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Introduction
People with Parkinson’s Disease (PD) exhibit a chronic 

neurodegenerative disorder caused by the progressive degeneration 
and death of dopaminergic neurons, that play a key role in coordinating 
the movement at level of muscular tone.

Voice and speech, as dependent on laryngeal, respiratory and 
articulatory functions, are also affected in people with PD. Non-motor 
signs can also affect language, cognition and mood, which can impact 
on communication [1]. Vocal impairment is most likely one of the 
earliest signs of the disease [2]. Since the very early stages of PD, there 
are subtle abnormalities in speech that might not be perceptible to 
listeners, but they could be evaluated in an objective way by performing 
acoustic analyses on recorded speech signals.

Some authors found statistically significant differences of some 
acoustic features between healthy controls and subjects with PD [3-
5]. Significance tests on prosodic parameters have also been used 
to evaluate the effectiveness of response to levodopa (L-dopa) and 
surgical treatment [6]. However, individually evaluating each feature 
is not enough to properly discriminate people with PD from healthy 
subjects. A classification-based approach must be performed to show 
the discrimination capability of a set containing the most relevant 
features.

Computer-Aided Diagnosis (CAD) systems seek to maximize the 
information that can be automatically extracted from medical tests 
(images, videos, voice,...) by quantitative calculations. In recent years 
numerous techniques have been developed to assess speech-related 
diseases. The monograph presented by [7] provides a current view of the 
state-of-the-art concerning automatic classification of speech signals 
for clinical purposes. This research line has a special development for 
the diagnosis and monitoring of PD. The Parkinson’s Voice Initiative 
has played an important role in the spread of this topic.

Some authors have considered measures extracted from speech 
recordings to discriminate healthy people from those with PD [8-12]. 
In these investigations, speech samples are recorded to extract some 
specific characteristics of the signals and classify them by using different 
methods. These techniques have a great potential as biomarkers to 
provide early diagnosis of the disease [13]. Successfully addressing 
early diagnoses of people with PD is a key issue to improve the patients’ 
quality of life. Undiagnosed and misdiagnosed subjects can also be 
benefited from these techniques. Note that it is estimated that 20% of 
people with PD remain undiagnosed [14], allowing the fast advance 
of the disease. Misdiagnosis is also an important problem since the 
symptoms can be confused with the ones of other neurodegenerative 
disorders.

As the disease progresses, voice impairment increases and most 
times the improper voice can be directly distinguished without the need 
of any computer aided analysis [4]. PD tracking has been previously 
performed by applying the Unified Parkinson’s Disease Rating Scale 
(UPDRS, [15]), which reflects the presence and severity of symptoms. A 
revision of this scale was published in 2007 by the Movement Disorder 
Society (MDS), and it is known as the MDS-UPDRS [16]. Both scales 
require the patient’s physical presence in a clinical center and the 
availability of expert clinical staff for long time. For many people with 
PD, visits to hospital are an additional complication. Advances in 
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 Abstract
A system that is capable of automatically discriminating healthy people from people with Parkinson’s Disease 

(PD) from speech recordings is proposed. It is initially based on 27 features, extracted from recordings of sustained 
vowels. The number of characteristics has been further reduced by feature selection. The system has been tested 
by using a heterogeneous database, composed of 40 control subjects and 40 subjects with PD belonging to different 
severity stages of the disease and under prescribed treatment. Repeated measures per individual were averaged 
before being assigned to subject, avoiding the usual practice of considering measurements within the same subject 
as independent. The best overall accuracy obtained was 85.25%, with a sensitivity of 90.23% and a specificity of 
80.28%. Additionally, a pilot experiment to track PD severity stages has been performed on 32 out of the 40 initial 
subjects with PD. To the authors’ knowledge, this is the first speech-based experiment on automatic PD tracking 
by using the Hoehn and Yahr’s scale (clinical metric mainly focused on postural instability). The results suggest 
that progression of voice impairment follows different developmental trajectories than postural instability, implying 
different degenerative mechanisms.
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broadband telecommunication systems offer the possibility of remote 
monitoring [17]. Some approaches have addressed the problem of 
finding a statistical mapping between speech parameters and UPDRS 
scores, but all of them are based on only one multicenter study [18-22]. 
A simpler scale, which has wide utilization and acceptance, is Hoehn 
and Yahr’s (H&Y [23]), but as a counterpart, it does not measure the 
symptom severity but the stage in an ordinal scale. There have been 
few attempts to correlate both metrics [24,25]. Up to our knowledge, 
no results have been presented on PD progression with H&Y scale by 
using voice recordings in a longitudinal study.

