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Abstract: This paper deals with non-invasive and objective Parkinson’s disease (PD) severity esti-
mation. For this purpose, prosodic speech features expressing monopitch, monoloudness, and speech
rate abnormalities were extracted from recordings of stress-modified reading task acquired from 72
patients with idiopathic PD. Using a single feature regression (esimating values of subjective clin-
ical rating scales) with classification and regression algorithm, following performance in terms of
root mean squared error was achieved: 10.72 (UPDRS III), 2.16 (UPDRS IV), 4.76 (FOG-Q), 17.89
(NMSS), 2.13 (RBDSQ), 6.43 (ACE-R), 1.41 (MMSE), and 4.82 (BDI). These results show a promis-
ing potential of prosodic speech features in the field of objective assessment of PD severity.
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1 INTRODUCTION

Parkinson’s disease (PD) is a frequent neurodegenerative disorder [1] characterized by a substantial
reduction of dopaminergic neurons especially in the part of the brain named substancia nigra pars
compacta [2]. Dopaminergic loss subsequently leads to a malfunction of the central nervous sys-
tem resulting into variety of associated motor and non-motor symptoms. According to the previous
studies [3], approximately 60 – 90% of PD patients suffer from speech disorder, defined by Darley,
Aronson, and Brown back in 1969, referred to as hypokinetic dysarthria (HD) [4]. HD affects all
aspects of human verbal communication, namely: phonation, articulation, prosody, speech fluency,
and faciokinesis [5, 6, 7]. In summary, voice tremor, hypophonia, dysphonia, hypernasality, dys-
prosody, articulation problems with unorthodox speech silence and speech rate alterations have been
observed [8]. Dysprosody is characterized by variable speech rate, monopitch and monoloudness [9]
leading to flat speech melody, which reduce perceived naturalness of the speech and also the ability
to express the acoustic contrast and emotions of the speaker.

At present, objective and reliable assessment of PD is still not available. To diagnose, rate, and mon-
itor the disease, neurologists and clinical psychologists have developed numerous subjective rating
scales such as Unified Parkinson’s Disease Rating Scale (UPDRS III: motor examination; UPDRS IV:
Modified Hoehn and Yahr Staging), Non-Motor Symptoms Scale (NMSS), Beck Depression Inven-
tory (BDI), Freezing Of Gait questionnaire (FOG-Q), The REM sleep Behaviour Disorder Screen-
ing Questionnaire (RBDSQ), Mini-Mental State Examination (MMSE) or Addenbrooke’s Cognitive
Examination-Revised (ACE-R) [6]. Nevertheless, this particular approach has several disadvantages.
The most critical one is the natural subjectivity of the examination. Therefore, researchers have inves-
tigated non-invasive paraclinical methods of PD assessment that would provide clinicians objective
insight into motor and non-motor features of the examined patient [6, 10]. These methods could also
be used to monitor the disease and efficiency of the treatment. One of the most advances methods
that has been developed in this field of science is the acoustic analysis of dysarthric speech.
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In this work, we perform quantitative prosodic analysis of HD in PD to build a regression model
capable of PD severity estimation. Degree of PD severity is assessed according to 8 aforementioned
subjective clinical rating scales. For this purpose, we investigate the speech recordings acquired from
the specialized reading task in which the speakers read 3 sentences (indicative, interrogative, and
imperative) using the prosodic speech features that express monopitch, monoloudness and speech
rate deficits in HD. The rest of this paper is organized as follows. Section 2 presents the dataset and
the methodology. Experimental results are presented in section 3, and section 4 provides discussion
and some conclusions.

2 MATERIALS AND METHODS

2.1 DATA ACQUISITION

Altogether, speech recordings of 72 (47 men and 25 women) Czech native speakers with idiopathic
PD (age: 67.50 ± 8.08, PD duration: 7.47 ± 4.17 years) were analysed. The patients were enrolled
at the First Department of Neurology, St. Anne’s University Hospital in Brno, Czech Republic. All
patients were examined approximately 1 hour after their regular dopaminergic medication. None
of the patients had a disease affecting the central nervous system other than PD or suffered from
hallucinations, illusions, or psychosis. All patients signed an informed consent form that had been
approved by the Ethics Committee of St. Anne’s University Hospital in Brno. At first, patients were
examined by clinical neurologist and psychologist according to 8 previously mentioned rating scales.

