
© 2022 Terra Science and Education 1 DOI: 10.36838/v4i6.1

RESEARCH ARTICLE

Comparison of Machine Learning Methods for Early Diagnosis 
of Parkinson’s Disease from Voice Recordings        

Aadya Bhat              
Eastlake High School, 400 228th Ave N.E., Sammamish, WA, 98074, USA; aadyabhat2005@gmail.com 

ABSTRACT: Parkinson Disease (PD) is a common neurodegenerative disease that affects dopaminergic neurons, resulting 
in muscle impairment. However, in about 25% of patients, PD is incorrectly diagnosed, leading researchers to seek new methods 
of diagnoses. Specifically, a common side effect of PD is vocal dysfunction, which can be observed up to 5 years before clinical 
diagnosis. Thus, researchers more recently have focused on speech pattern analysis using machine learning (ML) for improved 
accuracy and early diagnosis. Using an open-source dataset from University of California Irvine’s ML repository, a comparative 
analysis was conducted on 4 ML techniques -- the Support Vector Machine (Radial Basis Function and Linear Kernel), Multi-
Layer Perceptron, and Random Forest. Out of 700+ features available, the tunable q-factor wavelet transform (TQWT) and 
mel-frequency cepstral coefficient (MFCC) features were extracted. Various combinations of these features were used with the 
different ML methods to identify the optimal feature and method for increased accuracy in PD diagnosis. Results identified the 
Random Forest methodology used with half TQWT and MFCC features as the overall best method, with a mean accuracy rate of 
86% and area under ROC curve (AUC) measure of 0.86. This is higher than the accuracy rate of clinical diagnosis made by both 
experts in movement disorders (79.6%) and nonexperts (73.8%).

 KEYWORDS: Computational Biology and Bioinformatics; Computational Neuroscience; Parkinson’s Disease; Support 
Vector Machine; Multi-layer Perceptron; Random Forest. 

� Introduction
Parkinson’s Disease (PD), a nervous system related move-

ment disorder that worsens over time,¹ is the second most 
common neurodegenerative disease in the United States.² 
Additionally, it is projected that the number of PD cases will 
rise as the global population ages.³ PD is caused by the death 
of dopamine secreting neurons (i.e., dopaminergic neurons); 
by the time of clinical diagnosis, up to 50% of dopaminergic 
neurons could be lost.⁴ The speed at which this loss occurs 
means that it is too late to significantly slow down the pro-
gression of the disease, and treatment options are limited and 
often ineffective. For this reason, early diagnosis through new 
diagnostic markers is critical. One novel method for early di-
agnosis is from analysis of speech patterns.

Along with tremors and other symptoms, speech disorders 
can manifest in PD cases and have been observed as early as 
five years prior to clinical diagnosis.⁵ Furthermore, in the ear-
lier stages of the disease progression, 90% of patients exhibit 
vocal dysfunction.⁶ However, in about 25% of patients, PD 
is diagnosed incorrectly,⁷ and there is only a 73.8% accuracy 
with clinical diagnosis made by a non-specialist in movement 
disorders.⁸ Thus, researchers consider machine learning tech-
niques important tools, which can use vocal recordings to 
learn and implement pattern recognition for improved accu-
racy in diagnosis. This can be used to solve either regression 
(finding optimal function) or classification tasks (categorizing 
data), for early detection of PD by learning to separate audio 
samples into PD cases or Healthy Control (HC) categories. 
Within the application of PD diagnostics, this would be a 

binary classification task, meaning the grouping of data into 
one of two categories (PD or HC).
� Literature Review
In prior research, results of studies using machine learn-

ing to detect PD have been undermined due to use of small 
datasets. Typically, the datasets used have less than 60 PD 
cases with various successes. For example, research conducted 
by Tsanas et al. (2012) resulted in 98.6% detection accuracy 
in a dataset with 33 PD patients.⁹ Another experiment by 
Hemmerling et al. (2016) using 50 PD and 50 HC had 82% 
accuracy in males and 90% for females.¹⁰ While these scores 
are impressive, the small size of the data and lack of clarity in 
whether validation schemes (such as the leave-one-out cross 
validation) were applied leaves much room for doubt about 
generalization to new patients.

