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Abstract— Parkinson’s disease (PD) is one of the most
common neurodegenerative disorders. PD has been the fastest
growth in prevalence, and it has become the leading cause of
disability. The severity or progression of PD can be reduced if
diagnosed at the early stages. It is therefore necessary to develop
rapid and simple screening methods or tools to diagnose PD.
Speech impairment is one of the early symptoms of PD which is
commonly termed Parkinsonian hypokinetic dysarthria. Many
researchers have developed a computerized method to identify
of diagnosing PD based on voice features. However, the
inaccuracy of the developed models was inconsistent especially
when being tested on different datasets. The possible cause is the
unwanted variability and biases between datasets. This study
investigates the possible inconsistencies between Parkinson’s
voice datasets. The inconsistencies were investigated in the
statistical distribution of voice parameters of the healthy-control
(HC) group. This work observes the statistical distribution of
sustained phoneme parameters extracted from the healthy-
control (HC) group of five datasets using ANOVA and the Post-
Hoc Turkey-Cramer test. The result suggests that the diversity
in language and ethnicity were not contributing significantly to
any biases between databases. The other result confirms that
noises in the recording contribute to the biases in the extracted
voice features, especially the harmonic features

Keywords— Parkinson’s Disease, voice features, sustained
Pphoneme, statistical analysis.

1. INTRODUCTION

Parkinson’s disease (PD) is the second most common
neurodegenerative disorder [1] after Alzheimer’s disease.
Among neurological disorders, PD has been the fastest growth
in prevalence and it has become the leading cause of disability
[2]. It is reported by the Global Burden Neurological Disorder
of Disease (GBD) study reported in 2019 [3] that the
prevalence of PD in 2016 is more than 6 million globally with
a 145% increase in the last 26 years. The real number could
be higher than six million since PD diagnostic procedures are
complex and it is entirely depending on the patients' initiative
to report. The prevalence of PD is expected to increase in the
coming decade with the increasing portion of the aging
population. The rapid growth of PD will increase the burden
on the health system since the disability caused by PD
increases the expenses to provide drugs, rehabilitation, and
caregiving. The severity or progression of PD can be reduced
if diagnosed at the early stages. It is therefore necessary to
develop rapid and simple screening methods or tools to
diagnose PD.

PD symptoms are commonly manifested in motor and
non-motor impairments. The current diagnosis of PD is based
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on clinical assessment of motor and non-motor impairment.
The presence of two or more motor symptoms of tremor,
rigidity, bradykinesia, postural impairment, or non-motor
symptoms (dysarthria, functional impairment, or cognitive
impairment) is indicative of the disease. The assessment needs
to be performed in a clinical environment by a trained
clinician. These assessment procedures limit access to PD
diagnosis and possible subjective biases.

Speech impairment is one of the early symptoms of PD [4]
which is commonly termed Parkinsonian hypokinetic
dysarthria. Approximately 70%-90% of patients with PD
show some form of speech impairment [5]. Parkinsonian
hypokinetic dysarthria is manifested in a variety of
disturbances such as reduced voice intensity, increased voice
nasality, increased acoustic noise, reduced speech prosody,
imprecise articulation, significantly narrower pitch range,
mono loudness, longer pauses, vocal tremor, harsh and
breathy voice quality, and disfluency [6][7] he common
clinical method for assessing Parkinsonian hypokinetic
dysarthria is perceptual evaluation, which however is
subjective [8]. Computerized voice analysis has been studied
as a more accurate, objective, and quantifiable alternative that
can be developed into a rapid and portable Parkinson’s
screening tool [9]. It also opens the possibility for telehealth
and remote monitoring of the patients.

Many researchers have developed a computerized method
to identify of diagnosing PD based on voice features. The
features were extracted from paragraph reading,
diadochokinetic voice, and sustained phonation. The sustained
phonation features were less biased by language, the
cognitive, and the psychological condition of the subject.
Moro-Velazquez [10] developed GMM-UBM and i-Vectors-
GPLDA models to detect PD based on voice with an accuracy
of 87%. Sakar et al [11] used Q-factor Wavelet Transform
features to identify PD patients with 86% accuracy. Almeida
et al [12] developed a machine learning classifier with 94.55%
accuracy using a voice dataset that was recorded from subjects
in Lithuanian. However, the relatively significant
achievement in the above studies was not converted easily into
a publicly available computer tool or application to diagnose
PD. This is due to the inconsistent accuracies of the model
especially when being tested on different datasets [13].