Afterwards, the speech recordings were acquired and subsequently checked by a trained acoustic
engineer who discarded the recordings with an undesirable acoustic noise. The speech protocol con-
sisted of a specialized reading task (reading of indicative, imperative, and interrogative sentences).
It was composed of 22 words (87 characters). The task required the stress-control to emphasize the
emotions according to the sentences [9]. The speech task: in Czech – Ted’ musíš být chvíli trpělivý,
než to dokončíme. Už mě to nebaví, dej mi už konečně pokoj! Tak co, jak to dopadlo?, English trans-
lation – Now, you have to be patient until we finish it. I’m tired of it already, leave me alone! So, how
did it go?

2.2 SPEECH FEATURES

Adopting the methodology from our previous research [9], we extracted a set of prosodic speech fea-
tures quantifying: a) monopitch – Standard Deviation of fundamental frequency (F0S), Relative Stan-
dard Deviation of F0 (F0r. S), Variation Range of F0 (F0R), Relative Variation Range of F0 (F0r. R);
b) monoloudness – Standard Deviation of Squared Energy Operator/Teager-Kaiser Energy Operator
(SEOS/TEOS), Relative Standard Deviation of SEO/TEO (SEOr. S/TEOr. S), Variation Range of
SEO/TEO (SEOR/TEOR), Relative Variation Range of SEO/TEO (SEOr. R/TEOr. R); c) speech rate
abnormalities – Total Speech Time (TST), Net Speech Time (NST), Total Pause Time (TPT), Total
Speech Rate (TSR), Net Speech Rate (NSR), Total Pause Time (pauses longer than 50 ms) (TPT 50),
Articulation Rate (AR) and SPeech Index of Rhytmicity (SPIR). For further description of these
features, see [11, 12, 8].

For the purpose of F0 contour extraction, we used Praat acoustic analysis software [13] [available
at: http://www.praat.org (Phonetic Sciences, University of Amsterdam, The Netherlands)].
The prosodic features were computed using Neurological Disorder Analysis Tool (NDAT) [5, 8] writ-
ten in MATLAB and developed at the Brno University of Technology.
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2.3 STATISTICAL ANALYSIS

First, the speech features were normalized before the analysis on a per-feature basis to have 0 mean
and a standard deviation of 1. To estimate a degree of linear dependence between the prosodic fea-
tures and PD severity, we computed Pearson’s correlation coefficient (r) between feature vectors and
associated clinical diagnosis denoted by the values of selected clinical rating scales. To evaluate a pre-
diction power of the prosodic features, univariate regression models were designed. For this purpose,
Classification And Regression Trees algorithm (CART) in a supervised learning setup (10-fold val-
idation approach with 5 repetitions) was used. The performance of the models were determined by
Root Mean Squared Error (RMSE).

Classification And Regression Trees (CART) is a non-parametric supervised machine learning method
based on landmark mathematical theory introduced in 1984 by Breiman, Freidman, Olshen, and
Stone [15], which can be used either for classification or regression. One of the advantages of CART
algorithm in comparison to other regression-based techniques is its robustness to outliers. The output
of this algorithm is a collection of rules inferred from the training data. The rules are used to recur-
sively grow the tree so that data in each subset are the ones with the maximum homogeneity. When
the algorithm detects no further gain by partitioning the data, the pruning step is applied to reduce the
size and complexity of the decision tree and hence to improve its final prediction power [16].