One important issue to deal with both in diagnosis and tracking 
applications is the choice of a proper statistical treatment. In this 
context, it has become usual in the literature to apply classification 
methods based on independent sample schemes to experiments 
including replicated recordings. This treatment of the data artificially 
increases the sample size and yields unreliable results [26-28]. Although 
some advances have been reported on this topic, there is a scientific 
challenge to improve and disseminate these techniques, so that they can 
be incorporated into protocols by neurological units. These procedures 
have the advantage over other traditional techniques of being non-
invasive, objective, inexpensive and easy to self-administration so that 
they can be used in telediagnosis and telemonitoring contexts.

In this paper, a voice recording-based experiment on 80 subjects, 
40 of them with PD, has been conducted. The aim was to study the 
potential of the automatically extracted voice features to discriminate 
between healthy controls and subjects with PD and to track PD 
progression by using the H&Y scale.

The outline of this paper is as follows. Section 2 presents the main 
information on participants, speech recordings, feature extraction and 
statistical data analysis. In Section 3, the statistical results are presented 
for both diagnosis and tracking PD progression. Section 4 presents 
a discussion on the obtained results as well as the advantages and 
limitations of the approach. Finally, Section 5 shows the conclusion.

Materials and Methods
In this section, information on participants, speech recordings, 

feature extraction and statistical data analysis is presented.

Participants

Firstly, 80 subjects older than 50 years were considered to perform 
voice recordings and to follow a survey protocol. Half of them were 
healthy: 22 men (55%) and 18 women (45%), and the other were 
subjects with PD: 27 men (67.5%) and 13 women (32.5%). The mean age 
(± standard deviation) was 66.38 ± 8.38 years for the control group and 
69.58 ± 7.82 years for the subjects with PD. None of the people in the 
control group has history of symptoms related to PD or any other kind 
of movement disorder syndrome. The research protocol was approved 
by the Bioethical Committee of the University of Extremadura and all 
the subjects signed an informed consent.

People with PD were diagnosed by expert neurologists and assigned 
to stages from 1 to 4, following the H&Y scale. The number of subjects 
in stages 1, 2, 3 and 4 was, respectively, 9, 13, 16 and 2 in 2014. All of 
them were under the effects of prescribed medication of levodopa. The 
time since the disease was detected ranged between 1 and 24 years, with 
mean 7.48 ± 5.30 years. One subject with PD was diagnosed when she 
was 34 years old, and at the moment of the survey she was 58 and in 
stage 4.

One year after the first application of the protocol, 32 out of the 
40 subjects with PD were again applied the same protocol for tracking 

disease progression. The number of subjects in stages 1, 2, 3 and 4 had 
changed to 6, 9, 14 and 3, respectively. The remaining 8 out of the 
40 initial subjects with PD were no longer visiting the headquarters 
of Asociación Regional de Parkinson de Extremadura (Mérida) and 
Confederación Española de Personas con Discapacidad Física y Orgánica 
(Cáceres), where the protocol was applied.

Speech recordings

The vocal task was the sustained phonation of /a/ vowel at 
comfortable pitch and loudness, as constant as possible. This phonation 
had to be kept for at least 5 seconds and on one breath. The task was 
repeated three times per individual, and they were considered as 
repeated measurements. This task has been considered due to the good 
results provided in the scientific literature [8,29] and to keep the speech 
exercise as simple as possible, avoiding overtiring the participants, 
especially in the case of patients with advanced PD stages.

