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PAPER

Exploring Essential Acoustic Features for Early 
Parkinson’s Disease Classification: A Machine 
Learning Study

ABSTRACT
Parkinson’s disease (PD) is a neurological condition that affects approximately 10 million 
individuals globally and is ranked as the second most prevalent neurodegenerative condi-
tion after Alzheimer’s disease. Vocal disorders can be identified in approximately 90% of PD 
patients in the early stages of the disease. In this study, 19 machine learning (ML) algorithms 
were applied to a database of voice recordings of healthy individuals and individuals with 
PD obtained from a public repository. Different feature selection (FS) and hyperparameter 
optimization techniques were applied to all models for training, testing, and validation data. 
Among the ML algorithms, support vector machine with radial kernel, Naïve Bayes (NB), and 
Gaussian process classifier (GPC) yielded promising results when considering all features. 
Linear discriminant analysis, K neighbors classifier (KNN), extra trees classifier, GPC, and 
NB demonstrated excellent performance on the testing data after employing FS techniques. 
Decision tree classifier, KNN, and GPC emerged as the top performers when applied to 
the validation dataset. Our findings, derived from an extensive and chronological review 
of studies utilizing the same dataset, which surpass previous benchmarks, provide a com-
prehensive understanding of ML’s application in voice analysis to support accurate clinical 
decision-making.

KEYWORDS
feature selection (FS), machine learning (ML), medical diagnosis, Parkinson’s disease (PD), 
voice analysis

1	 INTRODUCTION

Parkinson’s disease (PD) is a neurological disorder characterized by the typical 
clinical signs and symptoms of bradykinesia, tremor, postural instability, and mus-
cle rigidity [1]. It affects approximately 10 million people worldwide, with global 

Daniel Hilário da Silva1,2(), 
Caio Tonus Ribeiro1, 
Leandro Rodrigues da 
Silva Souza1,3, José Renato 
Munari Nardo1, Adriano 
Alves Pereira1,4

1Programa de Pós-Graduação 
em Engenharia Biomédica, 
Uberlândia, Brasil

2Instituto Federal Goiano –  
Campus Cristalina, 
Cristalina, Brasil

3Instituto Federal Goiano –  
Campus Rio Verde, 
Rio Verde, Brasil

4Faculdade de Engenharia 
Elétrica, Uberlândia, Brasil

daniel.hilario@
ifgoiano.edu.br

https://doi.org/10.3991/ijoe.v21i02.50503

https://online-journals.org/index.php/i-joe
https://online-journals.org/index.php/i-joe
https://doi.org/10.3991/ijoe.v21i02.50503
https://doi.org/10.3991/ijoe.v21i02.50503
https://online-journals.org/
https://online-journals.org/
mailto:daniel.hilario@ifgoiano.edu.br
mailto:daniel.hilario@ifgoiano.edu.br
https://doi.org/10.3991/ijoe.v21i02.50503


iJOE | Vol. 21 No. 2 (2025)	 International Journal of Online and Biomedical Engineering (iJOE)	 99

Exploring Essential Acoustic Features for Early Parkinson’s Disease Classification: A Machine Learning Study

occurrence doubling in the past 25 years due to increased longevity and a longer 
duration of illness [1]. It is the second most common neurodegenerative dis-
ease after Alzheimer’s disease [2]. The clinical presentation includes motor and 
non-motor symptoms, and the diagnosis is based on the clinical features [3]. PD was 
first described by James Parkinson in 1817 [4], [5] under the name “shaking palsy.” 
However, it was only in the 19th century that Charcot gave credit to Parkinson by 
referring to the disease as PD, which occurs due to the degeneration of cells located 
in a region of the brain called the substantia nigra [6]. Notably, the prediction of 
chronic diseases plays a pivotal role in healthcare informatics, and it is crucial to 
plan preventive actions and effective treatment for the early diagnosis of diseases [7].  
Non-motor symptoms, including autonomic dysfunction, cognitive or neurobehav-
ioral abnormalities, sleep disturbances, and sensory abnormalities, are common 
and are usually observed in patients with PD [6].

Decision-making on the status of a patient and the positive diagnosis of the dis-
ease still occur clinically, considering the medical history and physical examination, 
which makes the assessment and classification of the individual’s status susceptible 
to errors. The main risk factor for PD is age; consequently, considerable growth is 
expected in the coming years owing to the aging population [8], [9]. Therefore, the 
identification of new markers for PD diagnosis or the improvement of the accuracy of 
the currently available tools is required, mainly in the initial stage of the disease [2],  
which is believed to occur before the manifestation of motor symptoms, with 
loss or decrease of sense of smell, sleep disturbances, tremor, and slowness of 
movement [10].

Noninvasive speech tests have been explored as a new marker for PD since 
speech deterioration, classified as one of the motor symptoms of the condition, is 
consistently observed in approximately 90% of patients with PD presenting with 
some vocal disorder in the initial stages [2], [10]. A previous study [11] showed 
that patients with PD were identified using acoustic features extracted from a 
speech test [2] and that voice is an early biomarker for PD detection [12]. Given 
the advancements in technology and computational power, machine learning (ML) 
has emerged as a valuable tool for the early prediction of diseases [12]. ML models 
are built from a considerable amount of data that are trained using mathematical 
and statistical approaches, allowing the classification, grouping, and prediction 
of new data.

In this study, PD was diagnosed using real data available in a public repository 
together with ML models, which were created using 19 different algorithms. Of 
these, six models were selected for a more detailed analysis in the case where all 
variables were initially considered and for the condition where some variables were 
disregarded using techniques widely used in the literature for feature selection (FS).  
This study focused on the application of ML models to classify patients with PD, 
considering data from voice records [10], [13], using a comprehensive approach to 
ML models. Our approach is distinguished by a comparative analysis with twelve 
other studies that have also utilized the same dataset [11]. This extensive review 
and comparison bring a new point of view to our study, not only benchmarking our 
models against existing research but also highlighting our novel contributions in 
terms of FS and algorithm optimization. This contextual backdrop underscores the 
significance of our work, illustrating a marked advancement over previous method-
ologies and setting the stage for our detailed investigation. In Section 2, we describe 
the public repository from which the data were selected, how the acoustic variables 
were obtained, and we describe in detail the methods for creating the ML models 
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applied to all features and a subset of features after FS techniques. Section 3 the 
results of the study. In Section 4, we discuss the findings, and in Section 5, present 
the conclusions of this study.

