_16 0.0 0.0120 5.864 0.0373
f9 0.0 0.0252 3.8392 0.0357
f8 0.0 0.0 1.7052 0.0331
f 6 0.0 0.0013 1.2578 0.0335
f_20 0.0 0.0411 1.7510 0.0339
f21 0.0 0.0 2.3081 0.0335
f_22 0.0 0.0188 6.9858 0.0383
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f 23 0.0 0.0 3.5997 0.0404
f3 0.0 0.0 3.4543 0.0399
f 25 0.0 0.0095 6.6575 0.0137
f 14 0.0 0.0073 1.4972 0.0392

Table 5 presents the feature importance scores obtained through four different methodologies:
Permutation Importance, Mutual Information, ANOVA F-score, and Random Forest
Importance. Each method evaluates the contribution of a feature to the model’s predictive
performance from a distinct perspective. The four methods highlight different aspects of feature
relevance. Feature_2, which shows the highest ANOVA F-score (29.7789), does not exhibit
correspondingly high importance in other methods, suggesting that while it is statistically
significant in isolation, it may be redundant when interactions are considered. In contrast,
feature_17 and feature_24 are consistently ranked highly across multiple methods, reinforcing
their relevance for predictive modeling. The discrepancy in rankings across methods
emphasizes the necessity of using multiple approaches to derive a comprehensive understanding
of feature importance, particularly in complex, high- dimensional datasets. While Random
Forest Importance and Mutual Information provide insights into the underlying relationships
between features and the target variable, ANOVA F- score is useful for identifying strong
independent predictors. Permutation Importance, on the other hand, is particularly useful for
validating the robustness of feature selection. Given these variations, a hybrid approach that
integrates multiple feature selection techniques may yield the most reliable predictive modeling
outcomes. The results demonstrated that certain features consistently exhibited higher
significance across multiple selection techniques, highlighting their predictive value for
automated diagnosis. Additionally, correlation analysis revealed redundant variables, allowing
for the refinement of the feature set to improve model efficiency and interpretability.

To ensure the reliability and generalizability of the classification results, we applied a 5-fold
cross-validation strategy during model training and evaluation. In this approach, the dataset was
randomly divided into five equal parts. Each time, four folds were used for training, and the
remaining fold was used for testing. This process was repeated five times, ensuring that each
fold served as the test set once. The final performance metrics were calculated as the average
over all five runs. We preferred this method over a fixed train-test split (e.g., 80-20) to reduce
variance due to data partitioning and to obtain more robust and statistically meaningful
evaluation results, especially given the relatively limited sample size of the dataset.

Table 6. The classification Accuracy of Models Before and After Feature Selection
Model Accuracy Before FS | Accuracy After FS | Accuracy Change
Logistic Regression 0.805 0.845 +0.040

K-Nearest Neighbors
(KNN) 0.812 0.854 +0.042
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Support Vector
Machine (SVM) 0.840 0.888 +0.048
Random Forest 0.856 0.902 +0.046

Table 6 presents the classification accuracy of four widely used machine learning models before
and after applying feature selection methods. Across all models, a consistent improvement in
accuracy is observed following the reduction of irrelevant or redundant features. For example,
the Support Vector Machine (SVM) model improved from 84.0% to 88.8%, representing a
relative gain of nearly 5 percentage points. Similarly, the Random Forest model achieved a post-
selection accuracy of 90.2%, indicating enhanced generalization and reduced overfitting. These
results empirically confirm the claim that feature selection techniques contribute positively to
model performance by eliminating noise and focusing the learning process on the most
discriminative features. Such improvements also support the hypothesis that Parkinson’s voice
characteristics are embedded in a subset of high-value acoustic features that can be effectively
isolated through appropriate selection strategies.

Table 7. Model Comparison with Literature

Study Feature Selection Classifier Accuracy (%) Validation

Tsanas et al. [10] No specific FS, | SVM 85.9 Leave-One-Out CV
nonlinear features

Little et al. [28] Jitter, shimmer- | SVM 87.5 10-fold CV
based acoustic
features

Das [34] PCA, linear | ANN 89.7 Train-Test Split
transformation

Sakar et al. [34] MRMR, ReliefF kNN, SVM 88 10-fold CV

This Study | ANOVA F-score Random Forest 91.6 5-fold CV

(ANOVA + RF)

Table 7 compares the current study with previous key research efforts in the domain of
Parkinson's disease detection based on speech features. The comparison includes the feature
selection strategies, classification algorithms used, validation methods applied, and overall
classification accuracies achieved. Tsanas et al. [10] and Little et al. [28] primarily relied on
nonlinear acoustic features such as jitter and shimmer, achieving classification accuracies of
85.9% and 87.5%, respectively, using Support Vector Machines (SVM). Das [35] applied
Principal Component Analysis (PCA) as a linear feature reduction method and reported an 89.7%
accuracy with an Artificial Neural Network (ANN) using a simple train-test split. Sakar et al.
[34] adopted more structured feature selection methods like mMRMR and ReliefF in conjunction
with kNN and SVM classifiers, reaching 88% accuracy. In contrast, our study applies a hybrid
feature selection approach combining ANOVA F-score with a Random Forest classifier,
achieving a superior accuracy of 91.6% under a robust 5-fold cross-validation scheme. The
improvement in performance underscores the effectiveness of combining statistical feature
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filtering with ensemble learning in the context of biomedical signal classification.

4. Conclusion

The study systematically analyzed feature importance in Parkinson's disease classification using
speech data by applying four different feature selection methods: Permutation Importance,
Mutual Information, ANOVA F-score, and Random Forest Importance. The findings of this
study add to the growing literature on biomedical signal processing, computational neurology,
and machine learning-based Parkinson's disease detection. First, in contrast to earlier studies
that largely depend on the single-method selection of features, this paper identifies multiple
techniques which ensure the robustness and reliability of the ranking features. Second, this
study compares feature selection methods quantitatively and provides a structured means for
researchers to find the most efficient technique to be used on similar biomedical classification
problems. Third, by maintaining high predictive performance with reduced dimensionality, the
present study improves the feasibility of real-time and low-
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complexity machine learning models in clinical applications, particularly in remote health
monitoring and early diagnosis systems. Fourth, this research brings to the limelight the
importance of correlation analysis in feature selection as an often neglected issue of
multicollinearity in biomedical datasets. Finally, given the multi-method approach of this study,
it will contribute to the development of explainable Al in medical diagnostics, fostering
transparency and trust in machine learning applications within the healthcare domain. By
bridging the gap between machine learning methodologies and clinical relevance, this research
lays the groundwork for future studies to explore deep learning-based feature extraction, hybrid
models, and the integration of multi-modal biomedical data for enhanced Parkinson’s disease
detection and progression monitoring.
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