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ABSTRACT

Early detection of neurocognitive and mental health alterations is limited by the high costs 

and invasiveness of the protocols. Vocal biomarkers offer a non-invasive alternative, 

capturing prosodic and spectral features linked to cognitive and emotional states. Singing 

non-lexical syllabic vocalizations as a source for vocal biomarkers offers advantages over 

traditional speech-based methods, including language independence, scalability, and 

privacy preservation. This study evaluates whether singing melodies based on non-lexical 

syllables could provide reliable biomarkers sensitive to stress and cognitive load. Fourteen 

native Spanish-speaking participants completed a singing task under different stress 

conditions (acute stress vs. neutral) and different cognitive load conditions (immediate vs. 

delayed reproduction). Prosodic and spectral features were extracted, and results were 

explored in a series of linear mixed-effects models. Acute stress increased F0, decreased 

F1 and F2, and redistributed spectral energy (higher centroid, spread, flatness), producing 

a noisier output. Increased cognitive load led to shorter singing durations, increased F0, 

jitter and shimmer, and a flatter spectrum (lower kurtosis, higher flatness). Results 

demonstrated that stress engages autonomic arousal and articulatory changes, whereas 

cognitive load affects mainly control and stability. Shared markers index general arousal, 

while stress- and delay-specific features provide complementary sensitivity. Overall, 

singing non-lexical syllables stands as a feasible, low-burden, language-independent task 

for scalable vocal biomarker research. Alongside research on deep learning models, this 

opens new avenues for creating computer-based systems, either semi or fully automated, 

that can efficiently detect cognitive and emotional states.

Keywords: Vocal biomarkers; Acute stress; Cognitive load
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Introduction

Despite substantial advances, the early detection of neurocognitive diseases and 

mental health conditions remains constrained by high costs, invasive procedures and 

reliance on specialized settings [1,2]. Biomarkers, conceived as objectively measurable 

indicators of biological processes, offer a promising avenue to stratify risk earlier and 

support population-based screening. They are being explored as tools for identifying 

individuals at elevated risk of neurocognitive diseases and for informing preventive 

interventions [1,3].

In this context, vocal biomarkers have gained attention as a cost-effective and non-

invasive tool for detecting subtle neurocognitive and emotional changes that traditional 

assessments may miss [4,5]. They are derived from speech, capturing both acoustic and 

linguistic features linked to physiological and psychological states. Acoustic features 

include prosodic parameters such as pitch (i.e., fundamental frequency; hereafter, F0), 

formants, energy, jitter and shimmer, as well as spectral descriptors like flux, slope, 

centroid and entropy [6-8]. These acoustic features are increasingly recognized for their 

potential to reveal subtle neurocognitive and emotional changes. For instance, Kappen et 

al. [9] successfully differentiated between stressed and non-stressed participants by 

analyzing these features, and Ding et al. [10] identified individuals with cognitive 

impairment using similar acoustic-based approaches. Linguistic features, in turn, reflect 

aspects such as vocabulary richness and syntactic complexity [11,12]. However, linguistic 

features tend to be less transferable across tasks and populations, given their dependence 

on language structure and semantics [13]. By contrast, acoustic features are largely 

independent of language, show greater robustness and cross-linguistic generalizability, 

and are also sensitive to changes in cognitive load and emotional variation [14].

As said, the most relevant limitation of vocal biomarkers that prevents their 

generalized use in clinical settings is the lack of standardization due to language 
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dependence [15,16]. In this context, singing melodies consisting of articulated syllabic 

vocalizations emerges as an unexplored but promising alternative. Since it is not 

dependent on language production, it can be adapted easily to different linguistic 

contexts, standardized through fixed contours, durations or prompts, and seamlessly 

integrated into standard devices for real-world applications [17,18]. Additionally, singing 

has been shown to be sensitive to changes in basic psychological processes such as 

attention or memory [19-21], suggesting that it could serve as an experimental paradigm 

acting as a source of vocal biomarkers that reflect changes in an individual’s cognitive 

state [5]. 

