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ABSTRACT: Background: Patients with essential
tremor have upper limb postural and action tremor often
associated with voice tremor. The objective of this study
was to objectively examine voice tremor and its response
to symptomatic pharmacological treatment in patients
with essential tremor using voice analysis consisting of
power spectral analysis and machine learning.
Methods: We investigated 58 patients (24 men; mean
age ± SD, 71.7 ± 9.2 years; range, 38–85 years) and
74 age- and sex-matched healthy subjects (20 men;
mean age ± SD, 71.0 ± 12.4 years; range, 43–95 years).
We recorded voice samples during sustained vowel
emission using a high-definition audio recorder. Voice
samples underwent sound signal analysis, including
power spectral analysis and support vector machine
classification. We compared voice recordings in patients
with essential tremor who did and did not manifest clini-
cally overt voice tremor and in patients who were and
were not under the symptomatic effect of the best medi-
cal treatment.

Results: Power spectral analysis demonstrated a promi-
nent oscillatory activity peak at 2–6 Hz in patients who
manifested a clinically overt voice tremor. Voice analysis
with support vector machine classifier objectively dis-
criminated with high accuracy between controls and
patients who did and did not manifest clinically overt
voice tremor and between patients who were and were
not under the symptomatic effect of the best medical
treatment.
Conclusions: In patients with essential tremor, voice
tremor is characterized by abnormal oscillatory activity at
2–6 Hz. Voice analysis, including power spectral analysis
and support vector machine classification, objectively
detected voice tremor and its response to symptomatic
pharmacological treatment in patients with essential
tremor. © 2021 International Parkinson and Movement
Disorder Society
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Essential tremor (ET) is the most frequent movement
disorder, affecting about 4% of people older than
65 years.1-5 ET usually manifests with upper limb

postural and action tremor without other associated
neurologic signs or symptoms.6-8 In addition to upper
limb tremor, ET patients frequently manifest other
types of clinically overt tremulous activity, including
voice tremor.2,4,6,7,9 The diagnosis of voice tremor and
the evaluation of symptomatic therapies in ET patients
are fully dependent on neurologic examination and
clinical scales for speech disorders.10-13 Hence, novel
approaches for objective evaluation and treatment
assessment of voice tremor in ET patients would pro-
vide major clinical advancements in the field.
Voice analysis with spectral analysis allows objective

examination of the human voice in healthy subjects (HS)
as well as in patients with specific neurologic disorders,
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including adductor-type spasmodic dysphonia.14-17 In ET
patients manifesting voice tremor, spectral analysis of
voice recordings could be an appropriate methodological
tool to assess the main frequency components of voice
tremor. Indeed, although the frequency of upper limb
tremor in ET typically ranges between 8 and 12 Hz, the
frequency of voice tremor in patients manifesting this
speech disorder remains unclear.2,7 No studies have used
spectral analysis to examine and compare the main fre-
quency components of voice tremor in a large cohort of
ET patients under and not under the symptomatic effect
of the best medical treatment.
Despite advances made using voice spectral analysis,

more advanced techniques are required to objectively
classify the human voice under physiologic and patho-
logic conditions. Previous studies in patients with neu-
rologic as well as nonneurologic disorders have
demonstrated that machine-learning algorithms are
more useful than spectral analysis in the objective clas-
sification of voice samples owing to their ability to
dynamically combine and analyze high-dimensional
data sets of voice features.17-23 Machine-learning analy-
sis of the human voice could provide a new advanced
tool to objectively classify voice tremor in ET. No stud-
ies have previously used voice analysis based on classifi-
cation algorithms to objectively recognize voice tremor
and rigorously examine pharmacologic treatment
response in ET patients manifesting this speech disor-
der. Last, no studies have correlated the clinical features
of ET patients manifesting voice tremor with the results
obtained through spectral analysis or machine learning,
In this study, we applied spectral analysis to assess