2	 MATERIALS AND METHODS

In this section, we describe the dataset used, the preprocessing steps that we 
applied, and the ML techniques adopted in the study. The goal is to provide a clear 
understanding of the methodology followed to classify PD based on voice features, 
detailing each stage from data collection to model evaluation.

2.1	 Dataset

The dataset used in the experiments consists of features obtained from the 
“Parkinson Dataset with Replicated Acoustic Features Data Set,” which was 
donated to the UCI ML repository by Naranjo et al. [11] in 2019. The Bioethical 
Committee of the University of Extremadura approved the study protocol. The 
dataset presents the speech signals of 80 individuals, including 44 acoustic fea-
tures extracted from the voice recordings of 40 patients with PD and 40 from the 
control group. Data were collected from 80 individuals over 50 years of age, as 
shown in Table 1.

Table 1. Distribution of the participants of the study

Healthy Individuals PD Individuals Total

Recording number 120 120 240

Participants 40 40 80

The mean age (± standard deviation) was 66.38 ± 8.38 for the control group and 
69.58 ± 7.82 for PD patients. According to a previous report, patients with PD pres-
ent with at least two of the following symptoms: resting tremors, bradykinesia, and 
rigidity [11]. In the dataset, 240 records were observed, considering only 80 indi-
viduals with 46 variables in total, 44 variables with data over the voice, and two 
variables with data on the gender and status of the individuals [11], [14]. Of the 
80 participants, 48 were male (22 from the healthy group and 26 from the PD group) 
and 32 were female (18 from the healthy group and 14 from the PD group). The 
recordings were obtained by asking the participants to produce a specific speech 
sustaining the intonation of the vowel /a/ for at least 5 seconds and repeating it 
three times. Voice samples were obtained through digital recording performed 
at a sampling rate of 44.1 kHz and 16-bit resolution using the Audacity software 
version 2.0.5 [11].

Table 2 displays all variables, including the voice measures used in the experi-
ments, adapted from [10], [12], [14], and [15]. The ‘Status’ variable defines the class 
and has a value of 0 for healthy subjects and 1 for PD. The voice recordings yielded 
a set of 44 acoustic features, which could be categorized into five groups: pitch, local 
perturbation in amplitude, noise characteristics, special envelope features (including 
MFCCs and Delta coefficients), and nonlinear measures.
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Table 2. Variables used in the experiments

Parameter Abbreviation

Pitch Jitter_rel (%), Jitter_abs, Jitter_RAP, Jitter_PPQ

Amplitude local perturbation Shim_loc, Shim_dB, Shim_APQ3, Shim_APQ5, Shim_APQ11

Harmonic-to-noise ratio HNR05, HNR15, HNR25, HNR35, HNR38

MFCCs and Delta Coefficients MFCC0, MFCC1, …, MFCC12

Delta0, Delta1, …, Delta12

Non-linear RPDE, DFA, PPE, GNE

Others Gender and Status

2.2	 Preprocessing techniques

In the data preprocessing, standard libraries of the Python programming language 
were used with functions from the Python language to simplify the data processing 
procedure. The data were normalized using a z-score transform, leaving them with 
a zero mean and unitary variance, analogous to the concepts described by Rehman 
et al. [16]. The data standardization process was used in this study because the data-
set contained numerous features with varied scales. Therefore, this step ensures 
that all features have the same weight during the model learning process [12], [16]. 
Initially, each participant contributed three replicated recordings, adhering to the 
methodology commonly adopted in related works [2], [15], [17], [18], [19], [20], [21], 
[22], [23], [24], [25], [26]. These recordings served as independent records, with each 
containing distinct vocal features, a practice well-established in the field, as summa-
rized in Table 9.

During the preprocessing phase, we imported the dataset in CSV format, as made 
available in the repository.1 Initially, we omitted columns deemed irrelevant to our 
study, such as “ID” and “Recording.” This step ensured the exclusion of nonessential 
metadata, streamlining the dataset for analysis. After preprocessing, the dataset 
retained 240 records, for a total of 46 variables. These included 44 acoustic 
variables, one variable representing gender (Gender), and one target variable 
(Status). We checked for any missing values in the dataset and found none, ensuring  
completeness.

2.3	 Framework for classification modeling

For supervised ML modeling, 19 algorithms widely reported in the literature for 
PD classification and available in the PyCaret library were adopted for a comprehen-
sive approach.

The proposed ML framework uses 46 features as predictor variables (standard-
ized data: zero mean, unit variance) and disease status (PD or HC) as response vari-
ables. The initial number of acoustic features was 44, which was reduced after the 
FS process, as shown in Figure 1.

1 The dataset used in the experiments consists of features obtained from the “Parkinson 
Dataset with Replicated Acoustic Features Data Set,” which was donated to the UCI Machine 
Learning Repository.
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The voice features and the optimal desired number were also selected based on 
their contributions to the ML models. Python language and some libraries, including 
Scikit-learn and PyCaret, were used [27].

Fig. 1. Framework for ML modeling for PD classification with voice analysis

2.4	 Data split and cross-validation

After the preprocessing stage, 7.5% of the dataset was separated into a validation 
subset (18 observations), while the remaining data (222 observations) was divided into 
two sets: training data and testing data, with proportions of 80% and 20%, respectively, 
as described in [16], similar to the division observed in [16], [25]. The training set was 
used to train the models and evaluate their performance using cross-validation (CV). 
The chosen strategy was stratified k-fold with a fold number set to 5, ensuring robust-
ness in the evaluation process. Conversely, the test dataset was used to verify the model’s 
generalization on unseen data. Table 3 presents the distributions of the three subsets.
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Table 3. Distribution of the data in subsets for training, testing and validation

Validation Training (80%) Testing (20%)

Number of records  
and variables

(rval, vval) (rtra, vtra) (rtes, vtes)

(18, 46) (177, 46) (45, 46)

The variables in Table 3 are defined as follows:

•	 rval represents the number of records and vval represents the number of variables 
used for the process of validation.