Pah et al [14] developed an SVM classification model to
diagnose PD patients based on features extracted from
sustained phonemes. The study was using a Viswanathan-
RMIT dataset of Australian native who speaks English. The
study was extended to include the PC-GITA dataset [15]
recorded from Columbians who speak Spanish. The result
shows a significant performance difference between the two
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TABLEI
DESCRIPTION OF DATASETS

R di
Age range Ethnicity/ « format ecording SNR (dB)
Dataset Participants (mean = STD) Phonemes lansuage . . " range
in years guag equ}pmen (mean = STD)
e environment
- WAV file; fs = 44.1 kHz;
16 bit resolution
Dataset 1: 50 HC 31-86 fal, fel, /i, | Columbian/ | ~ dy.“amlg °m“;‘:l‘r°°“‘s’;‘;l 33-545
PC-GITA [15] (25 M/25 F) (60.9 £ 11.3) fol, lu/ Spanish ‘6“3‘5‘)"" one (Shure, (27.0+ 11.9)
- noise controlled-sound
proof booth
Dataset 2: - WAV files; fs = 50 kHz;
Saarh ni‘cziin Voice 24 HC 60-75 ol i o] Germany/ 16 bit resolution 233-374
Database (SVD) (11 M/13 F) (64.9 +4.3) T Germany - N/A (31.6+3.9)
- Controlled room [25]
- WAV files; fs = 16 kHz;
Dataset 3: - Common microphone;
Halian Pake s Noice 22 HC 60177 al, /el i/, Ttalian/ 15-25 cm from the 62.8-81.1.6
and Speech Dataset [26] (10 M/12 F) (67.1+5.2) /ol ln/ Italian spclakcr (70.8 £ 5.0)
- Quiet, echo-free room
- WAV files; fs = 44.1
Dataset 4 kHz; 16 bit resolution;
ataset 4: -
P: t CSV
UCI - Parkinson's Disease 64 HC 41-82 » Turkish/ e NA
Classification Dataset (23 M/41 F) (61.1+8.9) Turkish ormat.
[11] - Common microphone
- N/A (uncontrolled)
- WAV files; fs = 48 kHz;
16 bit resolution
Viswatian  RMIT 22 HC 45-75 Jl,Jol, fmy | Austmalian/ | Sﬁiﬁ‘fgfjf:;’;‘if e 130384
3+6. >0 i T+5.
27] (13 M/9 F) (66.3+£6.2) English (Samson-SES0) (18.7+5.4)
- Noise-restricted room

datasets. Karan [13] used Hilbert spectrum features to identify
patients with PD. The method was trained with the PC-GITA
dataset and achieved 82% - 90% accuracy when tested with
the same dataset. However, the accuracy was dropped to the
range of 50% — 80% when being tested on another dataset.

The other handicap to developing a more complex
machine learning model for the task is the limited size of the
available databases. To develop a deep-learning model, a large
dataset that captures the wide spectrum of the PD is needed
during the learning phase of the deep-learning model. One of
the possible solutions is by accumulating the available
datasets into a large training set. However, this approach may
introduce another problem due to the unwanted variability and
biases between the datasets. The variability may be due to
language, noises, recording protocols, ethnicity, or other
factors.

This study investigates the possible inconsistencies
between Parkinson’s voice datasets. The inconsistencies were
investigated based on the statistical distribution of voice
parameters extracted from the recordings of the healthy-
control (HC) group of the datasets. The results of this study
may be used as the basis to select datasets of research in the
area and may indicate the aspect that contributes to the
disparity.

II. MATERIALS AND MENTHODS

To investigate the disparity of the Parkinson’s voice
datasets and the possible external factors that contribute to the
disparity, this work observes the distribution of sustained
phoneme parameters extracted from the healthy-control (HC)
group of five datasets. It is assumed that if the HC group of
the datasets were isolated from any symptoms of PD or other
pathological conditions related to voice parameters and were
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not biased by any demographic and technical factors then the
distribution of their voice parameters should be relatively
similar. Any variation in the distribution of the parameter
indicates the existence of biases in the dataset.

A. Datasets

Five Parkinson’s or pathological voice datasets were used
in this work as shown in Table I. The datasets recorded
sustained phoneme/vowels, words, sentences, and repeating
syllable/diadochokinetic recordings. However, for this work,
only sustained phoneme recordings were considered. The
datasets were the PC-GITA, Saarbruecken Voice Database
(SVD), Italian Parkinson’s Voice and Speech Dataset, UCI
Parkinson’s Disease Classification Dataset of Okan Sakar, and
Viswanathan’s dataset of RMIT University. Out of 869
healthy participants in the SVD dataset, only participants with
an age range of 60-75 years old were selected to be included
in this work. The number of healthy participants in each
dataset were ranging from 22 to 50 participants. Based on
ANOVA analysis of the age distribution of the five datasets,
the datasets can be categorized into two groups. The
participants in dataset 1 and dataset 4 were younger than the
participants in dataset 2, 3, and 5. Datasets 1, 2, 3, and 5 were
provided in the ‘.wav’ format. UCI Parkinson’s Disease
Classification dataset was only available in the format of
extracted parameters in a “.csv’ file.