the main frequency components of voice tremor in ET
patients. Then, to distinguish between HS, ET patients
who manifested clinically overt voice tremor, and
patients who did not (ETVT+ and ETVT−, respectively),
we applied a voice analysis based on support vector
machine (SVM) classifier that included a large number
of features in addition to the main frequency compo-
nents of voice. A further aim of the study was to evaluate
the effect of pharmacological treatment on voice tremor
by comparing voice recordings collected in a subgroup of
patients who were and were not under the effect of the
best medical treatment (ETth+ and ETth−, respectively). For
these purposes, we assessed in detail the sensitivity, speci-
ficity, positive predictive value, and negative predictive
value and accuracy of all diagnostic tests. Furthermore, we
calculated the area under the receiver operating character-
istic (ROC) curves to verify the optimal diagnostic thresh-
old as reflected by the associated criterion (Ass. Crit.) and
Youden Index (YI). To assess possible clinical-instrumental
correlations, we also used a feed-forward artificial neural
network (ANN) analysis to calculate a continuous numeri-
cal value (the likelihood ratio [LR]) providing a measure
of voice impairment severity for each patient.

Materials and Methods
Subjects

We recruited 58 patients affected by ET (24 men;
71.7 ± 9.2 years; range, 38–85 years) and 74 age- and
sex-matched HS (20 men; 71.0 ± 12.4 years; range,
43–95 years). Participants were recruited from the
movement disorders clinic at the Department of Human
Neurosciences, Sapienza University of Rome, Italy. Par-
ticipants gave written informed consent, which was
approved by the institutional ethics committee
according to the Declaration of Helsinki. All subjects
were native Italian speakers and nonsmokers. ET clini-
cal diagnosis was made according to current standard-
ized clinical criteria.6-8 Patients underwent
otolaryngologic and phoniatric evaluation to exclude
bilateral/unilateral hearing loss, respiratory disorders,
and other nonneurologic disorders affecting the vocal
cords.
Symptoms and signs associated with ET were scored

using the Fahn Tolosa Marin rating scale for essential
tremor (FTM).10-12 In all participants, we assessed cog-
nitive function and mood using the Mini–Mental State
Examination (MMSE)24 and the Hamilton Depression
Rating Scale (HAM-D).25 Participant demographic and
clinical features are summarized in Table 1 and
reported in detail in Supplementary Materials 1 and 2.
According to the presence of clinically overt voice
tremor, we classified ET patients into those with voice
tremor (ETVT+, n = 34; 9 men; 72.6 ± 8.4 years; range,
55–85 years) or those without voice tremor (ETVT−,
n = 24; 15 men; 70.4 ± 10.3 years; range, 38–84 years).
Voice impairment in ET patients was evaluated using
the Italian version of the Voice Handicap Index
(VHI).13,26

The entire ET cohort included 41 patients (20 men;
mean age ± SD, 72.3 ± 9.6 years; range, 38–85 years)
chronically treated with pharmacological compounds
to improve tremor (eg, beta-blockers [BBs] or benzodi-
azepines [BZDs]), whereas 17 patients (4 men;
70.3 ± 8.5 years; range, 55–83 years) were not under
drug treatment at the time of the study (Supplementary
Material 2). In chronically treated ET patients, voice
samples were recorded at baseline (ETth+) and after an
appropriate pharmacological withdrawal of at least
1 week (ETth−). To examine the effect of chronic phar-
macological treatment on the voice,27 we compared
voice recordings collected in 25 of 41 ET patients (13
patients with ETVT+ and 12 patients with ETVT−) while
under (ETth+) or not under (ETth−) the effect of the best
medical treatment (Supplementary Material 2).

Voice Recordings
Voice recordings were performed by asking partici-

pants to produce a specific speech task with their usual
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voice intensity, pitch, and quality. The speech task con-
sisted of a sustained emission of a close mid-front
unrounded vowel /e/ for at least 5 seconds. We selected
this specific speech task because voice tremor is usually
best detected during sustained vocalization.28 Voice
recordings were collected by using a high-definition
audio recorder H4n Zoom (Zoom Corporation, Tokyo,
Japan), connected with a Shure WH20 Dynamic Head-
set Microphone (Shure Incorporated, Niles, IL), which
was placed at a distance of 5 cm from the mouth. Voice
samples were recorded in linear PCM format (.wav) at
a sampling rate of 44.1 kHz, with 24-bit sample size.
The signal was subsequently converted to 44.1-kHz
16-bit linear PCM format. Last, we applied a segmenta-
tion procedure through Audacity, dedicated software
for audio editing, to acquire only the sustained emission
of the vowel /e/ from all voice recordings.