•	 rtra represents the number of records and vtra represents the number of variables 
used for training the models.

•	 rtes represents the number of records and vtes represents the number of variables 
used for testing the trained models.

The division of the dataset, as presented in Table 3 and visually represented in 
Figure 1, was pivotal in ensuring the robustness of our model evaluations. Initially, 
we segmented the dataset into three subsets: training, validation, and testing.

2.5	 Voice feature selection techniques

For the first approach, the proposed structure for the ML models examined 46 fea-
tures, 44 acoustic features, and one feature containing the individual’s gender as a 
predictive variable since the disease state (PD or HC) was considered as the response 
variable. In this study, we used FS, a preprocessing phase in data science, to identify 
the key features of the problem. FS has several advantages, such as saving time for 
future data collection, understanding the causes of diseases, lowering computational 
costs, and having no degradation in performance [10]. A satisfactory determination 
of the variables during the FS phase can improve the accuracy of the classification 
algorithm [7], [10].

The FS process was initially performed on the 46 features of the problem to obtain 
a compact and effective model. Two FS algorithms, principal component analysis 
(PCA) [15], [20] and correlation feature selection (CFS) [28], were applied to the dif-
ferent classification methods. The algorithms then generated new feature subsets 
and classifications. The application of these techniques aims to determine the opti-
mal number of features by considering their contribution to improving the accuracy 
of the classification algorithms. Figure 2 illustrates the FS process.

Fig. 2. Feature selection process
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The process illustrated in Figure 2 outlines how the classification was applied 
to the processed voice data, incorporating both PCA and CFS to achieve predictive 
results. The CFS method searches for pairs of highly correlated measures similar to 
[29] and removes an arbitrary measure from each pair. The PCA method reduces the 
dimensionality of the dataset by identifying combinations of features that capture 
the most variance in the data. Additionally, PCA removes correlated measures by 
transforming the original features into a new set of uncorrelated variables, known 
as principal components. This process helps to streamline the feature space while 
retaining the most important information for classification tasks [15], [22].

2.6	 Classification

Considering the studies presented in the literature [2], [10], [12], [15], [28], [30], 
we used a broad supervised ML modeling approach, implementing 19 algorithms 
to classify patients with PD. We used the default set of classification models avail-
able in the PyCaret library, encompassing a comprehensive range of widely used 
algorithms for classification problems. Additionally, we included models such as 
CatBoost, XGBoost, MLP, and RBF-SVM, which are extensively cited in the literature 
[2], [17]. This approach ensured a robust comparison and minimized potential biases 
in model selection by considering a diverse set of algorithms.

Our framework is comparable to that used in [16]. The algorithms initially sub-
mitted to the training data were the Ada boost classifier (ADA), CatBoost classifier 
(CATBOOST), decision tree classifier (DTC), dummy classifier (DUMMY), extra trees 
classifier (ETC), extreme gradient boosting (XGBOOST), Gaussian Process classifier 
(GPC), gradient boosting classifier (GBC), K neighbors classifier (KNN), light gradient 
boosting machine (LGHTGBM), linear discriminant analysis (LDA), logistic regression 
(LR), MLP classifier (MLP), Naïve Bayes (NB), quadratic discriminant analysis (QDA), 
Random Forest (RF) classifier, ridge classifier (RIDGE), support vector machine-linear 
kernel (SVM), and support vector machine-radial kernel (RBFSVM).

To mitigate the risk of overfitting, we employed a comprehensive approach that 
included cross-validation, hyperparameter tuning, and FS techniques. After training 
all models on the training dataset, we used k = 5 folds to verify the models’ perfor-
mance, as the concept used in [2], [10], [12], and [16]. This process involved dividing 
the training data into five subsets and training the model on four subsets while test-
ing it on the remaining subset, rotating this process to ensure each subset was used 
as a testing set. This rigorous testing on different subsets prevented the models from 
becoming overly tailored to the training set. The performance of the algorithms was 
presented in terms of average accuracy and standard deviation. This process requires 
significant computational resources for hyperparameter optimization. Initially, we set 
aside 7.5% of the dataset for validation purposes. This step helps mitigate overfitting 
by providing an additional evaluation phase separate from training and testing. The 
remaining 222 records from the original 240 were then divided into 80% for training 
and 20% for testing to assess the models’ generalization capabilities. However, it is 
necessary, as this process contributes to obtaining accurate results and reducing over-
fitting when the considered dataset is small [12], [31]. We integrated FS techniques 
like CFS and PCA to further enhance robustness and curb overfitting. These methods 
not only aid in fine-tuning model parameters but also contribute to creating more 
resilient models, aligning with established practices in predictive modeling [32].

Different metrics exist in medical diagnosis systems for measuring the performance 
of classification methods, such as accuracy, recall, precision, f-score, and Matthews 
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Correlation Coefficient (MCC) [7]. Accuracy is widely used in literature [2], [10], [12], [16], 
[28], [33] as a model performance metric. Based on the values derived from the confu-
sion matrix, several key metrics can be calculated. The four possible outcomes are true 
positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) [10]. These 
outcomes allow us to compute various performance indicators: accuracy as shown in 
Equation 1; precision, which measures the proportion of cases identified as positive by 
the classifier, as defined in Equation 2; recall, indicating the percentage of correctly iden-
tified positive samples as detailed in Equation 3; f-score, which provides a combined 
measure of precision and recall, described in Equation 4; and the MCC, which is par-
ticularly useful for datasets with imbalanced class sizes, as outlined in Equation 5 [34].