3 RESULTS

In this paper, we performed quantitative prosodic analysis to estimate degree of PD severity. For this
purpose, we adopted the methodology from our previous research of parkinsonian dysprosody [9] and
extracted a set of prosodic features to describe monopitch, monoloudness, and speech rate abnormal-
ities in HD. To express linear dependence between the prosodic features and degree of PD severity
denoted by 8 previously mentioned subjective clinical rating scales, we computed Pearson’s corre-
lation coefficient (r). In addition, we used CART algorithm in a supervised learning setup (10-fold
approach validation with 5 repetitions) to built prediction models evaluating a potential of prosodic
features to assess HD in PD. Table 1 summarizes the results of the analysis. The table shows top three
prosodic features sorted according to the lowest RMSE achieved during evaluation of the associated
regression models.

Table 1: Statistical analysis of top 3 prosodic features computed for the reading task.

scale features r p RMSE scale features r p RMSE

UPDRS III
F0S -0.3738 0.0105 10.7203

UPDRS IV
TEOr. R 0.2417 0.1056 2.1604

SEOS 0.3566 0.0150 10.7983 TEOr. S 0.2298 0.1244 2.1668
AR 0.3300 0.0251 10.9105 TEOR 0.1856 0.2169 2.1878

FOG-Q
TSR 0.3081 0.0373 4.7629

NMSS
F0S -0.2775 0.0619 17.8900

TST -0.3053 0.0391 4.7673 AR 0.2582 0.0831 17.9897
NST -0.2752 0.0641 4.8130 TST -0.2139 0.1535 18.1904

RBDSQ
TEOS 0.4182 0.0038 2.1250

ACE-R
TST -0.1772 0.2387 6.4280

TEOR 0.3461 0.0185 2.1949 TEOS 0.1767 0.2402 6.4286
F0r. S 0.1715 0.2544 2.3047 TPT 50 -0.1729 0.2505 6.4330

MMSE
F0R 0.3234 0.0284 1.4061

BDI
SEOS 0.2260 0.1310 4.8236

TPT 50 -0.1842 0.2204 1.4605 TEOr. S 0.2240 0.1345 4.8259
TPT -0.1621 0.2818 1.4663 SPIR -0.1952 0.1935 4.8565

Table notation: r – Pearson’s product-moment correlation coefficient; p – significance level of correlation; RMSE – root mean
squared error; R – variation range; S – standard deviation; r. R/r. S – relative values of range and standard deviation (normalised
by the mean value); UPDRS III – Unified Parkinson’s Disease Rating Scale (part III), UPDRS IV – Unified Parkinson’s Disease
Rating Scale (part IV), FOG-Q – Freezing Of Gait Questionnaire, NMSS – Non-Motor Symptoms Scale, RBDSQ – REM Sleep
Behavior Disorder Screening Questionnaire, ACE-R – Addenbrooke’s Cognitive Examination-Revised, MMSE – Mini-Mental State
Examination, BDI – Beck Depression Inventory.
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As can be seen, following performance in terms of RMSE has been observed: UPDRS III = 10.7203
for F0S, UPDRS IV = 2.1604 for TEOr. R, FOG-Q = 4.7629 for TSR, NMSS = 17.8900 for
F0S, RBDSQ = 2.1250 for TEOS, ACE-R = 6.4280 for TST, MMSE = 1.4061 for F0R, and
BDI = 4.8236 for SEOS. Maximum values of the rating scales: UPDRS III = 108, UPDRS IV = 23,
FOG-Q = 20, NMSS = 360, RBDSQ = 13, ACE-R = 30, MMSE = 30, and BDI = 63. These
features are conventional in the field of acoustic analysis of dysarthric speech [11, 12, 14]. Compar-
ing the RMSE achieved during the analysis and the maximum values of given rating scales, it can be
seen that searching a proper combination of the features could improve the precision of PD severity
estimation. Nevertheless, the potential of prosodic features to assess PD is evident.

4 CONCLUSION

The results of this paper show a potential of prosodic features to assess HD in PD. Therefore, this
work is a necessary step towards future investigation and development of methodology capable of
reliable objective PD severity estimation. Further research in this field of study should be focused on
the analysis of relationship between HD and PD (onset, progression, etc.). Quantification of speech
prosody can later be used as a method to objectively rate and monitor motor (e.g. freezing of gait),
and non-motor (depression, dementia) symptoms associated with PD.
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