While Vaiciukynas et al. (2017) address the identified is-
sues of small sample size, the study is conducted with patients 
speaking in the Lithuanian language and so may not generalize 
to English speaking patients. Eighteen audio feature sets were 
extracted from both acoustic cardioid and smartphone micro-
phone audio recordings, then fed through a Random Forest 
(RF) algorithm involving decision trees with classification 
tasks. Out of bag error rate, which is a method for measur-
ing predicted error used in accuracy evaluation and tuning of 
parameters,²,³ functioned as the validation scheme for clas-
sification accuracy. One of the findings of Vaiciukynas et al. 
(2017), was that mel-frequency cepstral coefficient (MFCC) 
in unvoiced modality (unvoiced segments of signals) was the 
most important feature for smartphone recordings.¹¹
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Another methodology utilized to solve this classification 
task was Support Vector Machine (SVM), as used by Har-
iharan et al. (2014). This methodology fed raw dysphonia 
features (audio features) for feature weighting (assigning 
higher weights based on importance of feature during selec-
tion process), which then was processed for feature selection/
reduction, and then finally was classified by least-square sup-
port vector machine (LS-SVM), probabilistic neural network 
(PNN) and general regression neural network (GRNN).¹² 
This process resulted in 100% accuracy in classification; how-
ever, this research used a small dataset from around twenty 
PD patients, and did not specify validation techniques used. 
Additionally, overfitting is likely to be an issue when using 
many different techniques together for a small sample size of 
twenty PD patients. Therefore, it makes it difficult to state 
whether this technique is more effective than the previously 
discussed RF method.  
  Furthermore, the paper that created the open-source data-
set that is used in this paper utilized a different method, 
Multi-Layer Perceptron (MLP). This research by C.O. Sa-
kar et al. (2017) involved over 700 features including tunable 
q-factor wavelet transform features (TQWT) and MFCC.¹³ 
Overall, prior research has focused on applying or improving 
a specific machine learning technique for early diagnosis of 
Parkinson’s Disease in patients. Research by C.O. Sakar et 
al. (2017) compared the various individual methods to deter-
mine which is more effective and yields a higher classification 
accuracy. It also compared the effects of 84 MFCC and 432 
TQWT on classification accuracy in a top-down approach, 
removing said features and running analysis on the remaining 
238 other features.¹³ As noted by Solana-Lavalle et al. (2020), 
various combinations of a smaller selected feature range of 
between eight to twenty feature sets showed increased accu-
racy (between 92.68% - 98.4%) compared to research by C.O 
Sakar et al. (2017).¹⁴

Accordingly, this study’s research would add to the existing 
knowledge by discussing which of the three methods is bet-
ter for this application in a bottom-up approach, conducting 
analysis on just the TQWT and MCCF features. This could 
help identify a minimal set of optimal features and machine 
learning methods to use for early detection of PD and other 
diseases that affect vocal production. 
�   Methods
The python coding language was used while working with 

the various machine learning methods. Python uses a combi-
nation of high-level data structures that is both a simple and 
readable object-oriented approach to programming. Python 
is considered an ideal language for scripting and application 
development across many areas in most platforms.²⁰

The dataset used is an open-source dataset published by 
University of California Irvine as a machine learning repos-
itory. To produce the dataset, audio samples of sustained ‘a’ 
vowel phonation from 252 subjects (188 PD and 64 healthy 
controls, or HC) were run with various speech signal process-
ing algorithms to extract 754 different features/attributes.¹⁵ 
Three recordings were taken (in the same sitting) from each 
subject, totaling 756 recordings or instances in the dataset. In 

this study, each recording was instead treated as an individual 
data entry.

Some of the clinically important information extracted for 
use include data from the application of MFCC and TQWT. 
MFCCs are described as emulating the filtering properties 
of the human ear to detect subtle changes in context such 
as speech identification and recognition, as well as medical 
diagnostics.⁹,¹³,¹⁶ TQWTs are wavelet transforms that are 
characterized by the tunable q-factor. Wavelet transforms, at 
a basic level, can be used to decompose data, functions, or op-
erators into different frequency components which are then 
studied at a scale that matches the resolution. A q-factor is 
the ratio of center frequency to the bandwidth of the wavelet. 
The tunable q-factor means that an optimal time frequency 
representation can be obtained.¹³,¹⁷,¹⁸ Table 1 describes these 
attributes in context for this application. 

One of the methods for completion of this binary classifi-
cation task is the Support Vector Machine (SVM). The SVM 
method is particularly known for solving linear and nonlinear 
classification problems, function estimation, and pattern rec-
ognition. The SVM essentially utilizes certain kernel functions 
to map the selected features on the optimal hyperplane, or 
high dimensional feature space. Here, the SVM available was 
used as a pre-existing built-in function in scikit-learn (called 
sklearn, a free software machine learning library). The SVC 
(support vector classification) is imported from sklearn. SVC 
input has two arrays, one is x (which is holding the samples 
of MFCC or TQWT features), and y (of class labels - PD or 
HC coded as 1 or 0, respectively). This model was trained and 
validated using the train/test datasets and can then be used 
for predictions. For different linear and nonlinear (RBF) SVM 
classification, the kernel can be changed and set to the appro-
priate type of function, and the method will still remain the 
same.¹⁹,²⁰,²²

The Random Forest (RF) methodology can also be used for 
binary classification. RF utilizes decision trees to complete the 
task. A singular decision tree can be visualized similar to the 
branches or roots of trees and plants. Decision trees essentially 
split at nodes, where based on observations and the criteria for 
each branch of the split, one of the pathways will be chosen. 
This cycle will repeat with later sub-branches until only ho-
mogeneous nodes are left. Random forest is made of a forest 
of these decision trees that operate as an ensemble, with each 
of these trees spitting out a class prediction and the class with 
most votes becoming the model’s prediction. In this applica-
tion, the built-in random forest function from sklearn is used 
with all the defaults to produce results.²¹,²²