	 Accuracy
TP TN

TP TN FP FN
�

�
� � �

	 (1)

	 Precision
TP

TP FP
�

�
	 (2)

	 Recall
TP

TP FN
�

�
	 (3)

	 F Score� �
�

2 *
( * )

( )

Precision Recall

Precision Recall
	 (4)

	 MCC
TN TP FN FP

�
�

� � � �
* *

( )( )( )( )TP FP TP FN TN FP TN FN
	 (5)

2.7	 The area under ROC curve

To compare the efficiency of the models, we used accuracy as one of the metrics. 
For the model with the highest accuracy, we generated the receiver operating char-
acteristic (ROC) curve, which is formed by plotting the FP rate (FPR) on the x-axis and 
the TP rate (TPR) on the y-axis [35]. The ROC curve is a graphical plot that illustrates 
the diagnostic trade-off between clinical recall/sensitivity and specificity for every 
possible cutoff in a combination of binary classification tests.

The area under the curve (AUC) estimates the area underneath the entire curve 
and is commonly used to assess the diagnostic performance in several biomedical 
applications [15], [36]. The expressions for TPR and FPR are defined as follows:

	 TPR
TP

TP FN
�

�
	 (6)

	 FPR
FP

TN FP
�

�
	 (7)

Where TP, FN, FP, and TN are used to calculate the rates [35].

2.8	 Data preprocessing and implementation

Data preprocessing and implementation of ML algorithms were performed using 
the Python programming language version 3.10.12 and Visual Studio Code software 
version 1.88.0. Default hyperparameters were used for each model to replicate the 
results of future studies. A commonly used technique to evaluate the performance of 
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ML models from a dataset is to run a training process by testing multiple times and 
calculating the mean and standard deviation for the initially defined performance 
metric, which is the accuracy of this study. The functions used to configure, create, test, 
and optimize the model’s performance multiple times were ‘setup’, ‘compare_models,’  
‘create_model,’ and ‘tune_model,’ from the PyCaret library, which performs cross- 
validation according to a previously defined number of partitions [2], [12], [16], [37].

Specifically, the ‘setup’ function was used to prepare the data for model training. 
This function offers a variety of parameters, enabling the creation of a comprehensive 
data preprocessing pipeline. Conversely, the ‘compare_models’ function simplifies 
the process of selecting the best classification model by training all available models 
and presenting the results in an accessible format. The ‘create_model’ function allows 
the creation of a specific model of interest with more flexibility. Lastly, the ‘tune_
model’ function plays a crucial role in enhancing the performance of a classification 
model through hyperparameter tuning, a technique aimed at finding the optimal 
combination of hyperparameters. It adjusts the hyperparameters of a given estima-
tor, producing a score grid with cross-validation scores for the best model [27], [38].  
After the optimization process, the ‘predict_model’ function is applied to the mod-
els, producing, by default, predictions over the testing data that is used to deter-
mine how well the model generalizes to new data. Also, it is possible to change the 
parameter of this function to apply this to the validation data, considering ‘predict_ 
model(ml_model, data = validation_data)’ that in this study is represented by (rval, vval).

3	 RESULTS

3.1	 Classification algorithms applied to all features

The results highlighted in Table 4 were obtained by implementing the algo-
rithms with default hyperparameters using the PyCaret library. For each model, we 
assumed a value for the average accuracy in percentage, with train size = 0.80, fold 
strategy = stratifiedkfold, fold = 5, normalized data by z-score with normalized = True, 
remove_multicollinearity = False, and all the other hyperparameters from the ‘setup’ 
function by default. Additionally, the parameter ‘session_id = 1245’ was set to ensure 
reproducibility of results.

Table 4. Performance analysis of 19 models applied to training data considering all features  
(mean values from k-fold CV)

Model
Training Data

Mean of Accuracy, Recall, Precision, F-score (%), AUC ([0,1]) and MCC ([-1,1])

Accuracy (%) Recall (%) Prec. (%) F-score (%) AUC MCC

RBFSVM 84.14 0.8881 76.21 91.04 0.8264 0.6959

NB 83.56 0.8688 79.54 86.10 0.8253 0.6748

GPC 82.44 0.8135 79.61 84.74 0.8194 0.6527

ET 82.43 0.8983 78.37 85.36 0.8128 0.6559

CATBOOST 81.87 0.8888 76.14 86.42 0.8051 0.6477

RF 81.32 0.8548 78.37 83.96 0.8040 0.6377

LIGHTGBM 80.21 0.8638 75.10 84.52 0.7903 0.6142

(Continued)
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Model
Training Data

Mean of Accuracy, Recall, Precision, F-score (%), AUC ([0,1]) and MCC ([-1,1])

Accuracy (%) Recall (%) Prec. (%) F-score (%) AUC MCC

MLP 79.57 0.8786 80.72 79.96 0.8009 0.5948

KNN 79.10 0.8374 75.03 82.10 0.7822 0.5868

XGBOOST 79.08 0.8743 75.03 82.04 0.7806 0.5879

RIDGE 79.05 0,0000 75.03 82.97 0.7816 0.5911

ADA 78.49 0.8061 76.21 80.21 0.7796 0.5734

LR 78.43 0.8901 76.01 80.03 0.7793 0.5696

GBC 77.97 0.8429 72.81 81.30 0.7649 0.5661

LDA 77.33 0.8308 73.86 80.49 0.7657 0.5544

SVM 74.57 0,0000 69.41 78.39 0.7332 0.4989

QDA 70.67 0.7765 55.69 80.78 0.6486 0.4389

DT 69.46 0.6948 65.95 70.48 0.6785 0.3922

DUMMY 50.29 0.5000 0.00 0.00 0.0000 0.0000

In order to calculate the relevant metrics, the confusion matrix corresponding 
to each model was obtained using the algorithm, from which the expected and true 
outcomes can be obtained. Figure 3 represents the top three best-performing models 
on the test subset: NB, QDA, and GPC.

a) b) c)

Fig. 3. Confusion matrices for the top three models applied to the testing dataset: (a) GaussianNB (NB),  
(b) Quadratic Discriminant Analysis (QDA), and (c) Gaussian Process Classifier (GPC)

Using the values presented in Figure 3 for the NB model on the testing data with 
the expressions for accuracy, recall, precision, F-score, and MCC defined in [10], [15], 
it was possible to calculate this value for the top six models. The hyperparameters 
of each model were optimized using the ‘tune_model’ function from the PyCaret 
library, which can improve the performance of a classification model by determin-
ing the optimal combination of its hyperparameters tuning [27], [38]. We compared 
the performance of each algorithm when subjected to test data on the accuracy 
metric. Table 5 presents accuracy, recall, precision, F-score, and MCC values for the 
best-performing models on the testing data, following the optimization of hyperpa-
rameters across all 19 models. After the optimization of the 19 ML models, we have 
the results presented in Table 5, considering the testing data.

