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ABSTRACT

Parkinson's disease is the most common nervous system disease that affects all ethnicities, genders, and
ages, with a higher prevalence in the elderly and men. Developing countries tend to have higher cases of
Parkinson's. The prevalence of death due to Parkinson's in Indonesia reaches the fifth highest cases in
Asia and 12th in the world. This neurodegenerative disease affects a person's ability to control
movement. Currently, the diagnosis of Parkinson's disease is only based on observation of motor
symptoms. Therefore, early detection of the disease cannot be done. His paper proposes an efficient way
to detect Parkinson's disease symptoms by comparing the fundamental frequencies of patients' voices
using the random forest method. Random forestis a Machine Learning method that applies the ensemble
concept, which aims to improve the performance of the classification by combining several decision trees
as a basis. Random forests have shown superior algorithm performance in numerous health studies. In
this study, the dataset consisted of 20 patients with Parkinson's and 20 normal patients. Data for each
patient was taken from 26 types of voice records, and thus, the total data was 1,040 observations. The
obtained data is prepared by filtering and rescaling. Then, the data is split and modelled using the
Random Forest Method. The random forest model obtained accuracy results of 72.50%, precision
(normal) of 72.28%, precision (Parkinson's) of 72.73%, sensitivity (normal) of 73.00%, sensitivity
(Parkinson's) of 72.00% and AUC is 80.70%. The built random forest model is quite good at Parkinson's
disease detection.
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Introduction

Parkinson's is the most common neuron deficiency disease after Alzheimer's (Solana-
Lavalle et al., 2020). The disease can occur in different ethnicities, genders, and ages, with a higher
prevalence in the elderly and men. Data from 1990-2016 showed increased mortality and
disability rates in people with Parkinson's (WHO, 2022; Schiess et al,, 2022). Parkinson's affects
only 1-2 people out of 1000 but will double by 2040 (Dorsey & Bloem, 2018). Developing
countries have higher cases of Parkinson's because the services and treatment provided to
patients are still inadequate (Lestari et al., 2022). Previous research by Wikandikta et al. (2020)
shows that the poor treatment of Parkinson's is predicted to be correlated to the high prevalence
of deaths due to Parkinson's in Indonesia, with the fifth highest prevalence in Asia.

Parkinson's mainly occurs due to the progressive loss of cells in the substantia nigra, which
is important in producing dopamine (Pyatha et al., 2022). The imbalance between dopamine and
acetylcholine causes uncontrolled nerve activation. People with Parkinson's frequently complain
about movement symptoms, such as resting tremors in which the limbs move uncontrollably
(dyskinesia), postural instability, slowness of movement (bradykinesia), and muscle rigidity
(Solana-Lavalle et al.,, 2020). Unfortunately, 60-80% of striatal dopamine neurons are lost when
these motor symptoms are detected (Mantri et al, 2019). The degeneration of midbrain
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mesencephalic dopamine neurons and the basal ganglia triggers cellular and synaptic alterations.
These impulses are believed to be responsible for the motor symptoms of Parkinson's disease
(Mallet et al., 2019).

Over the past few decades, technological developments have encouraged the digital storage
of information in databases and increased exponentially, doubling monthly (Pynam et al., 2018).
Machine learning applies artificial intelligence and statistics to process information from the past
without the need for programming for each case. Machine learning is very promising in the
effectiveness of data processing by minimizing human work (Faid et al., 2019). An integrative
approach to systems biology and medicine will likely be a central computational strategy for
generating new knowledge in biology and medicine (Zitnik et al., 2019). RapidMiner is a popular
data mining software that can analyze data to be applied in research, education, and training. This
software was developed by Ralf Klinkenberg, Ingo Mierswa, and Simon Fischer (Pynam et al,,
2018). RapidMiner requires a shorter processing time than other machine learning software
(Faid et al,, 2019; Laszl6 & Ghous, 2020).

