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Abstract: Sustained vowels have often been used to
clinically assess vocal performance and infer
symptoms in Parkinson’s disease, with most studies
focusing on cohorts from a single linguistic
background. Arguably, sustained vowels are generic
and language-independent, however it is not clear
how findings might generalize across cohorts of
people from different linguistic backgrounds. In this
study, we aimed to compare phonations from UKand US-English speaking people with Parkinson’s
disease using the largest known speech-Parkinson’s
database collected using a standard telephone
network, the Parkinson’s Voice Initiative (PVI). We
processed 1988 sustained vowel /a/ phonations from
the US-cohort and 525 phonations from the UKcohort. We stratified data according to gender and
computed the fundamental frequency (F0) as a
function of age and characterized phonations using
307 acoustic measures that we have used in previous
related work. There was generally very good
agreement between UK- and US-English speakers in
terms of F0 characteristics and traditional acoustic
measures such as jitter and shimmer. However, we
find pronounced cohort differences with a few of the
complex nonlinear acoustic measures. These findings
provide useful insights into the acoustic differences
between two English speaking cohorts, which should
be taken into account when generalizing findings.
Keywords: acoustic analysis, Parkinson’s disease,
speech signal processing, sustained vowels
I. INTRODUCTION
Parkinson’s Disease (PD) is a debilitating progressive
neurodegenerative disorder with cornerstone symptoms
which include tremor, rigidity and bradykinesia, within
the broader remit of motor and non-motor symptoms
[1]. PD incidence and prevalence rates have been
consistently growing where there was an estimated 6.1
million of People with Parkinson’s (PwP) in 2016, and
this number is projected to grow further as the average

life expectancy increases [2]. Vocal impairment is very
common in PD [3] and is met in approximately 70-90%
PwP [3].
Studies over the last two decades have demonstrated
the enormous potential that speech signals have in
neurodegenerative
applications
including
PD.
Indicatively, we had previously used sustained vowel /a/
phonations and demonstated: (i) differentiating PwP
from age- and gender-matched controls with almost
99% accuracy [4], (ii) accurately replicating the gold
standard PD symptom severity score with accuracy
greater than the inter-rater variability [5]–[9], and (iii)
automatically assisting voice rehabilitation [10]. More
recently, we reported on the potential of speech signals
towards early PD diagnosis both when using
information with LRRK2 gene mutations [11] and also
with known disease precursors such as rapid eye
movement sleep behavior disorder [12]. Similarly, we
have developed speech articulation kinematic models to
characterize PD dysarthria to provide mechanistic
insights into the underlying physiology [13]–[15], and
explored PD subgroups [16], [17].
The use of sustained vowels towards the assessment
of vocal performance has been well established [18] and
in particular towards assessing neurodegenerative
disorders [18], [19]. Most studies in the PD research
literature focus on cohorts from a single linguistic
background, e.g. US-English speakers. Although it
could be argued that sustained vowels may be languageindependent, there has not been a systematic
investigation into acoustic characterization in PwP
cohorts from different linguistic backgrounds. This may
limit potential comparisons and insights which could be
drawn when comparing PwP from different linguistic
backgrounds. Motivated by the need to assess speechPD at large, we initiated the Parkinson’s Voice Initiative
(PVI), an international study that collected sustained
vowel /a/ phonations and basic demographic
information from approximately 10,000 people [20]–
[22]. This is the largest known speech-PD database and
provides a unique opportunity for forming new
hypotheses and exploratory analyses.
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In this study, we aimed to compare PwP from UKand US-English speaking linguistic backgrounds across
a range of acoustic characteristics to investigate
alignment at a cohort level using age and gender
stratification.
II. METHODS
A. Data
The study makes secondary analysis of the PVI data
focusing on the UK- and US-English speaking cohorts.
We processed 1988 sustained vowel /a/ phonations from
the US-cohort and 525 phonations from the UK-cohort.
The speech recordings were sampled at 8 kHz and were
stored at secure Aculab servers, along with basic
demographic information (age, gender). For further
details on PVI please see our previous work [20]–[22].

demonstrated is very competitive in accurate F0
estimation specifically for sustained /a/ vowels [24]. We
also used the Voice Analysis Toolbox (MATLAB open
source code: https://www.darth-group.com/software),
which provides an overview of acoustic characterization
of sustained vowels across 307 acoustic measures.
These have been specifically developed for PD
applications [5], [6], [19], [25] and were later shown to
be more broadly applicable to other settings including
general voice pathology assessment [26] and forensic
phonetics [27]. We compared the UK and US-English
speaking cohorts in terms of average F0 and F0
trajectories stratified by age and gender to objectively
illustrate overall cohort differences. Also, we compared
the cohort distributions across the computed 307
acoustic measures to demonstrate how well these align
in the two PwP groups.
III. RESULTS