The speech data were recorded using a portable computer with an 
external sound card (TASCAM US322) and a headband microphone 
(AKG 520) featuring a cardioid pattern, positioned at approximately 
8 cm from the lips. The digital recording was performed at a sampling 
rate of 44.1 KHz and a resolution of 16 bits/sample by using Audacity 
software (release 2.0.5). This recording conditions were consistent 
across the whole data collection.

The voice signal, composed of a set of sounds generated by the 
vocal system, is transformed into an electrical signal by means of the 
microphone. Then, producing a sustained /a/ lasting some seconds 
gives rise to a signal from which acoustic parameters can be extracted. 
Figure 1 shows the waveforms and spectrograms for a healthy subject 
and a person with PD.

Feature extraction

This study is based on 27 acoustic features coming from 4 different 
characteristic families. Features within each family are highly correlated. 
The four families are:

• Four pitch local perturbation measures: relative jitter, 
absolute jitter, Relative Average Perturbation (RAP) and Pitch 
Perturbation Quotient (PPQ) [30].

• Five amplitude perturbation measures: local shimmer, dB 
shimmer, 3-point Amplitude Perturbation Quotient (APQ3), 
5-point Amplitude Perturbation Quotient (APQ5) and 11-point 
Amplitude Perturbation Quotient (APQ11) [30].

• Five Harmonic-to-Noise Ratio (HNR) features corresponding 
to different frequency bandwidths: HNR05 (0-500 Hz), HNR15 
(0-1500 Hz), HNR25 (0-2500 Hz), HNR35 (0-3500 Hz) and 
HNR38 (0-3800 Hz). HNR values for each frame are extracted 
by using the freely available VoiceSauce toolbox [31].

• Thirteen Mel Frequency Cepstral Coefficients (MFCCs): from 
MFCC0 to MFCC12 [32].

In people with PD, both weak laryngeal and diaphragm control 
can produce vocal tremor [33]. Vocal fold stiffness and bowing cause 
changes in vocal fold mass and tension. Weak diaphragm control can 
cause fatigue across a prolonged voice loading task. Tremulous voices 
can not properly keep the sustained phonation and therefore show 
unstable fundamental frequency (high jitter) and amplitude (excess 
shimmer).

The third family of features measures the relative level of noise 
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present in speech. In people with PD, weak laryngeal control leads to an 
incomplete glottal closure. As a consequence, excess noise appears due 
to unphonated air escaped through these leaks in the glottis. This leads 
to lower HNR values.

The use of MFCCs for voice analysis stems from the field of speech 
and speaker recognition. Although specific coefficients do not have 
a clear physical meaning, a general interpretation can be made: low 
coefficients are related to the speech spectral envelope, which depends 
on articulators position. It has become customary in many speech 
processing applications to use the first 13 MFCC coefficients (12 of 
them represent the spectral envelope shape plus an energy parameter) 
[34]. PD is known to affect also articulation, therefore these low MFCC 
coefficients are promising features to complement the previous measures 
(related to phonation impairments) for PD diagnosis and tracking [19]. 
In this work, standard deviations of MFCC parameters are used to model 
the variability of spectral envelope within a sustained vowel.

After extraction, for each voice feature, the three replications per 
individual were averaged, avoiding an artificial sample size increase. 
Matlab software Release 2013 has been used to implement the feature 
extraction procedures.

Statistical data analysis

Independence-based t-tests are used to analyze statistically significant 
differences between mean values of the acoustic features in people with 
PD and control subjects. Support Vector Machine (SVM) methods are 
considered to analyze the predictive ability of the acoustic variables to 
discriminate healthy subjects from people with PD [35]. These methods 
are supervised learning models used for classification tasks. Since classes 
may not be separable by a linear boundary, SVMs can efficiently perform 
a non-linear classification using what is called a kernel function. The 
performance of SVMs considerably depends on the kernel. Thus it is 
important to determine the best choice among different kernel functions. 
Technical details on how SVM methods work can be found in [36]. 
Concerning feature selection, a backward sequential approach has been 
used to search for the optimal feature subset.