Spectral Analysis
To investigate the main frequency components of

voice tremor in ET, we first calculated and compared
the spectral analysis of voice samples recorded in HS
and in patients with ETVT+ under and not under the
best medical treatment and finally in ETVT− by using
Praat software, a dedicated computer program for ana-
lyzing, synthesizing, and manipulating speech audio
recordings.29 More in detail, for each participant, we
calculated the frequency tremor frequency as a measure
of the dominant frequency band and the frequency
tremor intensity index as a measure of the intensity,
according to standardized procedures.29-31

Machine-Learning Analysis
We performed voice analysis by using dedicated

machine-learning algorithms.32-35 Each voice sample
underwent feature extraction preprocess using
OpenSMILE (audEERING GmbH, Germany), dedi-
cated software.36 For each voice sample, we extracted
6139 voice features using the configuration file that
was prescribed for the INTERSPEECH2016 Computa-
tional Paralinguistics Challenge (IS ComParE 2016) fea-
ture data set.34

To identify a subset of the most relevant features for
the objective analysis of voice tremor,37 the extracted
voice features underwent feature selection preprocess
using the Correlation Features Selection.38 Selected fea-
tures were ranked for class relevance, using gain ratio
concerning the class through Gain Ratio Attribute Eval-
uation (GRAE).39,40

To further improve the accuracy of results, we
applied Fayyad and Irani’s multi-interval discretization
method, which is a binary recursive method based on
the information entropy minimization and adopts a
decision criterion based on the minimum description
length principle.41 This discretization method allows
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improving performances of SVM classifier, also reduc-
ing the classification’s time.42-45 Moreover, this
method, in combination with classifiers, has already
been successfully applied in speech analysis.45

Then we trained a linear kernel SVM classifier through
the first 20 most relevant discretized features, ranked
GRAE.46,47 A complete list of the first 20 features —

functionals applied to low-level descriptors — during the
sustained emission of a vowel for the 6 comparisons are
reported in Supplementary Material 3. Specifically, the
SVM was trained using the sequential minimal optimiza-
tion method, which is considered a fast and efficient
machine-learning algorithm to implement an SVM classi-
fier.48 Both the feature selection and the classification
were performed by Weka (Waikato Environment for
Knowledge Analysis, University of Waikato,
New Zealand), software containing a collection of algo-
rithms for data analysis and predictive modeling.38,49

Given that SVM represents a classifier providing
binary output to verify possible clinical-instrumental

correlations, we used a feed-forward ANN to calculate
a continuous numerical value (LR) reflecting the degree
of voice impairment in each patient. ANN consisted of
a 20-neurons input layer, a 10-neurons hidden layer,
and a 1-neuron output layer. ANN was trained using
the same selected features used to train the SVM. Also,
the ANN output was normalized between 0 and 1 to
obtain continuous numerical values (LRs) allowing
objective measures of the severity of voice impairment
in each patient. LR values are shown as averages in
Table 1 as well as individual values in Supplementary
Materials 2. The experimental procedures are summa-
rized in Figure 1.

Statistical Analysis
The normality of the demographic and anthropomet-

ric parameters of HS and ET patients (age, sex, height,
and weight) was assessed using the Kolmogorov–
Smirnov test. The Mann–Whitney U test was used to

