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Abstract
Introduction: Voice is hypothesized to be modulated by stress 
and thus could be used as a potential stress detection and 
monitoring solution. In the literature, vocal biomarkers for stress 
have mostly been developed on experimental data, with limited 
samples. Therefore, this study aimed to present insights into the 
effect of momentary psychological stress on voice in real-life 
recordings, across different languages, genders, and vocal tasks.
Methods:Participants from the Colive Voice study reported their 
stress level on a 1 to 5 Likert scale. Two tasks were performed: 
a text reading task and an A-vowel phonation. We analyzed the 
data cross-sectionally. We extracted vocal features with the 
DisVoice library and performed ordinary least squares 
regression models to evaluate the association of vocal 
features with stress. Models were stratified by gender and 
language (French/English) and controlled for age, smoking 
status, alcohol consumption, the presence of chronic disease, 
education level, mother tongue, well-being, fatigue, and 
depression. Benjamini-Hochberg correction was applied to 
control for multiple testing. Results: We analyzed a sample of 
4,155 participants, 2,011 in French (1,621 women, 390 men) and 

2,144 in English (1,105 women, 1,039 men). In the text reading 
task, we found that stress was associated with two articulatory 
features for English-speaking women. Among French-speaking 
women, higher stress was linked with lower pitch and higher 
shimmer. The duration of pauses and one glottal feature were 
also associated with stress. In the A-vowel phonation task, pitch 
and the variability of the pitch perturbation quotient were lower 
with stress in English-speaking men. French-speaking women 
had increased voice intensity and loudness with stress.
Conclusion: We were able to confirm the association of mo
mentary psychological stress with various vocal features in real- 
life settings, but not across languages, vocal tasks, or gender. 
Future research should include longitudinal studies to 
investigate the potential of using voice as an intraindividual 
monitoring biomarker for stress. © 2026 The Author(s). 

Published by S. Karger AG, Basel

Introduction

Stress is considered one of the main public health 
challenges of the century. While acute stress responses 
are a common and natural answer to external stimuli, the 
accumulation of stress – namely, chronic stress – is 
associated with several disease outcomes [1, 2].
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Vocal biomarkers are “a feature or combination of 
features in the voice that has been identified and vali
dated as associated with a clinical outcome” [3]. The 
production of voice is affected by muscle tension, heart 
rate, and lung capacity, among others. Thus, the use of 
voice as a stress biomarker has gained consequent in
terest and several studies have shown the effects of stress 
on voice [4–6].

In the literature, we commonly find that an increase in 
the fundamental frequency F0 (pitch) is a marker of 
stress. Jitter and shimmer are also frequently studied as 
stability indicators of the fundamental frequency [4, 6]. 
Other speech markers, such as speed or the length of 
voiced segments, are also found in the literature [7–9].

Several studies developed prediction models for stress, 
using vocal features [10–13]. They mostly rely on ex
perimental designs comparing non-stressed and stressed 
voices, using vocal features before and after an acute 
stressor. However, these studies are limited in the de
tection of stress in real-life settings.

Our analysis draws on data from the Colive Voice 
study [14], an international study for the diagnosis and 
monitoring of symptoms and diseases through voice. We 
aimed to investigate a wide range of vocal features and 
their association with self-reported momentary psy
chological stress in real-life recordings.

Methods

Study Population
We included participants from the Colive Voice 

study, a worldwide research project on vocal biomarkers 
for chronic pathologies and health symptoms initiated by 
the Luxembourg Institute of Health in 2021. Participants 
were enrolled between January 2022 and January 2024.

Colive Voice is an observational, cross-sectional 
study where participants answer in English, French, 
Spanish, German, Portuguese, or Arabic. Due to the 
limited number of participants in other languages, we 
solely performed our analysis on French and English 
speakers.

Eligible participants were above the age of 15, with 
and without health conditions. Participants were vol
unteers and recruited through online communication. 
They completed health and demographic questionnaires 
at home, on a smartphone, tablet, or computer and 
performed standardized vocal tasks in French or English. 
We included all participants in this analysis, with the 
exception of participants who were currently hospital
ized for COVID.

Stress Measurement
Stress was assessed with the Single-Item Stress 

Question (SISQ): “Stress means a situation in which a 
person feels tense, restless, nervous or anxious or is 
unable to sleep at night because his/her mind is troubled 
all the time. Do you feel this kind of stress these days?” 
and was measured on a Likert scale as “Not at all,” “Only 
a little,” “To some extent,” “Rather much,” and “Very 
much” [15]. We recoded these labels as a score ranging 
from 1 to 5. This single item has been shown to be 
associated with the risk of future depression, sickness, or 
injuries [16].