Table 4. Performance analysis of 19 models applied to training data considering all features  
(mean values from k-fold CV) (Continued)
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Table 5. Performance analysis for the best six models applied to testing data for all features

Model
Testing Data

Mean of Accuracy, Recall, Precision, F-score (%), AUC ([0,1]) and MCC ([-1,1])

Acc. Recall Prec. F-score AUC MCC

QDA 91.11 91.30 91.30 91.30 0.9466 0.8221

NB 88.89 86.96 90.91 88.89 0.9200 0.7787

GPC 88.89 82.61 95.00 88.37 0.9130 0.7853

CATBOOST 88.89 82.61 95.00 88.37 0.9486 0.7853

LDA 86.67 78.30 94.74 85.71 0.9526 0.7461

MLP 86.67 78.26 94.74 85.71 0.9486 0.7461

The criterion for selecting the best-performing models was based on each 
model’s performance on the training data, considering the mean accuracy value 
and, for tie-breaking among models with the same accuracy value, the F-score 
metric value was considered. Model optimization was conducted using the 
default parameters of the ‘tune_model’ function for all 19 ML algorithms in the 
PyCaret library.

3.2	 Classification algorithms after using feature selection

Feature selection has proven to be a successful preprocessing tool for ML prob-
lems [39]. However, it is difficult to select from the growing number of available 
models. In this study, two FS methods were used, motivated by the results obtained 
in the literature [2], [7], [16], [28], [39], and the considerable increase in the accuracy 
value [10] after applying FS techniques. The CFS, defined in [39], was utilized to 
select highly correlated voice features employing a correlation coefficient thresh-
old greater than or equal to 0.90 (r ≥ 0.90). The correlation values of the removed 
features ranged from 0.91 to 0.99, confirming the high correlation. To illustrate this, 
Figure 4 provides a heat map showing the correlations among the 18 features that 
were retained after applying the CFS method. In total, 27 variables were removed, 
and the final set of features, including those selected and those eliminated, are 
detailed in Table 6, except for the target variable, Status.

Table 6. The features removed and the selected after the technique of CFS

Method Features Removed Features Selected

CFS Jitter_rel, Jitter_abs, Jitter_RAP, Shim_loc, 
Shim_dB, Shim_APQ3, Shim_APQ5, HNR05, 
HNR15, HNR25, HNR35, MFCC0, MFCC1, 
MFCC4, MFCC6, MFCC7, MFCC8, MFCC9, 
MFCC10, MFCC11, MFCC12, Delta0, Delta3, 
Delta4, Delta5, Delta6, Delta7

Gender, Jitter_PPQ, Shim_APQ11, HNR38, 
RPDE, DFA, PPE, GNE, MFCC2, MFCC3, MFCC5, 
Delta1, Delta2, Delta8, Delta9, Delta10, 
Delta11, Delta12

Number 27 18

Principal component analysis was applied to the initial set of 46 variables, 
resulting in a new subset of variables by restricting the analysis to 10 components, 
and the PCA method utilized in the ‘setup’ function from the PyCaret library was 
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“pca_method = ‘kernel.’” These components represent linear combinations of the 
original variables, capturing most of the data’s variability while preserving essential 
characteristics.

Afterward, to select the most relevant features, they were applied to all models 
to measure the information gained regarding the class for CFS and PCA. The CFS 
technique was strategically employed on the original set of 46 features to formu-
late a concise yet powerful model. Subsequently, the multitude of acoustic features 
was distilled to a more manageable 18, which were subsequently evaluated using 
19 distinct classification methods. The visual representation in Figure 4 depicts 
a heat map illustrating the correlations among these 18 features, comprising 
17 acoustic features.

Fig. 4. Heat map showing the correlation among the 18 features after the CFS

The criterion for selecting the best-performing models presented in Table 7 is 
related to the performance of each model on the testing data, which were optimized 
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using the function ‘tune_model,’ as mentioned in this study, considering the mean 
value and standard deviation for the accuracy metric.

Table 7. Model performance analysis applied to training and testing data

Method Model
Training Data Testing Data

Before FS
Mean Accuracy (%)

After FS
Mean Accuracy (%)

After the FS Process
Mean Accuracy (%)

CFS LDA 77.33 81.29 93.33

GPC 82.44 80.75 91.11

KNN 79.10 79.10 91.11

SVM 74.57 76.79 91.11

RIDGE 79.05 81.29 91.11

MLP 79.57 75.67 88.89

PCA NB 83.56 83.60 88.89

RBFSVM 84.14 81.89 88.89

ETC 82.43 82.44 88.89

GPC 82.44 81.89 86.67

LR 78.43 83.00 86.67

KNN 79.10 84.13 86.67

The model performance analysis applied to the training and testing data, before 
and after the FS process, demonstrated that a great number of models achieved 
better performance after the FS process (CFS and PCA) considering the training 
data, except for RBFSVM and GPC using the PCA technique over the training data, 
where the mean value for accuracy was 84.14% before the FS and reduced to 
81.89% and 82.44% that reduced to 81.89%, respectively. After the CFS method, 
the mean value was 82.44%, reduced to 80.75% for the GPC model, and for MLP, 
reduced from 79.57 to 75.67. The analysis of the top six models on the testing data 
revealed that all models performed well with an accuracy metric between 86.67% 
and 93.33%.

Figure 5 shows the feature importance plot for LDA and SVM algorithms after 
the CFS technique, which presents the 10 most important features for each model. 
Figure 6 shows the ROC curve for the models GPC, LDA, NB, and SVM, which obtained 
relevant values for the AUC. The FS process aimed to streamline the initial set of 
44 acoustic features to develop a concise and efficient model, employing the CFS and 
PCA techniques.

