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ARTICLE INFO ABSTRACT

Keywords: Smile is a key feature in development and can also be heard in the voice. During development, an improvement
Emotion of vocal emotion recognition abilities has been described along with global neuroanatomical maturation of
Development

auditory cortex. While it has been suggested by the predictive coding framework that internal representation
refines with age during development, internal representation of vocal smile has not been characterized in
children within this specific age range. The present study aims to bridge this knowledge gap by investigating
internal representation of vocal smile in children, along with the robustness of this representation.

Vocal smile model was assessed in 46 children aged 8 to 12 years and 42 adults. A reverse correlation
approach was implemented allowing to distinguish two components of vocal smile model: the acoustic features
underlying a vocal smile and the internal representation robustness, quantified as internal Noise.

As a group, children display the same internal representation of vocal smile as adults. However, when
comparing children’s individual representations to adults one, we demonstrated that within children group, their
representation becomes increasingly closer to adults’ template with age. Furthermore, internal noise estimation
allows to distinguish two children subgroup, with one subgroup exhibiting a delay in the acquisition of that
internal representation.

This study provides key insights into the development and variability of emotional voice processing in school-
age children.

Vocal smile
Reverse correlation
Emotional prosody
Psychophysics
Acoustics

1. Introduction (pitch, intensity, speech rate and timbre) to convey emotion through
voice. Because hearing becomes functional around the 20th week of
gestation, exposure to spoken language begins in utero (Eggermont and

Moore, 2012; Pujol et al., 1991). Recent evidence indicates a develop-

The ability to recognize emotions is considered as a crucial life skill,
particularly during early childhood (Herba and Phillips, 2004). Children

who excel at recognizing others' emotions tend to perform better
academically (Widen, 2020; Torres et al., 2015) demonstrate greater
self-confidence (Widen, 2020) and show improved social adjustment
(Goodfellow and Nowicki Jr., 2009). Among the various modalities of
emotion recognition, the ability to perceive and interpret emotional cues
in speech, known as emotional prosody, plays a fundamental role in
social and cognitive development.

1.1. Recognition of emotional prosody in children

Emotional prosody refers to the modulation of multiple acoustic cues

mental shift in emotional prosody discrimination at approximately 37
weeks of gestational age, with neonates born after this period exhibiting
a greater ability to distinguish between happy and neutral vocal ex-
pressions than those born between 35 and 37 weeks (Hou et al., 2024).
From the age of 2 months, infants show a higher level of attention to
emotional speech addressed to them (parenthese or Infant Directed
Speech). Parenthese relies on acoustic features closer to happy prosody,
than to neutral speech addressed to adults (Pegg et al., 1992). Thus,
prosody is one of the main aspects of language to be processed by the
baby, enabling voice communication without verbal semantic content.

Across typical development, it is well established that the ability to
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recognize emotions in general, and emotional prosody in particular,
improves with age (Riddell et al., 2024; Amorim et al., 2021). By seven
months of age, exposure to semantically neutral words spoken with
emotional prosody elicits distinct cerebral responses (Grossmann et al.,
2005). Behaviorally, however, children aged 2-3 years remain unable to
use prosodic contours to infer the emotion being expressed, relying
instead on bodily cues. From around 4-5 years of age, children can
interpret the exaggerated prosodic contours associated with joy (Quam
and Swingley, 2012), yet they still do not prioritize prosody over content
(Golan et al., 2007), even when visual cues reinforce the conveyed
emotion (Filippi et al., 2017). According to Matsumoto & Lee (1993),
children begin to accurately label basic emotions in a speaker’s voice
between 6 and 9 years of age. In children aged 5-10 years, Sauter and
colleagues (2013) reported that age predicts overall emotion recogni-
tion performance for both speech stimuli (affectively inflected spoken
three-digit numbers) and nonverbal vocalizations (e.g., laughs, grunts,
sighs), with even 5-year-olds performing above chance. Similarly,
Aguert et al. (2013) found that emotion recognition from speech with
unintelligible lexical content but salient emotional prosody remained at
chance level in 5-year-olds, but improved significantly in children aged
9-13 years.