The sign test is applied to analyze if the H&Y distribution has 
significantly changed from the first to the second year. Paired t-tests 
were considered to compare the mean values of the acoustic features 
between the two years. In order to relate the H&Y scale to the acoustic 
features, a generalized linear mixed model for longitudinal ordinal 
data is considered [37]. The variable selection is performed by using a 
penalized backward continuation ratio model [38,39].

In order to estimate the model performance on new individuals 
for both diagnosis and progression, 10-fold cross-validation schemes 
are considered [40]. This is usual to estimate how accurately a 
predictive model will perform in practice. Specifically, in 10-fold 
cross-validation, the original sample is randomly partitioned into 10 
equal size subsamples. A single subsample (out of the 10 defined) is 
retained as the validation data for testing the model, and the remaining 
9 subsamples are used as training data. The cross-validation process is 
then repeated 10 times, with each of the 10 subsamples used exactly 
once as the validation data. The 10 results from the folds are averaged 
to produce a single estimation. This process can be repeated many 
times and the results averaged. For diagnostic purposes, the 10-fold 
cross-validation is performed in a stratified way so that each subsample 
has the same number of subjects with PD and control subjects.

For hypothesis tests, results are considered statistically significant 

when p-values are lower than 0.05. No correction for multiple testing 
has been applied. IBM SPSS 19 and R software release 3.1.2 have been 
used for statistical analyses.

Results
The results for the acoustic measure-based experiments on PD 

detection and PD progression are presented in the following two 
subsections.

CAD system

All 27 acoustic features provide statistically significant differences 
between people with PD and healthy subjects. However, evaluating 
each feature individually is not enough to properly discriminate 
people with PD from healthy people. A classification-based approach 
is performed here.

Two hundred repetitions of 10 -fold stratified cross-validation 
were used to estimate the classifier performance. The performance of 
SVM with backward sequential feature selection is evaluated based 
on four different kernel functions, namely, linear, quadratic, radial 
basis function (RBF) and multilayer perceptron (MLP). Classifier 
performance was measured using overall accuracy, sensitivity and 
specificity. The results are shown in Table 1.

The best overall accuracy (85.25%) is achieved with the RBF kernel 
and the 95% Confidence Interval (CI) is 85.07-85.43. Sensitivity of 
90.23% (with 95% CI: 89.91-90.55) and specificity of 80.28% (with 95% 
CI: 80.12-80.43) are achieved.

Tracking PD progression

The H&Y stages observed in 2014 and 2015 are presented in a 
double entry table (Table 2). 

Seven out of thirty two patients increased their disease stage in one 
year. Specifically, two patients changed from stage 1 to stage 2, four 
patients changed from stage 2 to 3, and one patient changed from stage 
3 to 4. The sign test shows that this change in the H & Y distribution 
from the first to the second year is not statistically significant 
(p-value=0.125).

Paired t-tests were considered to compare the mean values of the 
acoustic features between the two years. Only one out of 27 acoustic 
variables provided statistically significant differences between mean 
values. Specifically, MFCC5 provides a p-value of 0.032.

The previous results show, separately, that there have not been 
too many changes in one year. Now, a longitudinal ordinal regression 
method is applied to relate the H&Y scale and the acoustic features in 
these two years. Two hundred repetitions of 10 -fold cross-validation 
were used to estimate the model performance. The application of the 
longitudinal ordinal regression model with the considered variable 
selection provides an accuracy rate of 11.96% of correct classification 
for both stages simultaneously, and an accuracy rate of 31.68% for 
correct classification of only one H&Y stage (2014 or 2015). This clearly 

Table 1: Overall accuracy, sensitivity and specificity from the CAD experiment.

 Accuracy ( % )  Sensitivity ( % )  Specificity( % ) 
RBF  85.25  90.23  80.28 
Linear  84.29  84.75  83.83 
MLP  81.51  84.10  79.93 
Quadratic  79.50  85.12  74.38 
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shows that the model is not accurately predicting the progression of the 
disease by using the acoustic features.

In the next section it is discussed about the advantages and 
limitations of acoustic feature-based approaches to aid in the diagnosis 
and tracking progression of PD.