Covariates
In the health and demographics questionnaires, 

participants provided their age, gender, and preferred 
language for the study. We stratified the population by 
language and gender (English/French-speaking and 
women/men). Several variables, hypothesized to influ
ence both stress and voice production, were also col
lected in the questionnaire. Thus, we adjusted our 
models on the following confounding factors: age, ed
ucation level, smoking, alcohol consumption, the pres
ence of chronic disease, mother tongue, well-being, 
depression, and fatigue [3, 17–19].

Education level was defined as the highest level of 
education completed. We divided it into two categories: 
high school (“some high school or lower,” “high school”) 
and university education (“bachelor’s degree,” “master’s 
degree,” “PhD or higher”). Smoking was defined as 
current (daily or occasional) or nonsmoker (including 
past smokers). Alcohol was a numerical variable, com
puted as the number of glasses of alcohol per week. 
Chronic disease was defined as the diagnosis of several or 
any of the following diseases: cancer, respiratory disorder 
(emphysema, chronic bronchitis, chronic obstructive 
pulmonary disease, asthma), cardiovascular disorder 
(infarction/heart attack, congestive heart failure, coro
nary heart disease, angina pectoris, hypertension), en
docrine disorder (diabetes, thyroidic disease, chronic 
kidney disease), neurological disorder (rheumatoid ar
thritis or systemic lupus, multiple sclerosis, epilepsy, 
amyotrophic lat. sclerosis, narcolepsy, Parkinson’s dis
ease, stroke, migraine), gastrointestinal disease (hepati
tis, Crohn’s disease, ulcerative colitis), psychological 
disorder (depression), or any other disorder affecting 
voice (laryngitis, noncancerous vocal cord lesion, lar
yngopharyngeal reflux, leukoplakia). Mother tongue was 
reported by the participants and defined as “native” if the 
questionnaire was done in the same language, and “non- 
native,” otherwise. Well-being was measured using the 5- 
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item questionnaire WHO-5, with scores ranging from 0 
to 25, 25 being the best well-being possible [20]. De
pression was assessed using the PHQ-9 questionnaire, 
with a score from 0 to 27, and higher scores indicate 
more severe depression [21]. Fatigue was measured using 
the Fatigue Severity Scale (FSS), with a score ranging 
from 9 to 63, with higher scores indicating a more severe 
fatigue [22].

Vocal Tasks
Participants were asked to place themselves in a 

quiet environment and to complete several short 
standardized vocal tasks. The vocal tasks were per
formed directly following the health questionnaires 
and could not be delayed. In this analysis, we used the 
text reading task (extract from Article 25 of the 
Human Rights Declaration [23]) and an A-vowel 
phonation task. The text was chosen for its neutral
ity of tone and availability in several languages. This 
task has been shown to perform well to predict fatigue 
or type 2 diabetes [24, 25].
• Text reading: Press “Record” and read the following 

passage. Everyone has the right to a standard of 
living adequate for the health and well-being of 
himself and of his family, including food, clothing, 
housing and medical care and necessary social 
services, and the right to security in the event of 
unemployment, sickness, disability, widowhood, 
old age, or other lack of livelihood in circumstances 
beyond his control.

• A-vowel phonation: Now take a deep breath, press 
“Record,” then say the sound “Aaaah” for as long as 
possible. Stop recording when you run out of breath.

Vocal Feature Extraction
Raw audio files were preprocessed and quality- 

checked to ensure consistency and harmonization 
of the recordings. Vocal features were extracted using 
the DisVoice library in Python 3.8.20, version 0.1.8. 
We extracted all the features from the Prosody, 
Phonation, Articulation, Phonological, and Glottal 
sets. To ensure explainability of the features, we 
limited the functionals to mean and standard devi
ation (SD). Due to recording quality, limited voiced 
material, or algorithmic constraints in DisVoice, 
some features failed during extraction. Participants 
with more than 75% of missing or zero values across 
all feature sets for any of their audio recordings were 
excluded from the analysis.

To reduce redundancy among features, we re
moved those that were highly correlated. We itera

tively identified groups of features that were highly 
correlated (Spearman’s coefficient >0.9) from a 
correlation matrix. Within each group, we iteratively 
removed the features with the highest variance in
flating factor until all features had a variance inflating 
factor <5.