Subsequently, the application of the PCA technique led to a reduction in the num-
ber of acoustic features to 10 principal components, and the CFS technique reduced 
the number of 44 to 17 acoustic features. These selected features were then utilized 
in 19 distinct classification methods.

The Feature Importance plot, after the CFS technique, assigns a score to each 
feature, where higher scores signify increased relevance to the output data variable 
[7], [16].
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a) b)

Fig. 5. The ten features of more importance for: a) LDA, b) SVM algorithms after the application of the CFS technique

Figure 5, panels a) and b), display the feature importance profiles for models LDA 
and SVM applied to the same subset of 18 features derived from an initial set of 45 
via the CFS technique. Notably, within this subset, both models, despite their inher-
ent algorithmic differences, share common variables among the five most important. 
Considering the LDA, the most impactful are ‘HNR38’, ‘PPE,’ ‘Delta11,’ ‘MFCC3,’ and 
‘Delta2,’ while for SVM, they are ‘HNR38,’ ‘MFCC3,’ ‘PPE,’ ‘DELTA11,’ and ‘MFCC5.’

a) b)

c) d)

Fig. 6. ROC curve generated by a) GPC and b) LDA after the application of the technique of CFS, c) NB  
and d) SVM-Linear after the application of the PCA

After applying the CFS method, the estimated AUC values of the GPC model were 
0.93, and the LDA’s were 0.96 for the ROC of classes 0 and 1. Considering the NB after 
using the PCA method, the AUC values were 0.94; the SVM was 0.93 for the ROC of 
classes 0 and 1, thereby representing a promising result since the maximum value is 1.  
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Table 8 summarizes the results of classification experiments using different methods 
and models with distinct subsets of features. Each FS or dimensionality reduction 
method was applied to the training, testing, and validation datasets, and the models 
were evaluated based on their performance metrics, which in this study was con-
sidered the accuracy.

Table 8. Model performance analysis applied to training, testing, and validation data  
with the Accuracy given in %

Stage Model
Subset for

Training
Mean Accuracy (%)

Testing
Mean Accuracy (%)

Validation
Mean Accuracy (%)

All features GPC 82.44 88.89 83.33

XGBOOST 79.08 86.67 72.22

KNN 79.10 82.22 77.78

Correlation 
Feature Selection

GPC 82.44 91.11 83.33

ETC 82.43 88.89 77.78

KNN 79.10 88.89 77.78

Principal 
Component Analysis

DTC 69.46 80.00 83.33

ETC 82.43 88.89 72.22

KNN 79.10 86.67 66.67

The models include GPC, KNN, DTC, XGBOOST, and ETC; their results provide 
a comparative view of the models’ performance across different feature configu-
rations. Table 9 presents the outcomes from ten studies that engaged the identical 
dataset for data classification purposes, adopting a methodology akin to ours. Even 
though each of these studies deployed distinct classification techniques, strategies 
for optimizing hyperparameters, FS techniques, and proportions for training, 
testing, and validation data, they uniformly analyzed the same volume of records, 
totaling 240.

Table 9. Comparison of the accuracy between the proposed method in this work  
and previous works that apply classification to the same dataset

References FS Technique Number 
of Features

Train Test
Validation

Classify  
Method

Acc. 
(%)

Ghaheri et al. (2023) [17] Pearson Correlation 32 75/25 XGBoost 85.42

Özseven et al. (2023) [18] – – 80/20 BA-SVM 86.70

ICPSO-SVM 88.80

IGA-SVM 88.30

HSA-SVM 88.30

Islam et al. (2022) [19] – 44 70/15/15 FFNN 85.00

Bao et al. (2022) [15] PCA
FS

44 90/10 KNN 80.60

SVM 82.50

SSCL 83.80

(Continued)
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References FS Technique Number 
of Features

Train Test
Validation

Classify  
Method

Acc. 
(%)

Saeed et al. (2022) [20] PCA 
IG

45 to 20 – KNN 88.33

Fahim et al. (2021) [21] CFS, ANOVA, 
CSFS, MIFS, RFE

– – GNB 82.50

LR 83.11

Mittal et al. (2021) [22] PCA 45 – wkNN 90.30

Yaman et al. (2020) [23] Statistical for 
Feature Increasing

45 to 177 – KNN 91.23

ReliefF algorithm 177 to 66 SVM 91.25

Karabayir et al. (2020) [2] FI and Incremental 
Feature Addition

45 to 265 – LGB 84.10

RF 81.80

265 to 15 XGB 81.80

LR 77.10

Bielby et al. (2020) [24] – 45 70/30 LRNN 96.00

Yasar et al. (2019) [25] – 45 80/15/5 ANN 94.93

Perez et al. (2016) [26] FS using 
Statistical analysis

45 to 27 90/10 RBF 85.25

Linear 84.29

MLP 81.51

Quadratic 79.50

Our proposed work All features 45 74/18/8 QDA 91.11

GPC 88.89

CFS 45 to 18 LDA 93.33

GPC 91.11

PCA 45 to 10 NB 88.89

RBFSVM 88.89

In comparison with prior studies employing the same dataset, as shown in 
Table 9, a variety of approaches were observed. While some studies [17], [20], [21], 
[22], [23], [26] utilized techniques for FS, such as Pearson correlation, PCA, ANOVA, 
CFS, statistical analyses, and others, we have some studies that did not adopt any 
specific strategy in this regard. Moreover, it is noteworthy that only [19] and [25] 
works incorporated validation sets into their analyses, akin to our study. Regarding 
performance, several studies achieved significant accuracy ranging from 85% to 
96%. Particularly, our study attained an accuracy of 91.11% considering all features 
and 93.33% after the CFS technique, surpassing many prior studies.