Discussion
There is some evidence suggesting that speech disorders may 

precede other symptoms of PD. Acoustic analysis on recorded speech 
signals can help to detect subtle abnormalities in speech that might 
not be perceptible to listeners in early stages of the disease. This is 
mainly due to the fact that the muscles controlling voice and speech are 
affected by PD. This has opened an interesting research line to identify 
the differences between voices of healthy individuals and individuals 
suffering from PD, by developing, implementing, and testing feature 
extraction as well as pattern recognition algorithms.

Some authors have considered measures extracted from speech 

recordings to discriminate healthy people from those with PD. In this 
context, it has become usual to conduct experiments with replicated 
recordings over the healthy subjects and the subjects with PD [8,9,11]. 
A common point in most of these approaches is that the classification 
methods are based on independent sample schemes instead of on 
repeated measurement frameworks. Note that each subject has 
several related measures which are not independent. Using the related 
measures as independent artificially increases the sample size, leading 
to inflated classification success proportions. [12,27] analyzed this 
problem and proposed how to handle recording replications.

A possibility to handle recording replications is to summarize by 
a representing value each feature extracted from all voice recordings 
belonging to the same individual. By using the database in [8], a best 
accuracy rate of 88.25% has been obtained in the discrimination of 
people with PD from healthy subjects by averaging features from the 
same individuals [12]. [8] obtained 91.4% by considering the voice 
recordings as independent and used the equivalent to 195 experimental 
units (195 voice recordings coming from only 32 individuals including 
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Figure 1: Waveforms, (a) and (b), and spectrograms, (c) and (d), for two voice recordings of control and PD subjects, respectively.
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patients with PD and healthy controls). [11] compare their proposals 
with the ones from fifteen previously published papers that use the data 
in [8]. These authors report an accuracy rate of 100%, with the same 
speakers contributing large number of recordings and using them as if 
they came from different individuals.

In this paper, there are three recordings of sustained /a/ per subject 
and the instances match the subjects in the experiment, i.e., 80 subjects 
(40 of them with PD), so the sample size has not been artificially 
increased. [10,41] presented different approaches to avoid considering 
measurements within the same subject as independent. [10] proposed 
to aggregate information with central tendency and dispersion metrics 
with a study considering 20 healthy subjects and 20 subjects with PD. 
They obtained accuracy rates between 65.00% and 77.50% by using 
26 voice features with several classification methods. [41] performed 
an experiment with the same sample size for the same purpose with 
a different methodology. They attained an accuracy rate of 81.08%. 
In our experiment the best accuracy rate is 85.25%. These results are 
remarkable, since they have been obtained by using a heterogeneous 
database, composed of people with PD belonging to four different stages 
of the H&Y scale (initial, two mild stages and advanced) and under 
prescribed treatment, so some effects of the disease were decreased.

This noninvasive low-cost tool can be considered as a diagnostic test 
in primary attention when the doctor has concerns about the medical 
condition. This would give another evidence to derive the patient to 
specialized neurological units, what may help in early diagnosis and 
with long-term undiagnosed patients. Note that it is estimated that 20% 
of people with PD remain undiagnosed [14].

However, CAD systems for helping in PD detection constitute 
only the first step. Many people with PD will eventually experience 
different degrees of vocal impairment as their condition advances. PD 
tracking has been previously performed by applying the UPDRS. Most 
approaches are based on only one multicenter study that tested the 
feasibility of a computer-based at-home testing device (AHTD) in 52 
early-stage unmedicated people with PD over a period of six months 
[17]. Voice recordings of sustained /a/ from 42 out of 52 patients were 
considered by Tsanas and collaborators in several publications for 
tracking purposes [18-19,42-44]. Voice characteristics considered in 
[42] were used by other authors for the same purpose [20,22].

However, as in the classification problem, these approaches 
considered the features extracted from the recordings as independent. 
Since each patient has provided many replications during the six 
months, there is no longer independence. This artificial treatment of 
the data increases the sample size to the equivalent of 5,875 individuals, 
instead of the real 42 individuals with his/her replications at times 0, 
3, and 6 months, and provides better estimated accuracies than they 
actually are. [26,28] propose alternative modelling methods to address 
repeated measurements in this context. However, the results show 
that the approaches provide higher estimations than the inter-rater 
variability for UPDRS, that is about 4-5 points.