For the A-vowel phonation task, we left out artic
ulation and phonological features, as they are only 
relevant in continuous speech [26]. The total number 
of vocal features for each vocal task is available in 
Table 1.

Data Analysis
We described the population’s characteristics per 

language and gender. We used mean (SD) for numerical 
variables and number (%) for categorical variables. We 
tested for significant differences between stress cate
gories. We performed the Kruskal-Wallis test and chi- 
square test for numerical and categorical variables, 
respectively.

All the numerical variables and vocal features were 
standardized using a standard scaler before the analysis. 
We identified confounding variables and fitted our 
models as follows:
• M0: Vocal feature ~ stress
• M1: Vocal feature ~ stress + age + education level + 

smoking + alcohol consumption + chronic disease + 
mother tongue

• M2: Vocal feature ~ stress + age + education level + 
smoking + alcohol consumption + chronic disease + 
mother tongue + well-being score + depression score 
+ fatigue severity score.
We performed ordinary least squares regressions over 

each vocal feature to evaluate their association with 
stress, using the statsmodels library version 0.14.0. The 
reference categories for categorical variables were non
smoker, high school education, no chronic disease, and 
native speaker. We reported the regression coefficients, 
confidence intervals, and p values for each model. The p 
values were adjusted for multiple testing, using the 
Benjamini-Hochberg method.

Results

Study Population
In January 2024, n = 5,379 participants were included 

in the Colive Voice study. We excluded n = 27 currently 
hospitalized for COVID, and n = 1,197 were excluded 
for insufficient audio quality or missing values in the 
feature extraction step. In total, we analyzed a sample of 
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4,155 participants, 2,011 in French (1,621 women, 390 
men) and 2,144 in English (1,105 women, 1,039 men). 
The participant inclusion flowchart is available in 
Figure 1.

The population had received in majority higher ed
ucation (68%), and the prevalence of at least one chronic 
disease was high (78%). The population description is 
available in Table 2.

In both languages, women systematically reported 
higher stress levels compared to men. Figure 2 shows the 
proportion of stress levels by population. The distri
bution of stress was more right-skewed for women and 
for English-speaking participants overall, with more 
participants reporting moderate-to-high stress in those 
populations.

Association of Vocal Features with Stress
Figure 3 shows the regression coefficients, confidence 

intervals, and adjusted p values of the stress scores for each 
regression over a vocal feature. We found no common 
features across gender, language, or vocal tasks. For in
terpretability, we computed the mean and SD of each 
feature, available in online supplementary Tables S1 and 
S2 (for all online suppl. material, see https://doi.org/10. 
1159/000550566), for each vocal task. In the following 
results, we converted standardized effects into raw effects. 
We also present the results of the progressive adjustments 

of models M0 and M1 in online supplementary Tables S3 
and S4 and the standardized effects in online supple
mentary Figure S1.

Text Reading Task
In the text reading task, we found no associations 

between stress and vocal features for men, in any 
language.

Women, English-speaking. English-speaking women 
had 2 articulation features significantly associated with 
stress: average Delta Delta Formant 1 (DDF1) and av
erage Mel-frequency cepstral coefficient (MFCC) 7. In 
raw units, a 1-point increase in stress was associated with 
a 0.05 (0.02, 0.07) Hz/frame2 increase in average DDF1. 
This meant the acceleration in Formant 1 was higher 
with each increase in stress, suggesting a high variability 
in F1. DDF1 is computed over each frame, and the unit is 
in Hz per frame2, with each frame being 40 ms, using 
DisVoice articulation default parameters [26].

MFCCs represent the power spectrum of a sound, 
using a scale imitating how humans perceive pitch and 
loudness. MFCC 7 is a middle-to-high order of coefficient 
that captures rapid variations in the spectral envelope 
across frequency. The average MFCC 7 was 0.28 (0.12, 
0.43) times higher with each 1-point increase in stress.