Table 1: List and description of the relevant features utilized, as defined and 
created by C.O. Sakar et al. (2017).13
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Another machine learning technique that can be used is the 
Multi-layer Perceptron (MLP). MLP is a non-linear mapping 
of input and outputs, and is made up of input, output, and 1 or 
more hidden layers with neurons stacked together. MLP is also 
a type of feed forward neural network, where each layer feeds 
information forward to the next layer for computation. For the 
learning aspect, MLP uses backpropagation, which allows for 
the adjusting of weights through iterations with the goal of 
loss function reduction (a measure of error). The sklearn li-
brary again has a built-in function, which is used with all the 
default hyperparameters, to classify subjects as PD or HC.²²

In order to determine the best methodology and feature com-
bination, the following feature sets have been tested for each 
type of machine learning technique listed above: all TQWT 
features, half of the TQWT features, all MFCC features, half 
of the MFCC features, all of the MFCC and TQWT fea-
tures, and half of the TQWT plus half of the MFCC features. 
The half sampling in each case was determined by alternating 
through the available features, selecting every other feature to 
be used.
�   Results and Discussion
Results:
The cross-validation technique used was the Stratified K 

Fold (SKF), which is available in the sklearn library. SKF was 
used because it is useful for dealing with imbalanced data and 
smaller datasets. K Fold cross validation involves splitting the 
data into a specified number of folds (10 in this case), then 
using the first K folds for training and testing on the rest of 
the fold. This process is repeated for each fold, and then the 
mean of the performance metric for all folds is returned. 

Results were measured in the form of the Area Under 
the Curve (AUC) of the Receiver Operating Characteristic 
Curve (ROC curve). ROC curve is a plot created by graphing 
the true positive rate against the false positive rate at different 
threshold settings. AUC is the computed area under the 
ROC curve and is used for performance evaluation of the 
machine learning method - the closer to 1.0, the better the 
performance. 

Based on comparisons of the mean AUC metric after cross 
validation, the best method across all feature sets was RF. As 
seen in Figure 1, across all methods, the mean AUC for RF 
is always higher than 0.8. Furthermore, Figure 2 highlights 
that for all methods (except RF), the highest AUC was 
achieved with the MFCC feature combination. The feature 
and machine learning method combination with the overall 
highest mean AUC, at 0.86, was RF used in conjunction with 
the half TQWT and MFCC features combination.

Discussion:
Across all methods, the classification performance got 

better when more data (features) was added, except in the 
case of MLP with the half TQWT and MFCC and all 
TQWT and MFCC feature combinations. This could 
perhaps indicate that the data is too high dimensional for the 
built-in function defaults and could require a more complex 
network for computation. 

The ROC curve plots shed some light on the classification 
split of different methodologies. As seen in Figure 3, MLP at 
times is struggling to complete the classification task, with a 
mean AUC close to that of chance (0.5) when used with half 
TQWT features. This could be due to dimensionality issues 
and may be solvable by identifying optimal hyperparameters. 
MLP also displays a lack of consistency, with a mean AUC 
range of 0.58 to 0.79 across all feature combinations.

The ROC curve plots for SVM Linear across all feature 
combinations shows the most consistency, with the mean 
AUC range being between 0.79 and 0.8. Additionally, the 
classification split seen in Figure 4 shows an interesting 
phenomenon: that the SVM Linear and MLP seem to find 
a similar split. This could potentially signal a legitimate 
split, with this third class being of “pre-Parkinson’s Disease” 
subjects exhibiting symptoms similar to those seen in PD 
patients, providing future directions for further development 
of current labels to include a middle ground.

 
Figure 1: Graph comparison of the mean AUC amongst the different types 
of feature combinations across machine learning techniques.

Figure 2: Graph comparison of the mean AUC, set up by method per 
feature combination.

Figure 3: ROC Curve for MLP using the half TQWT features. The mean 
AUC is 0.58, which is close to the AUC for chance (0.5). 
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�   Conclusions 
In conclusion, RF methodology and Half TQWT 

and MFCC feature set in conjunction resulted in the 
best AUC measure. Results can be further extended to 
address observations made including, changing the built-
in functions from the defaults or using a more complex 
network, accounting for a third class of ‘Pre-Parkinson’s 
Disease’ patients, and addressing potential dimensionality 
issues. Regardless, this research supports prior findings that 
the use of voice recordings and machine learning techniques 
results in higher diagnostic accuracy compared to accuracy of 
clinical diagnoses. This study aims to contribute to finding 
a minimal set of vocal features and simple machine learning 
techniques to detect PD earlier than currently possible and 
ultimately, through early diagnosis, improve quality of life for 
PD patients.
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