There have been some tries to correlate the UPDRS scale with 
the H&Y scale [25,45]. There is an inconsistency at least one time 
[25] found statistically significant correlations (with moderate or low 
strength) between the items in section III of UPDRS scale and H&Y. 
This led to the possibility of using this scale instead of UPDRS to 
track PD progression. Up to now, no experiment based on acoustic 
measurements has been developed for this purpose in a longitudinal 
framework. In this paper, we have tracked the progression of 32 patients 
in one year. Seven of them increased their disease stage in this period. 
However, this change in the H&Y distribution from the first to the 
second year is not statistically significant. Besides, only one out of 27 
acoustic variables provided statistically significant differences between 
mean values from 2014 to 2015. This reveals small changes in one year. 
The next question is how accurately the values of H&Y scale can be 
estimated by using the features extracted from the voice recordings. 
In this case, the acoustic features extracted with the longitudinal 
regression model considered do not accurately predict the progression 
of PD based on the H&Y scale (Table 3).

Although the results from this pilot study are limited by the sample 
size and period length, the findings might be explained by the fact 
that the H&Y scale is focused only on some specific motor deficits. In 
particular, H&Y scale considers unilateral versus bilateral disease and 
evaluates the presence or absence of postural instability, thereby leaving 
other aspects of motor deficit and non-motor symptoms unassessed. 
Further work on a larger-scale experiment (more subjects and over a 
longer period) should be focused on this H&Y scale and on a different 
clinical metric. [42] use total and motor UPDRS scores. The sum of 
specific items in the MDS-UPDRS is proposed here for future work, 
keeping the subject-based approach.

A great advantage of this methodology is that voice recordings can 
be obtained from remote locations, allowing to build a telemonitoring 
system [17]. Telemonitoring can be objective, simple, noninvasive and 
facilitates fast, frequent remote tracking of disease progression. For 
many people with PD, visits to hospital are an additional complication. 
On the other hand, it significantly alleviates the national health systems 
of excessive workload and the large associated costs of clinical human 
expertise. The implementation of the proposed approach in real-time 
through Android or iOs-based smartphones would provide an added 
value for all the implied parts. However, it is necessary more research 
before telemonitoring can be incorporated in neurological units for 
tracking PD progression.

Conclusion
Human voice is affected by PD, due to disorders of laryngeal, 

respiratory and articulatory functions. CAD systems based on acoustic 
features as the one proposed here can be used as a diagnostic test with a 
relatively high sensitivity and specificity. Therefore, voice features can 
be used as biomarkers in primary attention and they can help doctors 
to early diagnose. This is currently important for access to treatment 
of symptoms and is expected to be a key point associated with the 

Table 2: Double entry table for H&Y stages in 2014 and 2015.

  Stage in 2015  
  Stage 1  Stage 2  Stage 3  Stage 4  Total 

Stage in 2014  Stage 1  6  2  0  0  8 
 Stage 2  0  7  4  0  11 
 Stage 3  0  0  10  1  11 
 Stage 4  0  0  0  2  2 

 Total  6  9  14  3  32 
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development of new treatments in the near future. Currently, no single 
definitive diagnostic test is available for PD, and accurate diagnosis 
has been a significant challenge, particularly among clinicians without 
particular expertise in movement disorders.

PD tracking is also an objective. The results considering predicting 
H&Y scale from acoustic features suggest that this clinical scale should 
be substituted for this purpose by another metric, such as the sum of 
specific items of the MDS-UPDRS scale.

The small sample size and the duration of the experiment is a 
limitation. There is a great difficulty to recruit patients for this kind of 
experiments. It is necessary more research on new patients, before these 
techniques can be incorporated into protocols by neurological units, 
possibly in a remote way. This would produce a definitive feedback to 
the scientific community allowing an iterative procedure that would 
lead to better results.
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