Women, French-speaking. In French-speaking women, 
we found 1 prosody, 1 phonation, 1 phonological, and 1 

Table 1. Number of nonredundant vocal features analyzed by vocal task

Text reading task

prosody 
(43 features)

phonation 
(14 features)

articulation 
(244 features)

phonological 
(36 features)

glottal 
(18 features)

Women
English (n = 1,105) 11 3 66 9 3
French (n = 1,621) 11 3 65 9 2

Men
English (n = 1,039) 11 3 68 9 4
French (n = 390) 11 3 66 9 4

A-vowel phonation

prosody (43 features) phonation (14 features) glottal (18 features)

Women
English (n = 1,105) 14 5 6
French (n = 1,621) 16 5 7

Men
English (n = 1,039) 19 5 6
French (n = 390) 19 5 5
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Fig. 1. Inclusion flowchart of the Colive Voice participants included in the analysis.

Table 2. Description (mean [SD], number [%]) of Colive Voice participants included in the analysis

Total sample Women Men p value

English French English French

Participants, N 4,155 1,105 1,621 1,039 390 –

Stress score (mean [SD]) 2.6 (1.2) 2.8 (1.1) 2.7 (1.2) 2.4 (1.1) 2.1 (1.1) <0.001

Age, years (mean [SD]) 44.5 (15.3) 43.6 (14.5) 44.3 (15.1) 44.0 (14.8) 48.9 (18.3) <0.001

Higher education, n (%) 2,839 (68.3) 681 (61.6) 1,239 (76.4) 659 (63.4) 260 (66.7) <0.001

Alcohol consumption, glasses per week (mean [SD]) 3.7 (11.6) 2.8 (6.1) 3.0 (13.1) 5.6 (13.3) 4.2 (11.1) <0.001

Current smoker, n (%) 710 (17.1) 186 (16.8) 243 (15.0) 231 (22.2) 50 (12.8) <0.001

Chronic disease, n (%) 3,258 (78.4) 858 (77.6) 1,366 (84.3) 703 (67.7) 331 (84.9) <0.001

Non-native speaker, n (%) 384 (9.2) 102 (9.2) 126 (7.8) 85 (8.2) 71 (18.2) <0.001

Well-being score (WHO-5) (mean [SD]) 12.3 (5.7) 12.3 (5.7) 11.4 (5.4) 13.4 (6.0) 12.9 (5.6) <0.001

Fatigue score (FSS) (mean [SD]) 35.9 (14.0) 34.6 (13.4) 40.0 (14.2) 31.8 (12.6) 34.1 (14.0) <0.001

Depression score (PHQ-9) (mean [SD]) 7.7 (6.0) 7.3 (6.1) 9.1 (5.9) 6.2 (6.0) 6.9 (5.3) <0.001

Stress was measured on a 1–5 Likert scale. Higher education is defined as completing a bachelor’s, master’s, or PhD degree. 
Chronic disease was defined as having had any cancer, pulmonary, endocrine, cardiovascular, neurological, gastrointestinal, 
mental disorder, or any disorder affecting voice. All the variables were self-reported. The p values indicate differences between the 
4 populations, computed with the Kruskal-Wallis test and chi-square test for numerical and categorical variables, respectively. FSS, 
Fatigue Severity Scale.
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glottal features associated with stress. The average F0 
tilt is a linear estimation of the fundamental frequency 
(i.e., the trend of the pitch) over each frame of the 
recording. It was lower with each 1-point stress increase 
(−4.64 [−7.74, −1.55]).

Shimmer describes the variations in the amplitude of 
the voice signal, i.e., the loudness of the signal from one 
glottal cycle to the next [27]. The average shimmer was 
positively associated with stress (0.15 [0.05, 0.25]).

The mean duration of pauses (silences in speech) 
decreased with stress (−0.05 [−0.08, −0.02]).

Glottal Closure Instants (GCIs) indicate the time 
points when vocal folds close completely, tracking their 
vibration cycles. The global average variability between 
GCI was higher with stress (0.00007 [0.00002, 0.00012]).

A-Vowel Phonation
In the A-vowel phonation task, we found no associ

ations between stress and vocal features for English- 
speaking women and French-speaking men.

Men, English-speaking. In English-speaking men, 
mean F0 contour, the overall pitch of the recording, was 

negatively associated with stress (−4.25 [−6.87, −1.64]). 
Pitch perturbation quotient (PPQ) is a measure of jitter, 
the stability in pitch, over several glottal cycles [27]. The 
SD of PPQ was also lower with stress (−0.28 
[−0.41, −0.14]).

Women, French-speaking. Among French-speaking 
women, one phonation feature was significantly asso
ciated with stress: the average logarithmic energy (0.53 
[0.18, 0.88]). Logarithmic energy captures overall 
loudness and vocal intensity.