This critical window for the development of emotional prosody
recognition may be associated with the anatomical maturation of the
auditory cortex, which is also reported to occur in this specific age-
range. Auditory cortical maturation is thought to originate within su-
perficial cortical layers II and III, driven by neurodevelopmental pro-
cesses such as neurofilament proliferation and axonal myelination
(Eggermont and Moore, 2012; Moore and Guan, 2001). These neuro-
physiological modifications are also thought to be reflected in the
morphological changes observed in Auditory Evoked Potentials (Ponton
et al., 2000)

Beyond this early developmental period, emotion recognition abili-
ties continue to improve throughout adolescence. Between 6 and 17
years of age, the ability to recognize target emotions in pseudowords
spoken with different emotional intonations by adults increases pro-
gressively with age (Filippa et al., 2022), although performance does not
yet reach adult levels (Aguert et al., 2013). In adulthood, emotional
prosody recognition appears largely universal across cultures and lan-
guages (Sauter et al., 2010; Pell et al., 2009; Bryant and Barrett, 2007).
However, recognition performance tends to decline in older adults,
resulting in an overall inverted U-shaped developmental trajectory
(Amorim et al., 2021)

Among the various forms of emotional prosody, one particularly
intriguing aspect is the vocal smile— the sound produced when a
speaker smiles while speaking. Smiling, in general, represents an
important evolutionary feature, serving as a means of conveying and
perceiving positive emotions, thereby facilitating social interaction
(Ekman, 1992; Eibl-Eibesfeldt, 2017). Although the majority of research
on smiling has focused on its facial expression (e.g., Rychlowska, 2017),
smiling is not only perceived visually but can also be detected acousti-
cally in the human voice. For instance, the acoustic consequences of
smiling on pitch, intensity and timbre during speech production have
been studied using corpora of recorded speech (Basso and Oullier, 2010;
Barthel and Quené, 2015; Podesva et al., 2015). El Haddad et al. (2015)
recorded a speaker reading phonetically balanced sentences with either
speech-smile or neutral speech to analyze the corresponding acoustic
features. In comparison to neutral speech, first and second formants
increase of speech-smile was similar to speech-laugh and laugh
(Menezes and Igarashi, 2006). These studies suggest that such acoustic
modulations correspond to well-established internal representation in
adults. In particular, adults rely on a consistent set of spectral cues to
identify a smiling voice—findings that have proven remarkably robust
across studies (Ponsot et al., 2018a; Merchie et al., 2024). Specifically,
smiling speech is characterized by increased intensity and elevated
frequencies in the first formant (the peak of the spectral envelope), as
well as higher frequencies in the second and third formants.
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1.2. Internal representations of emotion

A simple yet influential framework for explaining the perceptual and
cognitive processing of sensory cues such as emotional prosody, is based
on the concept of internal “templates”, or “representations”. Inspired by
classical observer models in psychophysics this approach posits that
listeners recognize specific vocal expressions by comparing incoming
stimuli with pre-learned internal representations, although the exact
mechanisms underlying this comparison may vary. For instance, in the
linear observer model, stimuli are compared with a pre-learned tem-
plate, via a simple scalar product, later summed with a gaussian, addi-
tive “internal noise” to model response inconsistencies (Murray, 2011)