FIG 1. .Experimental paradigm. (A) Recording of voice samples by a high-definition audio recorder; (B) narrow-band spectrogram of the acoustic voice
signal; (C) feature extraction; (D) feature selection; (E) feature classification; (F) ROC curve analysis; (G) LR values calculated by means of ANN. [Color
figure can be viewed at wileyonlinelibrary.com]
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compare demographic and anthropometric parameters
in HS and ET patients, as well as clinical scores (eg,
FTM, FTM voice impairment subitem [FTM-v], VHI,
MMSE, and HAM-D scores) in the various ET sub-
groups (eg, ETVT+ and ETVT−, ETth+ and ETth−). The
chi-square test was used to compare the frequency of
familial cases in ETVT+ and ETVT− patients. The
Wilcoxon signed rank test was used to compare FTM,
FTM-v, and VHI scores in ETth+ and ETth− patients.
The unpaired Student t test was used to compare possi-
ble peaks in the spectral analysis of voice samples
recorded in ETVT+ and ETVT− patients, whereas the
paired Student t test was used to compare the same
measures in ETVT+ patients under and not under
therapy.
ROC analyses were performed to identify the optimal

diagnostic cutoff values to discriminate between HS
and ETVT+, ETVT−, ETth−, and ETth+ patients according
to standardized procedures.17,19

Spearman’s rank correlation coefficient was used to
assess correlations between clinical scores (FTM,
FTM-v, VHI, MMSE, and HAM-D scores) and output
measures of the spectral and neural network analyses
(LR values).
A P < 0.05 was considered statistically significant.

Results

Demographic and anthropometric parameters were
normally distributed in HS and ET patients (P > 0.05)
and were comparable in the 2 groups (P > 0.05). In our
cohort, 58% of ET patients manifested clinically overt
voice tremor. The chi-square test showed a higher num-
ber of familial cases in the ETVT− group (62.5%) than

in the ETVT+ group (29.4%); P < 0.05. Clinical scores
(MMSE and HAM-D) were also comparable in the var-
ious ET subgroups (P > 0.05 for all comparisons).
ETVT+ patients showed higher scores on the FTM,
FTM-v, and VHI scales than ETVT− patients (Table 1,
Supplementary Materials 1 and 2).

Spectral Analysis
Spectral analysis demonstrated that ETVT+ and ETVT

− patients manifested a clear oscillatory activity peak at
2–6 Hz that mostly overlapped with that observed in
HS. However, oscillatory activity at 2–6 Hz was higher
in ETVT+ patients than in HS (t = 6.49, P < 0.01) and
ETVT− patients (t = 4.74, P < 0.01), whereas it was
comparable in HS and ETVT− patients (t = 0.17,
P = 0.45); see Figure 2A. Furthermore, spectral analysis
showed that the best medical treatment decreased the
power of oscillatory activity at 2–6 Hz in ETVT+

patients (t = −2.15, P < 0.05). However, pharmacologi-
cal treatment was not able to restore oscillatory activity
at 2–6 Hz (t = 1.75, P < 0.05; Fig. 2B).

Voice Analysis With SVM
We first compared HS and ETVT+ patients and

achieved a significant diagnostic performance of our
artificial classifier. ROC analyses calculated using SVM
identified an optimal diagnostic threshold value of 0.88
(Ass. Crit.) when applying discretization and 10-fold
cross-validation procedures, with a YI of 0.94 (Fig. 3A,
Table 2).
Given the high statistical significance of the above

analysis, we assessed whether our artificial classifier
based on the SVM algorithm was also able to

FIG. 2. Spectral analysis of voice samples. (A) frequency tremor intensity index (FTRI) in representative HS and ETVT+ and ETVT− patients. Note activity
peaks in the 2- to 6-Hz frequency band in the 3 groups and the increased FTRI in the ETVT+ patient compared with the HS and ETVT− patient. (B) FTRI
in a representative HS and an ETVT+ patient not under and under the best medical therapy. Note the lower FTRI values in the ETVT+ patient under ther-
apy than in the ETVT+ patient not under therapy. [Color figure can be viewed at wileyonlinelibrary.com]
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FIG. 3. Support vector machine analysis of voice samples. Receiver operating characteristic curves calculated with a support vector machine to differ-
entiate HS and ETVT+ patients (A); HS and ETVT− patients (B); ETVT+ and ETVT− patients (C); HS and ET patients (D); ETth+ and ETth− patients (E); and
HS and ETth+ patients (F).