Datasets 2 and 3 recorded sustained phonemes from all
five vowels. Dataset 2 and dataset 5 have only the recording
from 3 phonemes, while dataset 4 only provides parameters
from sustained phoneme /a/. For this reason, the comparison
reported in this work was only based on the recording of the
phoneme /a/. The ethnicity, language, and recording condition
were detailed in Table I. Most datasets were recorded on a
relatively noise-controlled condition with an average SNR of
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TABLEII
LIST OF VOICE FEATURES EXTRACTED FROM THE RECORDINGS

No Feature (unit) Description
1 Jitter-abs (s) Absolute time perturbation of glottal
pulses
5 Jitter-rel (%) Relative time perturbation of glottal
pulses
3 Shimmer-rel (%) Relative amplitude perturbation of glottal
pulses
4 Shimmer-abs (dB) Absolute amplitude perturbation of
glottal pulses
5 HNR (dB) Harmonics-to-noise ratio
6 NHR Noise-to-harmonics ratio
7 Fl-mean (Hz) Mean of formants F1 frequency
8 F2-mean (Hz) Mean of formants F2 frequency
9 F3-mean (Hz) Mean of formants F3 frequency
10 F4-mean (Hz) Mean of formants F4 frequency
11 Intensity-mean (dB) Mean of voice intensity
MFCC .
12-24 (13 coefficients) Mell Frequency Cepstral Coefficients

18.7 dB —70.8 dB. The SNR of the datasets was calculated as
the ratio between the signal power and the noise power
(segment of the recordings with only the background noise).
Because the recordings in datasets 1, 2, and 3 were cropped to
the voice segments only, the noise segment was taken from
the silent segment of the corresponding sentences recording
from the dataset. The SNR of dataset 4 was not available.

B. Feature Extraction

Twenty-four features, as shown in Table II, were extracted
from sustained phoneme /a/ in datasets 1, 2, 3, and 5 using a
code developed based on Praat [16], a publicly available
speech analysis software. The corresponding 24 features were
sorted from the 754 features provided in dataset 4. The 24
features were selected to represent the whole aspect of
sustained phoneme production. Jitter, Shimmer, and the
harmonics features were related to the magnitude [17], [18],
time-frequency perturbation, and noise of vocal cord
vibration. The formants (F1 to F4) [19] and the MFCCs [20]
represent the condition of vocal tract modulation. The mean
intensity captured the condition of the lung as the power
source of sustained phoneme production.

C. Statistical Analysis

To investigate the disparity of the dataset, one-way
ANOVA [21] was applied to each extracted parameter in the
datasets to determine any statistical differences among the
datasets. A significance level of a = 0.05 was used to test the
differences. A p-value of less than 0.05 indicates the rejection
of the HO hypothesis that all the dataset's distributions were
similar. To identify which particular dataset creates the
differences, the Post-Hoc Turkey-Cramer test [22] was
performed between pairs of the datasets. A p-value of less than
0.05 was used to indicate the significant difference between
the pairs. The statistical analyses were performed using
MATLAB 2018b (MathWorks).

III. RESULTS

Table III presents the result of the ANOVA test and the
corresponding Post-Hoc Turkey-Cramer test for each
parameter. The ‘< 0.05” indicates a p-value of less than 0.05
and hence suggests that the mean and distribution of the
datasets for the particular parameter were not similar. On the
other hand, the dash ‘- sign indicates a p-value greater or
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each pair of the Post-Hoc Turkey-Cramer test.

Number of non-Similar Parameters
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Dataset 1vs Dat
Dataset 1vs Da
Dataset 2vs Dat
Dataset 2 vs Dataset 5
Dataset 3vs Dataset
Dataset 3vs Da
Dataset 4vs Dat

Fig.

equal to 0.05. In this case, the mean/distribution of the tested
datasets was considered similar.

The p-values of the ANOVA test were below 0.05 for all
the parameters. The difference was mostly contributed by the
difference between dataset 4 and dataset 5. The p-value
between these two datasets in almost all parameters was below
0.05. The result shows that dataset 1 and dataset 3 form the
most match. The distribution of datasets 1 and 3 was
statistically similar for all the parameters, except the MFCCs.