One of the machine learning algorithms that shows superior performance in various
research is the Random Forest proposed by Breiman (Laszl6 & Ghous, 2020). This algorithm is a
development of a decision tree (Hadiprakoso et al., 2022) that combines bootstrap aggregating
(bagging) and random feature selection methods (Mantri et al., 2019). Within the random forest
framework, multiple classifiers and regression trees are built using a randomly selected training
dataset and a random subset of the predictor variables to model the results. The results from each
tree are aggregated to predict each observation (Speiser et al., 2019).

Random forest algorithms have been widely used to detect diseases. Previous research by
Triyono et al. (2021) showed the advantages of the Random Forest algorithm with Information
Gain, with low error rates and high accuracy in large training datasets. The research of Fauzi et
al. (2020) on breast cancer detection obtained the highest accuracy value produced by the
Random Forest algorithm of 79.3103% with an AUC value of 0.843. Similar results were also
obtained in the predictions of diabetes (Astuti et al., 2022), Alzheimer’s (Akbar & Rahmaddeni,
2022), and risk classifications of babies born with low body weight (Yuliati & Sihombing, 2021).
In this paper, the Random Forest method is tested to detect Parkinson's symptoms of vocal
disorder based on a comparison of voice frequency data of normal people and people with
Parkinson's. The dataset used is from the University of California Machine Learning Repository.
This dataset consists of various biomedical voice measurements from 31 people: 23 people with
Parkinson's disease and eight normal people.
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Figure 1. Workflow Diagram
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Research workflow is conducted in 6 stages, as illustrated in Figure 1 as follows:
1. Input Data. The collection of voice data for people with Parkinson's disease is taken from

the UCI Machine Learning Repository.

2. Data Preparation. This stage is carried out by filtering incomplete data and rescaling it to
produce compatible data.

3. Descriptive Analysis.

4.  Building Models. Training data is used for modelling the Random Forest. Model selection is
done by considering the GridSearch and OOB-error values.

5. Trained Random Forest.

6.  Performance Evaluation. Test data is used to test the performance of a model with a series
of measurements, such as accuracy, precision, sensitivity, and ROC.

Data Source

The dataset used in this paper is secondary data from 40 patients, i.e., 20 normal and 20
patients with Parkinson's disease, respectively. Data were collected at the Department of
Neurology, Cerrahpasa Medical Faculty, Istanbul University. The data was collected in different
ways by recording each patient's voice, with 26 types found in 1,040 observations. The data has
26 predictors that are used to determine the patient's Parkinson's status carried out by expert
doctors (Sakar et al., 2013). The data can be accessed on the UCI Machine Learning Repository
website via the link
https://archive.ics.uci.edu/ml/datasets/Parkinson+Speech+Dataset+with++Multiple+Types+of
+Sound+Recordings. Table 1 describes the feature variables of Parkinson's disease in the dataset.

Table 1. Parkinson’s Disease Dataset Description

Variable Information Data Type

X1—Xs Jitter (local), Jitter (local, absolute), Jitter (rap), Jitter (ppq5), Jitter (ddp) Numeric

Xe —X11 Shimmer (local), Shimmer (local, dB), Shimmer (apq3), Shimmer (apq5), Numeric
Shimmer (apq11), Shimmer (dda)

Xi2— X1 AC,NTH, HTN Numeric

X15 — X19 Median pitch, Mean pitch, Standard deviation, Minimum pitch, Maximum Numeric
pitch

Xoo — Xo3 Number of pulses, Number of periods, Mean period, Standard deviation of Numeric
period

X2a — X2 Fraction of locally unvoiced frames, Number of voice breaks, Degree of voice Numeric
breaks

Y Parkinson Status Categoric

Data Preparation

Data preparation is carried out with the replace missing value operator, which can replace
the loss of value with the maximum, minimum, or average value of the corresponding attribute
so that the data is more compatible with the selected algorithm. In this stage, the data is filtered
to remove data with incomplete information so that the data entered in the analysis process is
only data that has complete information. In addition, rescaling was carried out so that the range
of values in each variable was the same and variable selection was carried out using statistical t-
tests to see the relationship between response variables (binary categorization) and numerical
predictors.