The present study examines whether a brief singing task provides reliable prosodic 

and spectral biomarkers of cognitive alterations. To the best of our knowledge, this is the 

first study to evaluate singing of simple melodies as a vocal task with the potential to 

provide biomarkers that are scalable to large populations and generalize across contexts, 

which is an urgent call in the field as described above. To this end, two manipulations were 

incorporated. First, we explored the relevance of singing for detecting altered cognitive 

states by measuring induced acute stress. This approach is supported by increasing 

evidence that stress produces measurable changes in vocal features [22-24]. We 

predicted that the analysis of the acoustic biomarkers associated with an acute stress 

situation could be detected using recordings from a simple singing task completed 

immediately after a stress-inducing task. Second, we explored the sensitivity of this 

singing task to increased cognitive load by manipulating the moment at which participants 

had to repeat the melody that had to be hummed (i.e., either simultaneously, paired with 

the auditorily delivered template, or with a temporal delay, right after the template), a 

manipulation commonly used in speech shadowing to increase cognitive load by taxing 

working memory and attentional resources during vocal production. Seminal research 

showed that simultaneous or delayed repetition constitutes an on-line auditory tracking 

task that places high demands on attention and working memory, thereby increasing 
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overall cognitive load [25-27]. Recent evidence from verbal shadowing and dual-task 

studies further indicates that increased cognitive load can interfere with the allocation of 

resources required for monitoring and controlling vocal production, even in the absence 

of stress-related autonomic activation  [28-30]. In this regard, retaining a melody in 

memory over time has been shown to impose greater cognitive demands than immediate 

repetitions [31] and this delayed recall produce alterations in speech that correlate with 

early signs of cognitive decline [32,33]. In sum, we extracted a pre-specified set of 

acoustic features (prosodic and spectral) commonly used in speech-based biomarker 

research, and we assessed their sensitivity, stability and correspondence with speech-

derived measures. 

Methods

Participants

Participants were native Spanish speakers with normal hearing recruited from 

Universidad Nebrija. We excluded those with prior musical or singing training, those 

affected by unexpected technical issues during recording, and those undergoing 

treatment for stress or anxiety. In addition, participants completed the Positive and 

Negative Affect Schedule (PANAS-SF [39]) to evaluate their initial emotional state. Those 

with scores for negative affect higher than 29 and positive affect lower than 20 were 

considered to have an altered emotional state and were therefore excluded from the 

study. The initial sample consisted of 17 participants aged between 18 and 35 years. Three 

participants were removed due to unexpected technical problems during the recording 

process, resulting in a final sample of 14 participants with ages between 18 and 35 (M = 

24.93, SD = 3.97; 11 females). Based on preceding evidence [34,35], we considered a 

conservative moderate-to-large effect size (β = 0.50) as a realistic estimate for our design. 

Simulation-based power analyses were conducted in R using lme4 for linear mixed-effects 

modelling [36] and simr for power estimation [37]. Power simulations (100 Monte Carlo 
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runs) indicated that with 14 participants and 12 trials each (168 total observations), the 

current design achieved approximately 84-88% power to detect the expected effect. The 

study was conducted in accordance with the Declaration of Helsinki and its subsequent 

amendments after obtaining approval from the institutional review board of Universidad 

Nebrija (Code: UNNE-2025-048). At the beginning of the experiment, written informed 

consent was obtained from all participants, who received a small monetary compensation. 

After participating in the experiment, people were debriefed.

Materials

For this study, two melodies (A and B) were created for participants. Both melodies 

had the same duration (19 seconds) and were matched as closely as possible on relevant 

acoustic parameters (e.g., pitch range, interval structure, rhythmic complexity). Each 

melody consisted of the continuous repetition of the same non-lexical syllable “la” (i.e., 

/la/), produced as a sequence of repeated syllables (e.g., “la-la-la”) throughout the entire 

melodic contour. The fundamental frequency (F0) range was selected to be broadly 

comfortable for both male and female participants, and the same melodic templates were 

used for all participants without pitch-shifting by sex. Corresponding values are provided 

in Table 1. The melodies were synthesized using Praat [38], version 6.4.44) and 

standardized in loudness.

Table 1
Values of melodies A and B for each variable of interest. 