Fig. 1 shows the number of parameters that produce a p-
value of less than 0.05 for each pair of the Post-Hoc Turkey-
Cramer test. The lowest three pairs are the combination of
datasets 1, 2, and 3. This result suggests that the three datasets
can be assumed to have a relatively similar distribution. On
the other extreme, the highest four pairs are the comparison
between dataset 4 to all the other datasets. It suggests that
dataset 4 is the most alienated dataset among the investigated
datasets. Dataset 5 is closer to dataset 1,2, and 3.

The distribution of Jitter and Shimmer of datasets 1, 2, and
3 were similar (p-value > 0.05). The harmonics parameters
distribution confirms that dataset 5 was different from the
other four datasets. Except for the p-value between dataset 4
and dataset 5, the distribution of formants of the datasets was
relatively closer. There was mostly no similarity between the
MFCC of the five datasets, especially in the lowest-order
coefficients.

IV. DISCUSSION

Many earlier studies have suggested the possible use of
using voice parameters extracted from sustained phonemes to
identify people with Parkinson’s disease. It provides the
possibility of a non-invasive method of PD diagnosis which is
more comfortable for patients, faster, as well as cost-effective
[23]. Many classification models, including machine learning
and deep learning models, have been developed to identify PD
based on parameters extracted from the patient's voices.
However, these models still suffer low classification accuracy
especially due to their robustness and generalization
performance across the wide demographic spectrum of the
population with PD.

Most of the studies on this topic, develop their model using
relatively small databases with a limited demographic range.
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THE RESULT OF ANOVA TEST AND POST-HOC TURKEY-CRAMER TEST

TABLE 111

p-value of ANOVA p-value of Post-Hoc Test (Turkey-Cramer)
B st Dataset 1 | Dataset 1 | Dataset 1 | Dataset 1 | Dataset 2 | Dataset 2 | Dataset 2 | Dataset 3 | Dataset 3 | Dataset4
All Datasets vs vs Vs Vs Vs Vs Vs Vs Vs Vs
Dataset 2 | Dataset 3 | Dataset 4 | Dataset 5 | Dataset 3 | Dataset 4 | Dataset 5 | Dataset4 | Dataset 5 | Dataset S

Jitter-abs (s) <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
Jitter-rel (%) <0.05 <0.05 - <0.05 <0.05 <0.05 - <0.05
Shimmer-rel (%) <0.05 <0.05 < 0.05 <0.05 <0.05 <0.05 <0.05 <0.05
Shimmer-abs (dB) <0.05 - <0.05 - - <0.05 - <0.05 - <0.05
HMR (dB) <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
NHR <0.05 - - < 0.05 <0.05 - <0.05 <0.05
F1-mean (Hz) < 0.05 <0.05 < 0.05 < 0.05 = - - =0.05 3
F2-mean (Hz) <0.05 <0.05 < 0.05 <0.05 <0.05 - <0.05 <0.05
F3-mean (Hz) <0.05 - - - <0.05
FA4-mean (Hz) <0.05 - - <0.05 - <0.05 <0.05
Intensity-mean (dB) <0.05 - - <0.05 - <0.05 <0.05 - <0.05 - <0.05
MFCC(0) <0.05 <0.05 <0.05 <0.05 < 0.05 <0.05 <0.05 - <0.05 <0.05 <0.05
MFCC(1) <0.05 <0.05 <0.05 <0.05 - <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
MFCC(2) <0.05 <0.05 - < 0.05 <0.05 <0.05 = <0.05 =0.05 < 0.05
MFCC(3) <0.05 <0.05 <0.05 < 0.05 <0.05 <0.05 - <0.05 <0.05 <0.05
MFCC(4) <0.05 <0.05 - <0.05 - <0.05 <0.05 <0.05 <0.05 <0.05
MFCC(5) <0.05 <0.05 <0.05 < 0.05 <0.05 <0.05 <0.05 - - <0.05
MFCC(6) <0.05 - <0.05 <0.05 - <0.05 <0.05 - - <0.05 <0.05
MFCC(7) <0.05 <0.05 <0.05 <0.05 < 0.05 - - <0.05 <0.05 <0.05 <0.05
MFCC(8) <0.05 <0.05 <0.05 < 0.05 <0.05 <0.05 <0.05 <0.05 .
MFCC(3) < 0.05 < 0.05 - - < 0.05
MFCC(10) <0.05 <0.05 - <0.05
MFCC(11) <0.05 - - <0.05 -
MFCC(12) <0.05 <0.05 - <0.05 <0.05

The development of a robust model requires a training process
that includes a large database that covers all the possible
demographic and pathological ranges of PD patients. Such a
database is rarely available due to the limited access to patients
with PD, especially in developing countries.