B. Acoustic analysis of sustained vowels
We computed the fundamental frequency (F0)
contour using SWIPE [23], which we had previously

Acoustic
measure
Mean F0
Jitter
Shimmer

Fig. 1 presents the average estimated F0 as a function
of age, where results are stratified by gender. We
observe that the general trend is similar for both cohorts,

Table 1: Indicative acoustic measures of people with Parkinson’s, stratified by gender
Brief explanation
US
cohort US
cohort UK
cohort UK
cohort
(males)
(females)
(males)
(females)
Mean fundamental frequency 139.61±34.03
206.84±33.24
139.17±33.79
216.25±32.98
(F0) computed using SWIPE
Average
successive
F0 0.49±1.35
0.23±0.64
0.43±1.29
0.21±0.54
differences (10 ms windows)
Average
successive
amplitude differences (10 ms
windows)
Noise-to-harmonics ratio

0.10±0.04

0.09±0.04

0.09±0.04

0.10±0.05

0.10±0.24

0.05±0.16

0.06±0.09

0.04±0.14

GNE

Glottal to noise excitation
(assessing SNR)

0.88±0.17

1.08±0.21

0.86±0.11

1.09±0.20

VFERmean

Vocal fold excitation ratio,
average frequency excitation

2.18±2.49

0.95±3.05

2.25±2.34

1.36±3.40

VFERSNR-

Vocal fold excitation ratio,
SNR energy excitation

257.40±473.70

313.12±519.29

677.63±835.43

885.88±823.73

PPE

Pitch
period
entropy
(assessing F0 variability)

0.05±0.10

0.02±0.06

0.03±0.08

0.02±0.06

0th MFCC

0th Mel Frequency Cepstral
Coefficient
1st Mel Frequency Cepstral
Coefficient
12th Mel Frequency Cepstral
Coefficient

0.92±2.28

1.18±2.24

-0.30±2.11

0.04±2.01

2.10±1.74

1.32±1.67

3.97±1.69

3.40±1.28

0.10±0.40

-0.57±0.47

0.22±0.40

-0.28±0.49

NHR

TKEO

1st MFCC
12th MFCC

Distributions are summarized in the form mean ± standard deviation. GNE = Glottal to Noise Excitation, MFCC = Mel Frequency
Cepstral Coefficient, SNR = Signal to Noise Ratio, VFER = Vocal Fold Excitation Ratio.

characteristics and most of the acoustic measures
investigated. This is a strong indication that clinical
decision support tools developed using sustained vowel
/a/ phonations in English-speaking PwP cohorts should
in principle generalize to other English-speaking PwP.
However, there are some subtle pronounced cohort
differences with some of the acoustic measures (VFER,
MFCCs), which need to be considered when
generalizing findings across cohorts with different
linguistic backgrounds.
VFER and MFCCs have been particularly successful
in related PD clinical decision support tools that we had
previously reported on using either UK- or US-English
speaking cohorts [7], [12], [19]. The present study’s
findings could indicate that clinical decision support
tools developed across either PwP cohort might need
some careful tuning to be generalizable, for example
exploring options with transfer learning. In turn, this
could also inherently suggest that the PVI cohorts (data
collected across seven countries) should be investigated
separately to report on individual cohort properties and
provide a cross-linguistic comparison of acoustic
measure outputs and F0 changes as a function of age.
V. CONCLUSION

Fig. 1: Fundamental frequency (F0) as a function of
age, stratified by gender for the UK and US PwP
cohorts. The best line was computed using robust
linear regression fit with iteratively reweighted least
squares.
where the average F0 is increasing with age. However,
for both male and female PwP the US cohort exhibit a
sharper rate of change.
Table 1 summarizes indicative acoustic measures of
the two PwP cohorts to facilitate a side-by-side
comparison, stratified by gender. We remark that the
classical acoustic measures (e.g. jitter, shimmer, NHR)
were very similar. However, there were subtle and
pronounced differences in some acoustic measures, in
particular the Vocal Fold Excitation Ratio (VFER)
measures and Mel Frequency Cepstral Coefficient
(MFCC) measures.
IV. DISCUSSION
This study investigated the use of sustained vowel /a/
phonations between speakers from UK- and US-English
linguistic backgrounds across a range of acoustic
measures. Overall, there was generally very good
agreement between the two cohorts in terms of F0

Collectively, these findings support the use of
sustained vowels towards vocal assessment in PD as a
robust and broadly generalizable signal modality, at
least in the English-speaking cohorts. However, care
needs to be exercised with some of the acoustic
measures (VFER, MFCCs) which appear to differ
considerably between cohorts.
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