Variable Melody A Melody B 
Duration (sec) 19 19 
Pitch (F0) (Hz) 260.89 269.60 
Formant F1 (Hz) 671.74 660.25 
Formant F2 (Hz) 1394.86 1470.57 
Jitter (%) 5.4 5.8 
Shimmer (%) 0.51 0.48 
Tempo (BPM) 95.78 102.88 
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Energy (dBFS) -24.20 -24.37 
Spectral Centroid (Hz) 785.88 705.43

Spectral Spread (Hz) 630.30 674.31 
Spectral Kurtosis 4.93 4.97 
Spectral Skewness 2.98 3.03 
Spectral Flatness 0.31 0.37 
Spectral Flux 0.005 0.004

Procedure

The experiment was performed in a soundproof room. The tasks were performed 

using a 14-inch LED monitor with a refresh rate of 60 Hz and a resolution of 1920 x 1200 

pixels. An AKG P420 microphone was used for recording and was connected to an M-Track 

Duo system to transfer the recording to a computer. 

Participants first completed the Positive and Negative Affect Schedule (PANAS-SF; [39]). 

Next, each participant was assigned to one of four counterbalanced sequences, depending 

on the order of the stress-inducing conditions (stress task or neutral task) and the melody 

that was used (melody A or melody B, differentiated to avoid any memory effect between 

conditions) (see Figure 1). The experiment used a within-subject design, so that all 

participants completed both the stress and neutral task and listened to melody A and B, 

although in a different counterbalanced order. In both stress-inducing and neutral tasks, 

participants answered arithmetic and general knowledge questions. The stress task 

followed the original protocol of Almazrouei et al, (2023) [40], employing the Spanish 

adaptation developed by Navas-León and Duñabeitia [41] (see Figure 2). In this task, 

participants were told that their performance was being monitored and received 

immediate on-screen negative feedback, while this was not the case in the neutral version. 

In the neutral task, participants were shown questions of a very easy nature, while in the 

stress-inducing task, they were given questions of a more challenging nature.
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After completing either, the stress-inducing or the neutral version of the task, 

participants were prompted with one of the two melodies (A or B; counterbalanced). 

During the subsequent task, they were presented with the alternate melody, ensuring that 

each melody was heard in a different task. After each of the main tasks (stress and 

neutral), participants completed six experimental trials: three trials in which they had to 

sing the melody immediately during the playback of the melody and three trials in which 

they had to wait until the melody had finished playing to start singing it. The presentation 

of the trials was randomized across participants. Participants were asked to vocally imitate 

the melody using the same repeated syllables provided in the models (i.e., “la-la-la”). To 

avoid any spillover stress effects across tasks, immediately after completion of the stress 

task and the associated melody-repetition trials, participants completed an 11-minute 

guided meditation in which they had the option to relax while listening to a professional 

mindfulness podcast (CogniFit Inc., San Francisco, US). After each task, participants rated 

their perceived stress on a 0–100 visual analogue scale (VAS) (with a randomized slider 

start) and their task emotional valence on a 1–7 Likert scale [40-42].

The full procedure took approximately 50 minutes. The materials, scripts and data 

associated with this study are openly available at  

https://osf.io/eg6xz/overview?view_only=e66a4d15a2f94a4da421c595eea85993.
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Figure 1. Schematic depiction of the experimental procedure.

Figure 2. Graphic timeline of the stress-generating/control task (adapted from Almazrouei 

et al., 2023).

Recording and pre-processing
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All auditory stimuli were delivered through closed-back over-ear Sennheiser HD 

350BT headphones. The audio files were recorded using Praat, with a sampling frequency 

of 44100 Hz and mono channels. All the recordings were individually inspected to ensure 

the absence of clipping or excessive background noise and the resulting recordings were 

saved in WAV format. All audio files were pre-processed prior to feature extraction to 

ensure consistency and quality of the signals. Recordings were normalized in amplitude 

to avoid variability due to recording intensity [43]. For formant analysis, a pre-emphasis 

filter was applied to enhance high-frequency components, followed by linear predictive 

coding (LPC). To improve robustness, only valid LPC solutions were retained, and 

candidate formants were filtered to those above 90 Hz with bandwidths below 400 Hz [44]. 