4	 DISCUSSION

The architecture was divided into two main methods: all feature analysis and 
FS methods, and PD prediction in all steps described in Figure 1, starting with pre-
processing until the final verification of the performance of the classification mod-
els, considering both testing and validation subsets. Based on the results obtained, 

Table 9. Comparison of the accuracy between the proposed method in this work  
and previous works that apply classification to the same dataset (Continued)
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we classified patients with PD by analyzing voice recordings using ML as a nonin-
vasive diagnostic tool that uses acoustic resources extracted from speech recordings 
according to the procedure described in [11].

The first analysis was obtained after applying nineteen models to classify all 
features, initially resulting in an accuracy of 84.14% for RBFSVM, 83.56% for NB, 
82.44% for GPC, and 82.43% for ETC, considering the training data. After applying 
the ‘tune_model’ function for all 19 models, we obtained better accuracy values for 
the testing data of 91.11% for QDA, 88.89% for NB, CATBOOST, and GPC, and 86.67% 
for LDA and MLP. Our findings indicated that all models achieved excellent perfor-
mance using the F-score metric, which represents the balance between precision 
and recall, with values ranging from 85.71% to 91.30%.

Theoretical insights, as explored by [40] and [41], propose that the expansion of 
the feature set size poses challenges to reliable classification. This is attributed to the 
reduced coverage of the feature space by measures from a fixed number of subjects. 
Therefore, addressing these challenges requires the implementation of FS strategies. 
The recommendation is to trim the feature set down to a minimal size that preserves the 
optimal information necessary for effective classification, as advocated by [32], [41].  
Our study also used two FS methods, parallel to the analysis considering all features: 
CFS and PCA, using the features extracted from the speech signals.

Based on the results presented in Table 7, it can be inferred that the FS has a 
positive effect on the performance of the classifiers, as shown in [2], [10], and [16]. 
The two FS methods exhibited different performances for the 19 classifiers consid-
ered in this study. Importantly, our findings demonstrate that FS techniques can be 
efficient data preprocessing tools to reduce data dimensionality and identify the 
most significant risk factors for patient classification in PD. The variables “HNR38,” 
“PPE,” “MFCC3,” “MFCC5,” “Delta2,” and “Delta11” were found to be particularly rel-
evant for PD determination by CFS, as demonstrated in Figure 5. Notably, “HNR38” 
and “PPE” ranked within the top three variables for both LDA and SVM models, 
highlighting their importance in PD classification. These results underscore the sig-
nificant impact of FS techniques in enhancing the classification performance of LDA 
and SVM models, contributing to a deeper understanding of the acoustic features 
crucial for PD diagnosis. Little (2009) [41] introduced the pitch period entropy (PPE) 
as a new measure of dysphonia, robust to many uncontrollable confounding effects, 
including noisy acoustic environments and normal, healthy variations in voice fre-
quency. Furthermore, it is observed in his study [41] that the combination of HNR, 
RPDE, DFA, and PPE achieves the best overall classification performance. Our find-
ings, complementing Little’s work, confirm the importance of PPE and HNR in distin-
guishing PD patients, thereby emphasizing the robustness and effectiveness of these 
acoustic features in PD diagnosis.

The non-linear group features (RPDE, DFA, PPE, GNE), defined in Table 2, may 
reflect the complexity and irregularity of vocal production in patients with hypoki-
netic dysarthria. Disordered sustained vowels present a variety of phenomena, from 
nearly periodic vibrations to highly complex and aperiodic vibrations, which is pre-
cisely what the analyzed features seek to quantify [41], [42]. Regarding the MFCCs 
and Delta Coefficients groups, also defined in Table 2, they can estimate the voice’s 
spectral variations associated with changes in vocal quality and articulation [11],  
being variables with significant weight for the models of better performance, as 
observed in Figure 5, items a) and b). Lastly, the Harmonic-to-Noise ratio group indi-
cate, that the voice may have an increase in noise, reducing the HNR, indicating a 
more unstable and unpredictable voice [11]. As supposed, a great number of models 
showed good accuracy when applied to training data after the FS stage presented 
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in Figure 2, compared to the process considering all features, with emphasis on LDA, 
which improved its accuracy by 5.12% after the CFS method, and LR and KNN, which 
improved their accuracy by 5.83% and 6.36%, respectively, after the PCA method. All 
six top models had an accuracy between 88.89% and 93.33% for the testing data con-
sidering the CFS technique presented and an accuracy between 86.67% and 88.89% 
considering the PCA technique for feature selection.

Our experimental AUC results are comparable to those of other notable studies 
in the literature [15], [28]. In this study, GPC, LDA, NB, SVM, ETC, and RFC produced 
good results for the AUC with a value greater than 0.9200, and MLP produced better 
overall AUC results for the different FS methods considered, with 0.9756 after the 
CFS and 0.9545 after the PCA. To demonstrate this, the ROC curves for GPC, LDA after 
CFS, NB, and SVM after PCA are shown in Figure 6.

The positive outcomes depicted in Figure 6 and detailed in Table 7 highlight the 
congruence between the performance of the RBFSVM algorithm and the objectives 
and anticipated results of our study as recommended by [40], [41]. Through the uti-
lization of Gaussian radial basis kernel functions, recognized for their flexibility in 
creating smooth, curved decision boundaries [41], our findings indicate that optimal 
decision boundaries for distinguishing between healthy and PD individuals may not 
adhere to simple lines or hyperplanes as the result compared to the linear kernel 
SVM algorithm. The analysis of model performance on training, testing, and valida-
tion data, as depicted in Table 8, reveals intriguing insights. Despite not consistently 
leading in training and testing accuracy across all stages of the analyses consid-
ered in this study (firstly using all features and then using the two FS methods), as 
observed in Tables 5 and 7, the GPC consistently demonstrated superior performance 
on validation data. Notably, GPC achieved the highest accuracy on validation data 
in both: All Features and CFS stages, showcasing its robustness and effectiveness in 
PD classification. These results underscore the importance of considering validation 
data to assess model generalization and reliability across different FS techniques.