6 Movement Disorders, 2021

S U P P A E T A L



objectively identify subclinical voice impairment in
ETVT− patients. For this purpose, we compared voice
recordings collected in HS and ETVT− patients and
again obtained a highly significant diagnostic perfor-
mance (Fig. 3B, Table 2).
To objectively discriminate patients with ET based on

clinically overt voice tremor, we applied artificial classi-
fiers comparing ETVT+ and ETVT− patients. We
achieved highly significant diagnostic performance
using the SVM classifier (Fig. 3C, Table 2).
Finally, we used an artificial classifier based on the

SVM algorithm in the entire patient group to objec-
tively classify ET and again achieved a highly signifi-
cant diagnostic performance (Fig. 3D, Table 2).

Effect of Pharmacological Treatment
We found that the best medical treatment induced a

significant clinical improvement in overall tremor in
ET, as demonstrated by reduced FTM scores (ETth+,
21.9 ± 12.6; ETth−, 31.2 ± 19.6; z = −4.3; W = 0;
P < 0.05). Similarly, pharmacological treatment also
improved voice tremor in ET as shown by reduced
scores on the FTM-v (ETth+, 1.8 ± 0.7; ETth−, 2.8 ± 0.8;
z = −3.2; W = 0; P < 0.05) and VHI (ETth+,
26.7 ± 29.0; ETth−, 38.2 ± 35.1; z = −2.4; W = 5.5;
P < 0.05) scales.
To assess whether our classifier based on SVM could

identify voice tremor improvement in ET, we applied
our voice analysis in ETth+ and ETth− patients. Our
classifier and ROC analyses identified an optimal diag-
nostic threshold of 0.53 (Ass. Crit.; YI = 0.64; Fig. 3E,
Table 2).
To verify whether the best medical treatment could

improve voice in ET patients, our algorithm was tested
in classifying HS versus ETth+ patients. SVM achieved a
highly significant diagnostic performance, and ROC
analyses identified a diagnostic threshold value of 0.52
(Ass. Crit.; YI = 0.96; Fig. 3F, Table 2).

Correlation Analysis
A positive correlation was found between FTM-v and

VHI scores in the entire ET group (r = 0.76, P = 0.001).
Regarding spectral analysis, we found a positive corre-
lation between power at 2–6 Hz and FTM-v score in
ETVT+ patients who were not under the best medical
treatment (r = 0.35, P < 0.05). Furthermore, we also
found a positive correlation between power at 2–6 Hz
and FTM-v score in ETVT+ patients under the best med-
ical treatment (r = 0.59, P < 0.05). Voice analysis with
ANN classifier comparing HS and ETVT+ patients
allowed us to demonstrate a negative correlation of LR
with FTM-v (r = −0.37, P = 0.03) and with VHI (r =
−0.53, P = 0.001). When considering the correlation
between HS and the entire ET group, we also found a
negative correlation of LR with FTM-v (r = −0.42,
P = 0.001) and with VHI (r = −0.39, P = 0.003).
Finally, when considering the correlation between HS
and ETth+ patients, we found a negative correlation of
LR with FTM-v (r = −0.44, P = 0.03) and with VHI
(r = −0.39, P = 0.05).

Discussion

In this study, we applied voice analysis based on
spectral analysis and SVM classifier in ET patients with
and without clinically overt voice tremor. Spectral anal-
ysis showed a prominent oscillatory activity peak at 2–
6 Hz in ETVT+ patients. Voice analysis with machine
learning disclosed highly significant results in discrimi-
nating HS from ETVT+ patients. We also discriminated
between HS and ETVT− patients, as well as between HS
and the entire ET patient group. Last, our algorithm
distinguished between ETth+ and ETth− patients. Our
study, therefore, provides the first evidence of objective
voice tremor recognition in ET through voice analysis.
In this study, all voice samples were recorded in a

dedicated sound-attenuated room using a high-

TABLE 2. Performance of the support vector machine classifier

Comparisons
Selected
features Instances Optimization Cross-validation

Associated
criterion

Youden
Index Se (%) Sp (%) PPV (%) NPV (%) Acc (%) AUC

HS vs ETVT+ 20 68 Discretize 10-fold 0.88 0.94 94.4 100 100 94.1 97.1 1.000
HS vs ETVT− 20 48 Discretize 10-fold 0.87 0.96 96.0 100 100 95.8 97.9 0.977
ETVT+ vs ETVT− 20 58 Discretize 10-fold 0.75 0.97 100 97.1 95.8 100 98.3 1.000
HS vs ET 20 116 Discretize 10 fold 0.99 0.97 98.3 98.3 98.3 98.3 98.3 0.994
ETth+ vs ETth− 20 50 Discretize 10 fold 0.53 0.64 89.5 74.2 68.0 92.0 80.0 0.908
HS vs ETth+ 20 50 Discretize 10-fold 0.52 0.96 96.2 100 100 96.0 98.0 1.000