In tempo estimation, spurious peaks were controlled by setting a minimum peak height 

and minimum inter-peak distance, preventing false detections.

The acoustic variables were selected based on prior evidence showing that stress 

and emotional arousal affect multiple dimensions of vocal production. Duration and tempo 

were included to capture stress-related temporal alterations in speech associated with 

increased cognitive load [45-47]. Energy was used to reflect changes in vocal intensity 

under heightened arousal [46,47] and mean fundamental frequency (F0) was included as 

a robust marker of stress-related pitch modulation [48-50]. Formant frequencies F1 and 

F2 serve as crucial indicators of vocal tract resonance and articulation pattern [51] and 

jitter and shimmer were included to evaluate the effects on voice control [52]. Spectral 

centroid, spectral spread, spectral skewness, and spectral kurtosis were used to 

characterize stress-related changes in vocal timbre and spectral energy distribution [46], 

while spectral flatness and spectral flux indexed increased noisiness and instability in the 

acoustic signal under stress [45,48].

Results
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Stress levels and emotional valence

To assess task differences in stress-related responses, independent samples t-tests 

were conducted for stress and emotional valence. 

Stress levels were significantly higher in the stress-inducing task (M = 74.00, SD = 

25.61) than in the neutral task (M = 18.93, SD = 17.67). Since the assumptions of 

normality (Shapiro–Wilk p =.48) and homogeneity of variances were not violated, 

Student’s t-test was used, revealing a statistically significant difference, t(13) = -8.17, p 

< .001, Cohen’s d = -2.18, SE = 0.55. Similarly, emotional valence ratings were 

significantly lower in the stress-inducing task (M = 2.93, SD = 1.39) than in the neutral 

task (M = 5.36, SD = 1.28). The assumptions of normality (Shapiro–Wilk p =.02) and 

homogeneity of variances were violated. A Wilcoxon’s signed-rank test confirmed a 

significant difference, z = -3.06, p = .002, r = 1, SE = 0.32.

These findings indicate that the stress-inducing task generated significantly greater 

stress levels and lower emotional valence than the neutral task, with large and consistent 

effect sizes across both measures.

Vocal biomarkers

The vocal parameters were extracted using Matlab version 25.1.0.2943329 

(R2025a). Signal analysis and feature computation were carried out using specialized 

toolboxes (Signal Processing Toolbox, DSP System Toolbox, Audio Toolbox). All statistical 

analyses were conducted in R (version 4.2.3) via RStudio (R Core Team, 2018). Final values 

were computed as the difference between each participant’s measured acoustic 

parameters and the corresponding reference values for each melody, and these difference 

scores were then standardized (z-scores) to facilitate comparisons across acoustic 

measures. Linear mixed-effects models (LMMs) were fitted using the lme4 [39], lmer Test 

[53] and afex [54] packages. LMMs were chosen to account for the nested structure of the 

data, which included repeated measurements within participants and across melodies. A 

top-down model selection strategy was followed [55,56]. For each dependent variable, a 
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series of different models were fitted that systematically varied in their structure of fixed 

and random effects. While the initial models included the standardized result of the 

PANAS-SF (Positive Affect: M = 32.86, SD = 7.00; Negative Affect: M = 15.93, SD = 4.48) 

questionnaire as a covariate to test whether it moderated the effects of stress, this 

variable did not significantly improve any model’s fit and was therefore excluded from the 

final models. The order of the trials was also analyzed as a covariate, but it did not 

significantly modify any of the effects, and it was therefore excluded since no significant 

learning effect was observed. Two possible fixed-effect structures were considered in the 

models: one that included the interaction between Timing (immediate vs. delayed) and 

State (neutral vs. stress) and one that did not. Each fixed-effect model was then paired 

with random-effect structures for Participant: random slopes for Timing, for State, or 

including no random slopes. All models included a random intercept for melody. Only 

models that significantly improved upon the null model were retained for final comparison. 

In cases where multiple significant models provided similar explanatory power, preference 

was given to the most parsimonious model (i.e., with fewer parameters and lower AIC). 