Discussion

Our results showed that interindividual differences 
exist in the association between stress and voice, but that 
these associations are dependent on gender, language, 
and vocal task. Stress influences voice through different 
pathways: neurological, respiratory, endocrine, and 
cognitive. The stress response happens in the autonomic 
nervous system, which includes the sympathetic and 
parasympathetic branches. The vagus nerve, a key 

Fig. 2. Histogram of stress score distribution, by gender and language spoken.
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component of the parasympathetic system, helps regu
late these processes. It has been shown that stimulation 
of the vagus nerve affects voice production by affecting 
laryngeal muscle tension and vocal folds [28]. Muscular 
tension affecting voice, known as muscle tension dys

phonia, can result from excessive activation or dysre
gulation of the laryngeal muscles, often exacerbated by 
stress [5].

Voice changes due to stress also happen in relation to 
the endocrine system. Changes in cortisol and other 

Fig. 3. Associations of vocal features with stress. Ordinary least 
squares regression coefficients (95% CIs, p values) for the asso
ciation of stress with each vocal feature. There were n = 
1,105 English-speaking women, n = 1,621 French-speaking 
women, and n = 1,039 English-speaking men. The models 

were adjusted for age, education level, alcohol consumption, 
smoking, chronic disease, mother tongue, fatigue, depression, and 
well-being score (M2 model). A one-unit increase in stress in
dicates a one-unit change in the vocal feature given by the re
gression coefficient.
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stress hormone levels have been linked to changes in 
vocal features [4]. Additionally, the gut-brain axis is 
hypothesized to influence stress responses through the 
activation of the hypothalamic-pituitary-adrenal axis, 
resulting in muscle tension or respiratory stability af
fecting voice [29]. Gender differences in stress-related 
voice changes may be influenced by women’s hormonal 
cycles, in how stress is reported, and in the laryngeal 
system’s reactivity to vocal strain [30].

Delta Delta Formant 1
We found a positive association between stress and 

average DDF1. This suggests quicker acceleration 
(changes in the rate of change) of Formant 1. High 
values indicate sharp vowel transitions, emotional 
speech, or quicker articulatory movements [31]. Re
sults from the literature suggest that F1 increases 
under a stressful condition [32], as well as formant 
spacing [7]. However, we found no studies investi
gating DDF1 specifically.

Mel-Frequency Cepstral Coefficient 7
Our results showed that higher stress was associated 

with an increase in average MFCC 7. MFCC 7 captures 
spectral variability in a middle to high range, especially 
sensitive to consonant articulation, noise, and emotional 
distinctions [31, 33]. The physiological interpretation of 
these findings is limited due to the abstract nature of 
MFCCs. MFCCs have been used to train prediction 
models of stress using vocal features [12, 34]. In two 
studies, adding MFCCs to the feature set increased the 
performance of the model [35, 36]. In a study using a 
sample of voice actors undergoing a stressful task, Arushi 
and Teoh [10] found that MFCCs were the features with 
the most differences between the “confident” and 
“stressed” vocal expressions.

Average F0 Tilt
We found a negative association between stress and 

the average tilt of a linear estimation of F0. It captures 
speech direction and expressiveness [31, 37]. This in
dicates that with higher stress, F0 is flatter or decreases, 
which would typically be more associated with fatigue or 
sadness. F0 is the most commonly studied feature in the 
analysis of stress and voice. It has been used in prediction 
models [11, 35]. However, the association between F0 
and voice tends to be positive [4, 6]. Several studies 
found an increase in F0 under stressful conditions [7, 9, 
32, 38–43]. Limited literature exists on the between- 
person effects of stress on voice. While F0 also in
creases with stress between participants, one study 

showed that at baseline, F0 is not associated with cortisol 
and that this positive association becomes true once 
baseline cortisol is doubled [43]. A longitudinal study 
found no associations between stress and F0, whether 
within or between participants [8].

Shimmer
On average, shimmer increased with stress. High 

shimmer indicates irregularities in vocal intensity. Some 
studies found no change in shimmer in the stress con
dition [9, 32]. One study found that shimmer was lower 
in a negative-feedback condition [39]. A longitudinal 
study showed that shimmer was positively associated 
with long-term stressors at the individual level but not 
with perceived stress or work stressors [8].