Descriptive Analysis

Detection of anomalous or unusual variability of predictor data can be known through
predictor dispersion analysis. Observation of standard deviation values is the most common and
widely used analysis in determining the Degree of dispersal because it describes the spread of
each unit of observation.
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Building Models

The data is divided into two parts, including training data and test data, with a proportion
0f 80% training data and 20% test data. The training data constitutes 80% of 840 data, comprising
420 Parkinson's class data and 420 normal class data. The training data is used to build the model
using the Random Forest method. The Random Forest method works by forming bootstrapped
data that is randomly taken from a predetermined number of training data. Then, the
bootstrapped data is used to build the classification trees that allow data classification through
voting. However, the classification trees are built in a slightly different way from the classification
trees in the community. In the Random Forest method, the classification tree is formed by only
considering some randomly selected predictors. The Number of predictors selected randomly in
building a classification tree can be set to obtain the best model.

Model Performance Measurements

The obtained random forest model was tested on test data by considering some
measurement parameters, such as accuracy, precision, sensitivity, and ROC (Receiver Operating
Curve) to measure the model's performance. Accuracy will show the accuracy of the Random
Forest Algorithm in predicting instants. Precision is used to measure the correctness/accuracy of
classifiers. The recall is used to measure the completeness or sensitivity of the classifier. At the
same time, ROC is a representative of sensitivity and specificity, which measure the classification
ability of Random Forest.

Following the approach of Zulfahmi et al. (2023), the evaluation of the model is performed
by generating a Confusion Matrix table comprising the Number of True Positive (TP), True
Negative (TN), False Positive (FP) and False Negative (FN) data. By analyzing the confusion matrix
table, it is possible to calculate the recall and precision values. The Recall value represents the
ability of the model to identify the true positive class, which can be calculated as shown in

equation (1)

Recall = ——— 1
€A = (TP+FN) (1)

The Precision value measures the model’s correct positive predictive ability. The precision
calculation is carried out using equation (2)
TP

Precision = m (2)

Accuracy can be calculated using equation (3)
TP+FP

Accuracy =

(3)
Results and Discussions

Data Preparation Result

Parkinson's disease data consists of 1.040 observations and 26 predictors. After a
thorough check, it has been confirmed that there is no incomplete data. Therefore, the filtering
process is unnecessary. Then, the variables in the Parkinson's disease data were transformed to
ensure that the value range remained consistent. The feature selection process was carried out
using T-test statistics to see the relationship between predictors and the response variable.
Predictors that do not have a significant relationship with the response variable are disregarded,
as it was assumed that the predictors did not contribute enough to separate data in the response
variable. The performance is evaluated by comparing the conditions of the first research object
with the conditions of the object in the second study. The following are the results of the T-test
statistics from predictors with response variables in the data of Parkinson's disease:
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Table 2. Feature Selection using t-statistic test (a = 0.05)

Variable t-value p-value Variable t-value p-value
X1 -3.158 0.002 X14 -1.306 0.192
X2 -5.457 0.000 Xis 2.723 0.007
X3 -3.603 0.000 Xi6 3.345 0.001
Xa -3.596 0.000 X7 3.930 0.000
Xs -3.603 0.000 Xi8 1.908 0.057
Xe -0.292 0.770 X19 4.535 0.000
X7 -0.876 0.381 X20 -1.323 0.186
Xs 0.585 0.559 Xn -1.519 0.129
X9 0.728 0.467 X22 -2.643 0.008
X10 -4.766 0.000 X3 1.897 0.058
X1 0.585 0.559 X24 3.962 0.000
X1z -2.621 0.009 X5 2.580 0.010
X3 2.458 0.014 Xa6 4.097 0.000

Based on Table 2, it can be seen that the predictors Xs, X7, Xs, Xg, X11, X14, X1, X20, X21 and Xz3
do not have a significant relationship with the variable response (Parkinson's status). Therefore,
these predictors were excluded from the analysis. Consequently, the analysis was performed
using the remaining 16 predictors.