Marginal and conditional R² values were computed, along with intraclass correlation 

coefficients (ICC), to assess model fit and the proportion of variance attributable to random 

effects. For each dependent variable, the final selected model is described. Descriptive 

statistics for all conditions are reported in Table 2.

Table 2
Means and standard deviations of each variable for all four conditions

Variable Neutral Stress Immediate Delayed
Duration (sec) 17.91 ± 1.34 17.58 ± 1.54 18.5 ± 0.74 17 ± 1.6

Pitch (F0) (Hz) 215.84 ± 41.24 230.3 ± 41.36 218.91 ± 41.99 227.27 ± 41.46

Formant F1 (Hz)
792.66 ± 

295.71

697.81 ± 

124.93

742.81 ± 

221.32

747.06 ± 

241.09
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Formant F2 (Hz)
1849.51 ± 

313.6

1639.18 ± 

334.61

1715.49 ± 

301.37

1774.11 ± 

373.84

Jitter (%) 1.1 ± 0.2 1.06 ± 0.18 1.05 ± 0.18 1.11 ± 0.19

Shimmer (%) 5 ± 1.81 5.12 ± 2.26 4.72 ± 1.96 5.39 ± 2.08

Tempo (BPM) 93.2 ± 5.53 94.33 ± 4.29 93.18 ± 4.97 94.36 ± 4.91

Energy (dBFS) -61.69 ± 6.64  -60.25 ± 5.89 -60.44 ± 6.07 -61.49 ± 6.51

Spectral Centroid 

(Hz)

695.47 ± 

172.21

732.43 ± 

170.25
701.67 ± 188.5 

734.46 ± 

163.34

Spectral Spread 

(Hz)

1227.84 ± 

305.43

1476.46 ± 

522.43

1321.23 ± 

466.63

1384.18 ± 

423.17

Spectral Kurtosis 8.28 ± 4.66 7.78 ± 5.66 8.55 ± 5.72 7.51 ± 4.56

Spectral Skewness 2.2 ± 0.73 1.99 ± 0.76 2.2 ± 0.81 2 ± 0.68

Spectral Flatness 0.32 ± 0.08 0.35 ± 0.1 0.32 ± 0.09 0.35 ± 0.09

Spectral Flux 0.02 ± 0.02 0.02 ± 0.06 0.02 ± 0.06 0.02 ± 0.03

Duration

Duration was measured as the amount of time (in seconds) that participants spent 

repeating the melody. The best-fitting model included both fixed main effects (Timing 

and State) without their interaction and a random structure with random slopes for State 

by participant:

Value ~ Timing + State + (1 + State | Participant) + (1 | Melody)

A significant main effect of Timing emerged (t = 8.76, p < .001), whereas the 

effect of State was not significant (t = 1.66, p = .12). Participants produced shorter 

melody durations in the delayed compared to the immediate condition (Mimmediate = 18.5 

s vs. Mdelayed = 17.0 s).

Pitch (F0)
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Pitch reflects the F0 of vocal fold vibration. The best-fitting model included both 

fixed effects without their interaction and a random structure with random slopes for 

Timing by participant:

Value ~ Timing + State + (1 + Timing | Participant) + (1 | Melody)

Both effects of Timing and State were significant (t = 3,61, p = .0028, and t = 

7.99, p > .001, respectively). Participants in the stress condition produced a higher pitch 

compared to the neutral condition (Mneutral = 215.84 Hz vs. Mstress = 230.30 Hz). 

Similarly, F0 values were higher in the delayed than in the immediate condition 

(Mimmediate = 218.91 Hz vs. Mdelayed = 227.27 Hz).

Formant F1

Formant F1 corresponds to the first spectral peak resulting from vocal tract 

resonance. The best-fitting model included both fixed main effects without their 

interaction and a random structure with random slopes for Timing by participant:

Value ~ Timing + State + (1 + Timing | Participant) + (1 | Melody)

A significant main effect of State was observed (t = 3.48, p < .001), while Timing 

showed no significant effect (t = 0.8, p = .93). Specifically, F1 decreased in the stress 

condition (Mneutral = 792.66 Hz vs. Mstress = 697.81 Hz).