Pause Duration
We found that the mean pause duration was lower 

with stress. This feature describes silence periods in 
speech [44]. One study found contradictory results 
where pause time was higher in the stressful condition 
[45]. Similarly to F0, this difference could be due to the 
modeling of intra- versus interindividual effects.

Global Variability of GCIs
The global variability of GCI increased with stress. 

This indicates irregular vocal fold vibration, which may 
be linked to stress, fatigue, or voice disorders [46]. This 
feature reflects vocal fold consistency but has not been 
studied in the case of stress.

Mean F0 Contour
The mean F0 contour describes the overall pitch of 

the voice recording. We found that it was negatively 
associated with stress. Similarly to F0 tilt, this finding 
is contradictory with most of the literature using 
stress-inducing experiments [7, 9, 32, 38–43]. This 
difference could be attributed to the between- 
participant comparisons or the assessment of stress, 
which captures more chronic aspects of stress instead 
of an acute stressor [15].

Pitch Perturbation Quotient
We found that the SD of PPQ decreased with stress. 

PPQ is a measure of jitter over several glottal cycles. The 
SD of PPQ being lower suggests a more controlled and 
consistent voice. Jitter was used in prediction models 
[35]. A review identified a reduction in jitter as com
monly reported with stress [4], along with a more recent 
study [9]. One longitudinal study found no association 
between stress and jitter [8].
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Logarithmic Energy
The average logarithmic energy was positively asso

ciated with stress. One study found that within partic
ipants, elevated voice intensity was associated with in
creased work stressors [8].

Speech Rate
We found no association between stress and the 

number of words. One study showed that words-per- 
minute was higher in the stress condition [7]. Speech 
rate, defined as the number of syllables per second, 
and voiced segments per second, a proxy for speech 
rate, also increased with stressors [8, 9]. On the 
contrary, two studies found that the communication 
rate did not change between baseline and stress 
conditions [39, 45].

Nonfluencies and Linguistic Complexity
Nonfluencies (hesitations in speech) and linguistic 

complexity were not investigated in our study. The lit
erature shows that nonfluencies are higher in the stress 
condition, and that stress is linked to lowest linguistic 
complexity in speech [45, 47].

Harmonics-To-Noise Ratio
We found no association between harmonics-to-noise 

ratio and stress, which aligns with a previous study [9], 
while another found that HRN was higher in the stress 
condition [39].

Mean Voiced Length
The length of voiced segments was not associated with 

stress. Kappen et al. [39] found similar results, while 
Kappen et al. [9] showed that mean voiced length in
creased with stress.

Strengths and Limitations

Our study allowed us to investigate various vocal 
features and their association with stress, in a large in
ternational study. This cross-sectional analysis allowed 
us to look at interindividual effects of stress on voice, in 
real-life settings, and with a large variety of recording 
devices, which enhances the ecological validity of our 
findings. The association of features was controlled for 
confounding factors (age, smoking status, alcohol con
sumption, the presence of chronic disease, mother 
tongue, education level, well-being, fatigue, and de
pression) and corrected for multiple testing to avoid the 
likelihood of results being attributed to data dredging.

We did not find common vocal biomarkers of stress 
between languages, vocal tasks, or genders. While 
small, the strength of the associations may still be 
relevant when considered alongside other acoustic 
markers of stress.

Stress was assessed using a single item and could be 
subject to a recall bias due to its phrasing, but it has been 
shown to be a reliable estimate of momentary and daily 
stress, and most correlated with work-related stress [15]. 
The order of the vocal tasks was not randomized. 
However, the risks of habituation and vocal strain are 
limited, respectively, due to the distinct nature of each 
task, and their length (less than 30 s).

While we were able to control our analysis for 
mother tongue, additional biases such as cultural and 
regional differences may still affect voice. The neutral 
and guided nature of the tasks partially mitigates this 
bias, but these differences should be investigated in 
further studies.

Conclusions and Perspectives for Future Work

This study highlighted the complexity of identi
fying vocal biomarkers for stress. While the funda
mental frequency is commonly cited in the literature 
as associated with stress, most studies use stress- 
induction experiments and trigger acute stress. 
However, different stressors could trigger physio
logical reactions with varied intensity, influencing 
voice differently.

Longitudinal studies are now needed to further 
confirm the association of these vocal features with 
stress and disentangle the intra- and interindividual 
effects of stress on voice. Studies should have larger 
sample sizes to fully understand the linguistic, gender, 
and task-specific differences in the association of stress 
with vocal features.
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