Descriptive Analysis Result

Analysis of the standard deviation data from each predictor was conducted to identify
variability in specific symptoms associated with Parkinson's disease. A high standard deviation
value indicates a wider distribution of data, which in turn suggests variation in Parkinson's
disease symptoms. The following are the results of the descriptive analysis of Parkinson's
disease predictors:

Based on Table 3, a very high standard deviation is obtained for predictors x15, x16, x19,
x20, and x21. This indicates a significant risk of deviation, suggesting variations in symptoms or
health parameters in the population. Previous research by Suphinnapong et al. (2021) has
identified several voice disorder symptoms in individuals with Parkinson's disease. These
symptoms include fundamental frequency standard deviation, jitter, fundamental frequency
variations, PPQ (pitch perturbation quotient), sPPQ (smooth pitch perturbation quotient),
shimmer, DUV (Degree of voiceless), NHR (noise to harmonic ratio), VTI (sound turbulence
index), SPI (soft phonation index), and others. However, the role of an individual's average voice
pitch as an acoustic parameter in Parkinson's disease is limited. Gender is another factor that
causes variation in voice pitch, with women generally having a higher pitch than men. Therefore,
measurements on an absolute frequency scale in Hz can experience deviations as a marker of
Parkinson's disease.

Resulted in Random Forest Models

The determination of the optimal value of hyperparameters can be evaluated with
GridSearch by considering various indices such as Mean Square Error (MSE), Root Mean Square
Error (RMSE), Mean Absolute Percentage Error (MAPE), and Mean Absolute Error (MAE) (Sakar
et al,, 2013). Grid search is applied to select the best parameters from the training sample for
further testing.

In the Random Forest method, there are two main parameters used to build models,
including the Number of classification trees (Ntree) and the number of variables used to build
randomly selected models (Mtry). To minimize errors in random forests and validate the optimal
number of Ntree, the calculation of the OOB error value is performed. The process of determining
the out-of-bag (OOB) error value involves generating probability predictions for each training
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observation i (wherei=1,....,n) that is not included in the bootstrap sample. Subsequently,
these predictions are compared to the corresponding actual values by calculating performance
measures. This methodology proves to be an effective means of assessing the accuracy of a model
without requiring a separate validation set (Probst & Boulesteix, 2018). Here is an out-of-bag
(OOB) value error from the random forest model with different Ntree and Mtry value
combinations.

Table 3. Descriptive Analysis of Parkinson’s Disease Variables

Variable Range Mean Standard Deviation
X1 0.19-14.376 2.68 1.765
X2 6.495e-06 - 0.000776606 0 0
X3 0.062 - 8.016 1.247 0.979
Xa 0.081 - 13.542 1.348 1.139
Xs 0.185 - 24.048 3.741 2.938
X6 1.185-41.137 12.918 5.452
X7 0.103-2.721 1.195 0.42
Xs 0.496 - 25.82 5.7 3.015
Xo 0.708 - 72.86 7.984 4.841
X10 0.517 - 44.764 12.215 6.016
X11 1.488 - 77.459 17.099 9.046
X12 0.539566 - 0.997904 0.846 0.086
X13 0.002106 - 0.869277 0.231 0.151
X1a 0.695 -28.418 10 4.291
Xis 81.46 - 468.618 163.368 56.022
X6 82.363-470.456 168.728 55.97
X1z 0.533-293.877 27.548 36.673
Xis 67.957 -452.083 134.538 47.058
X9 85.541 -597.974 234.876 121.541
X20 0-1490 109.744 150.028
Xa1 0-1489 105.969 149.417
X22 0.002038552 -0.012070196 0.007 0.002
X23 5.5347e-05-0.006371201 0.001 0.001
Xoa 0-88.158 27.683 20.975
Xos 0-12 1.135 1.615
X2g 0-69.117 12.37 15.162