Formant F2

Formant F2 represents the second spectral peak produced by vocal tract 

resonance. The best-fitting model included both fixed main effects without interaction 

and a random structure with no slopes:

Value ~ Timing + State + (1 | Participant) + (1 | Melody)

Participants in the stress condition showed significantly lower F2 values than those 

in the neutral condition (t = 4.36, p < .001; Mneutral = 1849.51 Hz vs. Mstress = 1639.18 
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Hz). No significant differences were found between delayed and immediate conditions (t 

= 1.39, p = .17).

Jitter

Jitter measures frequency variability across cycles. The best-fitting model included 

both fixed effects with their interaction and a random structure with random slopes for 

Timing by participant:

Value ~ Timing * State + (1 + Timing| Participant) + (1 | Melody)

 Although the interaction between State and Timing was not significant (p = .1), it 

was retained because it improved overall model fit. The effects of Timing (t = 3.2, p = 

.005), and and State (t = 2.26, p = .002) were significant. Jitter increased in the delayed 

compared to the immediate condition (Mimmediate = 1.05 vs. Mdelayed = 1.11). The non-

significant interaction suggested that the effect of Timing (delayed vs. immediate) was 

attenuated under stress conditions.

Shimmer

Shimmer captures amplitude variability. The best-fitting model included both fixed 

main effects without interaction and a random structure with no slopes:

Value ~ Timing + State + (1 | Participant) + (1 | Melody)

The fixed effect of Timing was significant (t = 4.72, p < .001), whereas the effect 

of State was not (t = 0.99, p = .32). Shimmer increased significantly in the delayed 

compared to the immediate condition (Mimmediate = 4.72 vs. Mdelayed = 5.39).

Energy

Energy reflects the vocal signal’s intensity in dBFS (Decibel Full Scale), where 0 

dBFS represents the maximum level. The best-fitting model included both fixed main 

effects without interaction and a random structure with no slopes:
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Value ~ Timing + State + (1 | Participant) + (1 | Melody)

The fixed effects of State and Timing were significant (t =2.98, p < .01, and t = 

2.14, p = .03, respectively). Participants in the stress condition exhibited higher energy 

levels (Mneutral = −61.69 vs. Mstress = −60.25), and energy was lower in the delayed 

compared to the immediate condition (Mimmediate = −60.44 vs. Mdelayed = −61.49).

Tempo

Tempo represents the perceived speed or pacing of the performance. None of the 

tested models differed significantly from the null model, indicating no significant effects 

of either Timing or State, nor their interaction.

Spectral Centroid

The spectral centroid reflects the central frequency of the spectral energy 

distribution. The best-fitting model included both fixed effects with their interaction and 

a random structure with random slopes for Timing:

Value ~ Timing * State + (1 + Timing | Participant) + (1 | Melody)

Although the interaction did not reach statistical significance (p = .1), it was 

retained because it improved model fit. The fixed effects of Timing and State were 

significant (t = 2.7, p = .007, and t = 5.5, p < .001, respectively). Spectral centroid was 

higher in the delayed compared to the immediate condition (Mimmediate = 701.67 vs. 

Mdelayed = 734.46), and it increased under stress (Mneutral = 695.47 vs. Mstress = 732.43). 

Timing×State interaction approached significance (p = .060). Simple effects analyses 

revealed that under neutral conditions, the spectral centroid was significantly lower in 

the delayed than in the immediate condition (t = 2.73, p = .007), whereas under stress 

this difference was negligible (t = -0.08, p = .934). 

Spectral Spread
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Spectral spread quantifies the dispersion of spectral energy around the centroid. 

The best-fitting model included both fixed main effects without interaction and a random 

structure with no slopes:

Value ~ Timing + State + (1 | Participant) + (1 | Melody)

A significant main effect of State emerged (t = 5.06, p < .001), whereas the effect 

of Timing was not significant (t =1.36, p = .17). Spectral spread increased in the stress 

condition (Mneutral = 1227.84 vs. Mstress = 1476.46).

Spectral Skewness

Spectral skewness measures asymmetry in the spectral energy distribution. None 

of the tested models differed from the null model, indicating no significant effects for 

either Timing or State, nor interaction.