Observing the results presented in Table 9, our study brings a comprehensive 
analysis of the classification of PD using ML techniques, leveraging a dataset widely 
utilized in previous studies. We explored two FS techniques besides the analysis 
of all features, CFS and PCA, to identify the most relevant features for PD classi-
fication. Our proposed methodology achieved promising results, with accuracies 
of 91.11% considering all features, 93.33% with CFS, and 88.89% with PCA on the 
test dataset. Notably, our approach incorporated an innovative dataset division 
into training, testing, and validation subsets, enabling a robust evaluation of model 
performance. Additionally, our study considered analyses for different numbers of 
folds, as observed in [2], ranging from 4 to 10 folds, with the 5-fold strategy yielding 
the best result. Moreover, proportions of 5%, 7.5%, and 10% on the initial dataset of 
240 records were explored, with the 7.5% proportion yielding the most significant 
results considering the validation data as your final focus. Our study contributes 
to the literature by comparing our results with those of previous studies, high-
lighting the superiority of our proposed method in terms of accuracy. Overall, our 
findings underscore the efficacy of ML models in PD classification and emphasize 
the importance of thoughtful FS and dataset partitioning in achieving accurate and 
reliable results.

The GPC outperformed other models during testing on the validation data, despite 
some models showing better results during training. This could be because the GPC 
is a non-parametric model that adjusts its complexity based on the data, potentially 
leading to better generalizations on the unseen. Moreover, the probabilistic nature 
of the GPC allows it to effectively handle uncertainty and variations in the data, 
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which can lead to better performance on validation datasets. Models such as SVM, 
XGBoost, NB, and RF have also shown good performance in the studies presented in 
Table 9, where SVM [15], [18], [23], [26], XGBoost [17], NB in [21], KNN [15], [20], [23], 
and RF [2] demonstrated notable results.

Even though our study did not use sensitive patient data and the data collec-
tion was approved by the Bioethical Committee of the University of Extremadura, 
as cited in Section 2.1, it is crucial to address the ethical implications of applying ML 
in healthcare. Protecting patient privacy and data confidentiality, as well as respect-
ing patient autonomy, are essential. Informed consent is necessary to ensure that 
patients understand how their data will be used. Additionally, transparency in how 
algorithms make decisions is vital for maintaining trust and ensuring fairness. By 
considering these ethical issues, we can support the responsible use of ML in clinical 
settings, enhancing patient care while safeguarding patient rights.

4.1	 Limitation of the study

Our study has some limitations that merit discussion. Firstly, the small sample 
size may restrict the generalizability of our findings and limit the robustness of our 
conclusions. Additionally, the composition of our dataset, which solely includes sub-
jects from the control group and those diagnosed with PD, may present challenges 
in distinguishing between PD and other conditions affecting voice characteristics. 
Unfortunately, the dataset used in this study lacked clinical variables, limiting our 
ability to evaluate disease progression or the response to pharmacologic treatment 
in PD. We acknowledge the importance of these factors and recognize their sig-
nificance in clinical practice. Therefore, future studies should aim to incorporate 
comprehensive datasets encompassing clinical markers to provide a more thorough 
evaluation of disease progression and treatment outcomes. Relying solely on speech 
for an accurate diagnosis of PD is insufficient; it is essential to consider other symp-
toms to improve diagnostic accuracy.

We employed cross-validation and separated a validation subset to monitor and 
mitigate this risk, but further validation with larger and more diverse datasets is 
recommended. Additionally, we did not account for potential confounding variables, 
such as age, sex, medications, and comorbid conditions, which could influence vocal 
disorders in PD patients. Addressing these confounders in future research will be 
crucial to improving the precision and generalizability of our findings. Despite these 
limitations, our study contributes valuable insights into the potential of ML algo-
rithms in assisting clinicians with the diagnosis of PD using voice analysis. Moreover, 
the framework established in this study in Figure 1 can serve as a basis for future 
investigations, emphasizing the importance of transparency and reproducibility in 
algorithmic development for clinical applications.

5	 CONCLUSION

This study utilized various ML models to identify patients with PD through a non-
invasive speech test, aiming to discriminate between PD patients and healthy controls 
based on acoustic features extracted from voice recordings and to identify the most 
important combination of voice features for early PD classification. Employing two 
FS algorithms from the SciKit-Learn and Pycaret libraries, we analyzed 19 models 
using voice signal features from both PD patients and healthy individuals for early 
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PD diagnosis. Our primary objective was to enhance model performance, accuracy, 
and computational efficiency in the classification task.

Classification accuracy was assessed considering all variables. Following the FS 
process and identification of the top six classification models for each FS technique, 
we achieved outstanding performance using LDA, GPC, KNN, SVM with Radial 
Kernel, and Multi-layer Perceptron with CFS. Additionally, NB, SVM with Radial 
Kernel, ETC, GPC, LR, and KNN showed excellent results after applying PCA. Notably, 
the LDA model achieved the highest testing classification accuracy of 93.35% with 
CFS, while NB achieved 88.89% accuracy with PCA. GPC yielded the highest vali-
dation classification accuracy of 83.33% over the validation data, considering all 
features, and after the CFS technique.

The remarkable performance of our models, particularly GPC, across subsets 
(training, testing, and validation) and after FS techniques not only aligns with but 
also surpasses that of many existing studies using the same dataset for PD diagnosis 
through voice analysis, as observed in Table 9. This underscores the significant prog-
ress made in applying ML to enhance the precision and efficiency of noninvasive 
PD diagnostics. Although our study demonstrates a significant step forward in show-
casing the potential of ML in voice analysis for PD detection using 19 different ML 
models, applying these findings in real-world healthcare settings presents several 
challenges. These challenges include integrating ML models into existing healthcare 
systems and training clinicians to effectively use and interpret these models. While 
our study marks a significant step in demonstrating ML’s potential in voice analysis 
for PD detection, further external validation and in-depth studies are necessary to 
confirm these results with recordings of normal conversations. Such investigations 
are crucial to affirming the practical viability of these ML models in clinical settings, 
potentially revolutionizing the early detection and ongoing monitoring of PD. By 
integrating various data types and advancing the practical application of these mod-
els, we aim to improve the reliability and accessibility of PD diagnostics, ultimately 
benefiting patient care.
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