Y 1-55 13 15.895

Table 4. Parameter Tuning with GridSearch (OOB Error)

Ntree
10 25 50 100 250 500
3 0.4081 0.3923 0.3295 0.3534 0.3410 0.3367
5 0.3924 0.3823 0.3532 0.3444 0.3337 0.3293
5 7 0.3778 0.3726 0.3401 0.3469 0.3337 0.3192
g 9 0.3725 0.3600 0.3476 0.3421 0.3337 0.3231
11 0.3901 0.3684 0.3462 0.3409 0.3273 0.3224
13 0.3854 0.3619 0.3535 0.3407 0.3394 0.3177
15 0.4062 0.3576 0.3427 0.3396 0.3291 0.3180

Based on Table 4, it can be seen that the random forest model with Ntree = 500 and Mtry =
13 has the lowest out-of-bag error value. The model with the lowest OOB error value is selected
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as the best data model to evaluate with some measure.

Table 5 displays that the random forest model acquired an accuracy of 72.50%, with
precision (normal) of 72.28%, precision (Parkinson's) of 72.73%, sensitivity (normal) of 73.00%,
and sensitivity (Parkinson) of 72.00%. The accuracy value indicates that the Random Forest
model is quite efficient and has accurately predicted 72.50% of the test data. Additionally, the
performance of the random forest model can be evaluated based on the following AUC graph:

Table 5. Confusion Matrix from Testing Data

Reference .
Normal Parkinson Precision
dicti Normal 73 28 72.28%
Prediction Parkinson 27 72 72.73%
Recall/ o o 72.50%
Sensitivity 73.00% 72.00% (Accuracy)

Performance Evaluation

The efficacy of the top-performing random forest model is evaluated by analyzing key
performance indicators such as sensitivity, precision, and accuracy. The confusion matrix table
below displays the evaluation results of the best model from test data:

Area Under the ROC Curve = 80.7 %
Random Forest with 500 Treas & 13 Miry

o7

True Posilive Rate
g

025

0.00 025 075 1.00

050
False Positive Rale

Figure 2. Receiver Operating Characteristic (ROC) Curve

According to Figure 2, the AUC value of the random forest model obtained is 80.70%. Based
on previous research, an AUC value of 80.7% is a good criterion for diagnostic tests in general
(Dahlan, 2009; Hastuti, 2012; Maskoen, et al., 2017; Alhabib, 2022). According to Janssens &
Martens (2020), the rounded ROC curve represents a similar effect on disease risk on the
variables contained in the prediction model. This demonstrates that the random forest model is
quite effective at classifying or predicting Parkinson's disease. However, when dealing with
smaller datasets, there is always a possibility of inaccuracies in predictions.

Conclusion

This paper represents the Machine Learning method for detecting Parkinson's disease
based on sound frequency data using the Random Forest method. The process of preparing data
shows that predictors x6, X7, x8, x9, x11, x14, x18, x20, x21, and x23 do not have a significant
impact on the variable response (Parkinson's status) and are excluded from the analysis. By
using the 16 remaining predictors, Parkinson's data is modelled using the Random Forest
method. The random forest model obtained accuracy results of 72.50%, precision (normal) of
72.28%, precision (Parkinson's) of 72.73%, sensitivity (normal) of 73.00%, sensitivity
(Parkinson's) of 72.00% and AUC of 80.70%. These results demonstrate that the random forest
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model is quite effective at classifying Parkinson's disease based on sound frequency data. In
future research, it is expected that different data preparation techniques and classification
methods will be used to provide a clear picture of the Machine Learning method suitable for
handling cases of disease classification based on sound frequency data, especially Parkinson's
disease.
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