Spectral Kurtosis

Spectral kurtosis represents the peakedness or flatness of the spectral energy 

distribution. The best-fitting model included both fixed main effects without interaction 

and a random structure with no slopes:

Value ~ Timing + State + (1 | Participant) + (1 | Melody)

 The fixed effect of Timing was significant (t = 3.27, p = .001), while the effect of 

State was not (t = 1.46, p = .15). Spectral kurtosis decreased in the delayed compared 

to the immediate condition (Mimmediate = 8.55 vs. Mdelayed = 7.51).

Spectral Flatness

Spectral flatness indicates the uniformity of power across frequencies. The best-

fitting model included both fixed main effects without interaction and a random 

structure with no slopes:

Value ~ Timing + State + (1 | Participant) + (1 | Melody)
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The fixed effects of State and Timing were significant (t = 4.05, p < .001, and t = 

2.33, p = .02, respectively). Spectral flatness increased under stress (Mneutral = 0.32 vs. 

Mstress = 0.35) and in the delayed compared to the immediate condition (Mimmediate = 

0.32 vs. Mdelayed = 0.35).

Spectral Flux

Spectral flux reflects the degree of rapid variation in spectral energy across time. 

None of the tested models differed from the null model, indicating no significant effects 

for either Timing or State, nor their interaction.
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Figure 1
Estimated means of the difference between vocal acoustic parameters and reference 
melodies according to stress and cognitive load in z-score. Error bars indicate 95% 
confidence intervals
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Discussion

The current study examined singing simple melodies as an effective source for vocal 

biomarkers. To this end, we evaluated the relation between stress and cognitive load, and 

several prosodic and spectral voice features extracted from singing. We hypothesized that 

singing could be sensitive to modulations of voice features aligned with those previously 

reported for speech. Singing samples were recorded under acute stress and cognitive load 

(induced by timing delay in melody repetition) manipulations. Overall, the results provided 

support our hypothesis, suggesting that sung non-lexical vocalizations are sensitive to 

stress and cognitive load and reflect them through measurable acoustic features.

An increase in stress activates the sympathetic nervous system (SNS), which 

produces muscle tension, increased heart rate and blood pressure, and bronchodilation 

[57], mediated via the vagus nerve pathway. These alterations affect vocal production, 

mainly F0 [50,58], fully consistent with the observed effects reported in the current study 

and in previous studies [9,56,57]. Results reflect the pattern observed in speech [9,59,60]. 

Accordingly, F1 and F2 decreased significantly under stress. These formants have been 

shown to be modulated by stress, either increasing or decreasing as a function of vowel 

identity: front vowels (i.e., /i/, /ɛ/) are associated with higher values, while back vowels 

(i.e., /o/ /a/) are associated with lower values [61]. Therefore, and considering that the 

melodies used in the current study were created by repeating the syllable /la/, our results 

are fully compatible with the decrease observed in earlier studies. Energy also increased 

under stress conditions, as also reported by Larsen et al. [22]. In the spectral domain, the 

spectral centroid and spread showed a significant increase under acute stress. Spectral 

flatness increased, from more tonal (neutral) to more noise-like (stress) sounds, indicating 

less uniform phonation [51]. Jitter decreased, while shimmer remained unchanged, 

consistent with preceding mixed evidence on the sensitivity of these features to stress 

[22,63,64]. Additionally, some studies have reported that the increase in muscle tension 

mediated by increased stress also creates less stable vocal fold patterns, resulting in 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



increased jitter [52]. However, other studies suggest that compensatory vocal 

mechanisms lead to more regular vocal fold vibration despite increased laryngeal muscle 

tension, which could lead to a decreased jitter [51].

Finally, the duration of the vocalizations during the singing task was analyzed to 

assess potential memory effects of acute stress, given earlier evidence linking stress with 

reduced working memory [65]. However, no differences were observed. Nonetheless, 

stress effects on encoding have been shown to depend on age, with immediate recall 

being less impaired in younger adults [66], and the sample tested here was entirely made 

of undergraduate and graduate students.