HS, healthy subjects; ET: essential tremor; ETVT+, ET patients with clinically overt voice tremor; ETVT−, ET patients without clinically overt voice tremor; ETth+, ET
patients under therapy; ETth−, ET patients not under therapy; Se, sensitivity; Sp, specificity; PPV, positive predictive value; NPV, negative predictive value; Acc,
accuracy; AUC, area under the curve.
Selected features refer to the number of features able to obtain the best results; instances refer to the number of subjects considered in each comparison; optimi-
zation and cross-validation refer to standardized machine learning algorithm procedures (see the text for details).
Support vector machine performance elaborating 20 selected features during the sustained emission of a vowel for the 6 conditions: (1) HS vs ETVT+ patients; (2)
HS vs ETVT− patients; (3) ETVT+ vs ETVT− patients; (4) HS vs ET patients; (5) ETth+ vs ETth− patients; (6) HS vs ETth+ patients.
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definition audio recorder. Participants were all non-
smokers and native Italian speakers. Furthermore,
because ET patients may complain of progressive voice
worsening during the day, all voice samples were
recorded in the morning. Patients and HS had similar
demographic and anthropometric characteristics. We
used the narrow-band spectrogram to control for and
exclude patients with isolated voice tremor or those
showing evidence of adductor/abductor spasmodic dys-
phonia.50 Concerning the speech task, participants were
asked to produce the sustained emission of a vowel
according to standardized procedures.16,17 As a speech
task, we selected the sustained emission of a vowel
because voice tremor is usually best detected during
nonlinguistic tasks, including sustained phonation.28

Spectral Analysis
In HS, spectral analysis demonstrated a clear peak at

the 2- to 6-Hz frequency. Physiological oscillations at
2–6 Hz recorded in HS were consistent with the recent
report by Brückl et al,30 possibly reflecting the inte-
grated activity of diaphragmatic, laryngeal, and vocal
fold vibration combined with resonant structures,
including articulatory jaw and tongue movements.
In ETVT+ patients, we also found an oscillatory activ-

ity at 2–6 Hz, in agreement with a recent observation
from Hlavincka et al.15 Moreover, the spectral analysis
also demonstrated increased power of the oscillatory
activity observed at 2–6 Hz in ETVT+ patients compared
with HS. We suggest that in ETVT+ patients, voice
tremor would reflect the abnormal activation of a phys-
iologic neuronal oscillator.
When comparing voice samples recorded in ETth+ and

ETth− patients, we found that pharmacological treatment
improved voice tremor in ET patients, as demonstrated
by lower scores on the FTM, FTM-v, and VHI scales,
consistent with current clinical consensus.27 In ETVT+

patients, pharmacological treatment decreased but did
not restore the power of oscillatory activity at 2–6 Hz.
This finding points to the pharmacological effect of BBs
and BZDs on the abnormal 2- to 6-Hz oscillations
responsible for voice tremor in ETVT+ patients.
Our correlation analysis disclosed a positive correla-

tion between power at 2–6 Hz and the FTM-v scale in
ETVT+ patients both under and not under the best medi-
cal treatment. Hence, the higher was the power at
2–6 Hz, the greater was the severity of clinically overt
voice tremor in ETVT+ patients. Furthermore, in ETVT+

patients under the best medical treatment, the lower
was the power, the higher was the drug-induced symp-
tomatic improvement of the voice. Our spectral analysis
represents the first objective measurement of the main
frequency component of voice tremor in ETVT+ patients
both under and not under the best medical treatment.