One of the possible solutions to the problem of dataset
limitation is to accumulate a large number of recordings from
all the available datasets of PD voice datasets or other
pathological voice datasets. However, combining a large
number of datasets in a training process may introduce a new
problem due to biases between the datasets. The unwanted
biases may be related to the variation of recording techniques
and equipment, language and ethnicity, noises in the recording
environment, and other unknown factors.

In this study, the authors investigate the disparity between
five commonly used Parkinson’s voice datasets (the PC-
GITA, Saarbruecken Voice Database (SVD), Italian
Parkinson’s Voice and Speech Dataset, UCI Parkinson’s
Disease Classification Dataset of Okan Sakar, and
Viswanathan’s dataset of RMIT University) based on the
distribution of voice parameters extracted from the recordings
of healthy-control (HC) group of the datasets.

The language and ethnic diversity of the subjects have
been suspected as the possible source of biases between
Parkinson’s voice datasets [14]. The result of ANOVA and
Post-Hoc Turkey-Cramer tests in this work suggest that the
diversity in language and ethnicity were not contributing
significantly to any biases between databases of the sustained
phoneme, especially in the features related to vocal cord
vibration (Jitter and Shimmer). Datasets 1, 2, and 3 were
recorded from three different populations with different
languages and ethnicity. The subjects recorded in PC-GITA
datasets were Columbians that speak Spanish. The SVD
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database subjects were German who speak the German
language, while the Italian Parkinson’s and Voice dataset was
recorded from Italian subjects. The statistical analysis shows
that the p-value of Jitter and Shimmer features extracted from
these three datasets was higher than 0.05 which indicates a
condition of a non-significant difference. The formants
distribution of these three datasets was also similar. It
indicated that the was no significant difference in the
pronunciation of /a/ across different languages.

The other finding from this study is that the widely used
UCI Parkinson's Disease Classification Dataset (dataset 4)
[11]was having a different distribution compared to the other
four datasets in almost all the investigated voice features. The
features in the dataset were extracted from the recordings of
Turkeys’ subjects speaking Tukey’s language using a
microphone operated at a 44.1 kHz sampling rate. Because the
dataset was not provided in the form of raw voice recordings,
the source of this unique distribution could not be pinpointed
in this study. Any study in the future that uses this dataset in
combination with other datasets must be done with the
awareness of this unique distribution.

Noises introduced during the recording phase have been
suggested as a possible reason for biases in Parkinson’s voice
dataset. The result of this study confirms that noises in the
recording contribute to the biases in the extracted voice
features especially the harmonic features (HNR and NHR).
Dataset 5 (the Viswanathan’s-RMIT dataset) was recorded at
the lowest SNR of 18.7 + 5.4 dB. The HNR and NHR
distribution of this dataset were different (with p-value <0.05)
from the other four datasets.

The distributions of MFCC coefficients of the five datasets
were not similar. Most of the p-values of the MFCC
comparison were less than 0.05, especially in the low-order
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coefficients. This is because the datasets were recorded with
different sampling rates as shown in Table I. Two recordings
with different sampling frequencies will have Mel-filters with
different frequency ranges (in Hz or Mels) if the number of
coefficients was kept the same [24]. Therefore, it is necessary
to consider the same sampling frequency when using MFCC
coefficients as the extracted features.

V. CONCLUSION

To develop a robust and accurate machine learning model
to identify subjects with Parkinson’s disease based on voice
features, it is necessary to have a large dataset of voice
recordings. Accumulating voice recordings from several
available datasets could face a problem due to biases between
datasets. This study investigates the possible biases between
five commonly used Parkinson’s voice datasets. The
inconsistencies were observed in the statistical distribution of
the sustained phoneme features of healthy control (HC).

The results suggest that, for sustained phoneme features,
language and ethnic variation do not produce a significant bias
between datasets. On the other hand, noises in the recording’s
environment have a significant contribution to producing bias
between datasets. If the dataset extract MFCC features, the
sampling frequency of the recordings must be normalized to
the same frequency.

The other significant finding in this work is the unique
distribution of the UCI Parkinson's Disease Classification
Dataset to the other investigated dataset in this work.
Accumulating UCI Parkinson's Disease Classification Dataset
into a larger dataset has to be done with this uniqueness
awareness.
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