Regarding the second manipulation of interest, cognitive load, the vocalizations of 

participants demonstrated sensitivity to the delayed condition in which they had to retain 

the melody in memory [26]. Participants produced shorter durations, consistent with lower 

selective attention and reduced memory selectivity under timing-related load [67]. F0, 

jitter and shimmer increased, suggesting reduced vocal stability due to a lack of control 

of vibrations of the vocal cords [49] (for similar effects, see Peters et al. [68]; Wynne, [69]). 

Formants F1 and F2 were not affected by the manipulations, which fits the view that 

cognitive load elicits a smaller autonomic response than the stress condition [70,71]. Our 

results are consistent with this explanation; F0 increased by 6.7% under stress conditions 

and 3.8% under the delayed condition, suggesting that, while effective, the cognitive load 

manipulation was subtler than the stress manipulation. In the spectral domain, kurtosis 

decreased, and flatness increased, indicating a more noise-like spectrum. Such a 

reduction in kurtosis under high cognitive load is consistent with previously reported 

flatter spectral distributions in similar contexts [72]. Spectral centroid showed a small 

significant increase, consistent with previous studies [73], only in neutral conditions, while 

spectral spread showed no reliable effect, warranting further investigation.

Several features remained unchanged under both stress and cognitive load. Tempo, 

for instance, showed no effect, mirroring contradictory speech findings [33,71-73]. 
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Likewise, spectral skewness remained unchanged, and spectral flux, a measure of sudden 

changes in the frequency energy distribution, was also unaffected, likely reflecting 

participants trying to sustain stable notes as a strategy to control their vocal output. Taken 

together, the pattern points to two partly overlapping pathways. The stress condition 

resulted in higher autonomic arousal with articulatory reconfiguration and increased 

respiratory variability [70,71,77], eliciting a less tonal, more noise-like output. The delayed 

condition primarily taxed control and stability [52], with a decrease in total respiratory 

variability associated with top-down regulation [77].

Limitations and future lines of research

Some limitations should be acknowledged. First, the sample was relatively small (N 

= 14) and recruited by convenience, which reduces power for small effects and limits 

generalizability. Although the study was sufficiently powered to detect medium-to-large 

effects, the sample size may limit the precision of the LMM estimates and increase the risk 

of overfitting in multivariate modelling. Future research should therefore recruit larger and 

more diverse samples (ideally using stratified random sampling) to support more robust 

LMM estimation and to test multivariate models to better evaluate the biomarker potential 

of these acoustic measures. Second, the vocal task used only two melodies and a single 

syllabic vowel (/la/), restricting acoustic variability and articulatory breadth. Relatedly, the 

cognitive-load manipulation contrasted with concurrent versus delayed repetition; while 

this provides a clear contrast between externally guided and memory-based reproduction, 

concurrent playback necessarily involves simultaneous perception and production. Future 

work should therefore consider parametric delays (shorter vs. longer, without concurrent 

playback) to more cleanly isolate memory load. Lastly, the study relied exclusively on 

subjective and behavioral measures, without incorporating physiological indicators of 

stress (e.g., salivary cortisol, heart rate variability, or skin conductance), which limits the 

ability to characterize acute stress reactivity comprehensively. Incorporating physiological 
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measures in future studies would strengthen convergent validity and help clarify 

discrepancies across stress-related markers.

Considering the current results, potential applications of singing as a source of vocal 

biomarkers emerge. A brief and standardized singing task could be deployed on 

commodity devices (smartphones, laptops) using fixed prompts (“sing now” vs. “sing after 

playback”) to monitor different cognitive states and conditions. The analysis of a compact 

vocal feature set obtained from such tasks could support a low burden monitoring tool in 

clinics, workplaces, or at home. These characteristics facilitate the application of deep 

learning models and other advanced machine learning techniques to analyze complex 

acoustic patterns, enabling the creation of semi-automated or fully automated systems 

capable of continuously monitoring cognitive function, supporting early detection, 

longitudinal monitoring, and personalized interventions. To this end, and to endorse 

clinical validation, future studies should orient efforts to gathering population-level data 

to establish normative reference values. All in all, the current study provides the first 

known piece of evidence demonstrating the value of a generalizable singing task as a 

source of vocal biomarkers that could be applied to different populations regardless of 

their language.
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