Voice Analysis With SVM
In this study, we demonstrated for the first time that

voice analysis based on SVM classifier may differentiate
ETVT+ from HS, as shown by previously unreported
highly significant outcome values. This finding reflects
the ability of our voice analysis to objectively measure
voice tremor in ETVT+ patients. The high statistical sig-
nificance of our ROC curve analysis regarding the com-
parison between HS and ETVT+ patients suggests that
clinically overt voice tremor in ET can be objectively
recognized by techniques of artificial classifying. Fur-
thermore, the high accuracy of the algorithm perfor-
mance also points to a novel tool to support clinicians
in the objective detection of voice tremor in ET.
Another relevant finding of the present study was the

ROC curve analysis showing high accuracy in differen-
tiating HS and ETVT− patients. This finding was rather
unexpected because ETVT− patients do not manifest
clinically overt voice tremor. The most likely hypothesis
is that ETVT− patients manifest a subclinical voice
tremor that can be detected only by high-definition
audio recording. It is also theoretically plausible that
subclinical voice tremor in ETVT− patients could reflect
propagation to voice resonance organs of head tremor
or even upper limb rest tremor.
The automatic analysis of voice tremor allowed us to

discriminate the entire ET group and HS with high
accuracy. ET diagnosis is currently based on standard-
ized clinical criteria that require the presence of upper
limb postural and action tremor that persists for at least
3 years without any associated neurologic signs.6-8

Despite several relevant advances in the understanding
of the clinical and pathophysiological bases, the diagno-
sis of ET is still based on qualitative clinical examina-
tion with the aid of several standardized clinical
scales.10-12 Overall, our findings suggest that voice
analysis based on machine learning could be a helpful
tool to assist clinicians in the diagnosis and follow-up
of patients with ET and voice tremor.
Voice analysis with SVM classifier allowed us to

objectively demonstrate for the first time the symptom-
atic effect of pharmacological treatment in ET, as
shown by the high accuracy in discriminating between
ETth+ and ETth− patients. SVM classifier showed high
accuracy in discriminating between HS and ETth+

patients, thus allowing us to conclude that current
pharmacologic strategies do not restore voice emis-
sion in ET.
We found a negative correlation between VHI, FTM,

and FTM-v scale scores and LR parameters calculated
using our ANN approach, demonstrating that patients
with higher voice tremor severity had lower LR values.
Hence, LR values were reliable parameters to express the
dynamic complexity of voice feature changes observed in
voice tremor in ET. Therefore, we suggest that LR values
may be considered an objective measure of voice tremor
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severity and may aid clinicians in the objective and quan-
titative evaluation of ET patients, including their response
to pharmacological strategies.
The present study had several limitations. We did not

record serial vocal samples in ET, and thus we cannot
exclude possible variability because of daily vocal feature
fluctuations. An additional source of variability may be
the heterogeneous pharmacological compounds adminis-
tered to ET patients. It should be considered that, in
patients with ET, in addition to vocal cord oscillations,
voice tremor might also reflect jaw and head tremor.
Future studies will evaluate whether voice tremor in ET
differs from other conditions including palatal tremor
and will also clarify whether voice and upper limb tremor
in ET reflects different pathophysiological mechanisms.
Last, when considering our results, it should be taken
into account that our ET patient cohort included a higher
percentage of patients manifesting clinically overt voice
tremor (58% of all cases) than that expected based on
currently available epidemiological information (12% of
all cases).9 This finding reflects the selection criteria used
according to the primary aim of the study.

Conclusion

Voice analysis based on spectral analysis allowed us
to detect the mean frequency components of voice
tremor in ET patients under and not under the best
medical treatment. Furthermore, voice analysis through
SVM classifier with high accuracy objectively classified
HS and ET patients as under or not under the effect of
the best medical treatment. Thus, we propose voice
analysis as a novel methodological tool to support clini-
cians in the evaluation of voice tremor and the assess-
ment of pharmacological response in ET patients.
Future studies are needed to confirm our observations
and also clarify whether voice analysis with spectral
analysis and machine-learning algorithms may support
clinicians in the objective differential diagnosis of voice
tremor in patients with ET and dysphonia.16,17
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