While theory abounds in how such internal representation may be
used by adult observers (for a review, see Murray, 2011) the question of
how children may develop such psychophysical templates, particularly
in the context of emotion recognition, remains remarkably underex-
plored. Within the framework of predictive coding, it has been proposed
that the infant brain possesses a set of inherited expectations about the
world, often referred to as innate priors (Badcock et al., 2019). As
described in a recent review (Rapaport and Sowman, 2024), these innate
priors are progressively updated during development through exposure
to sensory input and experience, becoming empirical priors via
perceptual inference. Through Bayesian inference, prior probabilities
are continuously revised in light of new sensory information, generating
updated posterior probabilities. These posteriors, in turn, serve as priors
for subsequent inferences, thereby supporting an ongoing cycle of
learning and adaptation. This iterative process—where priors are suc-
cessively refined into posteriors—facilitates the continuous optimiza-
tion of the brain’s internal model of the environment. During
development, the child’s brain persistently adjusts its predictions,
becoming increasingly efficient at interpreting and anticipating sensory
input on the basis of accumulated experience. This predictive-coding
account of neurocognitive development is supported by both behav-
ioral (Gopnik and Wellman, 2012; Koster et al., 2020) and neural evi-
dence (Emberson et al., 2015; Jaffe-Dax et al., 2020; Zhang and
Emberson, 2020) although further work is needed. For example, elec-
trophysiological measures such as the mismatch negativity (MMN) and
mismatch field (MMF) are expected to increase with age, reflecting
reduced prediction error as internal models become more refined
(Rapaport and Sowman, 2024). However, this pattern is not yet
consistently observed across studies, age ranges, or experimental pro-
tocols (Gomot et al., 2000). More broadly, little is currently known
about how children within the critical 10-year-old developmental win-
dow internally represent emotional prosody, or how changes in these
internal representations relate to task performance.

A common experimental paradigm used to infer internal templates
experimentally from stimulus-response data is psychophysical reverse
correlation (Jack and Schyns, 2017). In a typical reverse correlation
task, participants are presented with large quantities of stimuli whose
physical characteristics are randomly manipulated using signal pro-
cessing algorithms. Participants’ responses to such random stimuli are
used to “reverse-engineer” the internal representation they rely on
during perceptual processing. In adult, reverse correlation paradigms
have been used to uncover internal representations associated with
facial expressions of emotions (Mangini and Biederman, 2004; Yan
et al., 2023), as well as speech prosody (Goupil et al., 2021; Ponsot
et al., 2018a).

While in principle, reverse correlation could be used with children to
document the developmental trajectory of internal representations of
emotional prosody, only a handful of studies have attempted to do so.
For instance, Wang et al. (2023) have investigated internal representa-
tions of pitch contour in speech, complex tone and melody in children
and adolescents aged 4 to 15 years. However, their analysis treated all
participants as a single group, without examining developmental
changes across age or including an adult control group. A major chal-
lenge in applying reverse correlation to child populations lies in the
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typical procedural demands of such paradigms, which often require long
experimental sessions with large numbers of trials (1000 trials in Wang
et al., 2023), a design that is impractical for young or easily fatigued
participants (see Adl Zarrabi et al.,, 2024 for a similar issue in
brain-stroke patients). In Ponsot, Burred et al. (2019) developed a
reverse-correlation paradigm specifically aimed at uncovering the rep-
resentation of vocal smile, employing a relatively short two-alternative
forced-choice (2AFC) task consisting of 600 trials. Although this para-
digm was tested exclusively with adults, the robustness of its results
suggested that reliable estimation could be achieved with as few as
150-300 trials (Merchie et al., 2024), making it a promising approach
for use with younger populations.

1.3. Hypotheses and objectives

The overarching aim of this study is to investigate the internal rep-
resentation of vocal smile in school-aged children (8-12 years).

Given the ongoing anatomical and functional maturation of the
auditory cortex, particularly the development of sensitivity to acoustic
features, we hypothesize that the internal representation of vocal smile
is still under construction in this age group.

However, an alternative (and not mutually exclusive) possibility is
that the auditory representation itself may be mature, but its use in
perceptual tasks remains sub-optimal due to immature decision-making
processes. This could manifest as reduced robustness in children’s in-
ternal models, stemming from higher internal noise or response
variability.

To disentangle these possibilities, we adapted an existing reverse-
correlation task (Ponsot et al., 2018a) with a reduced number of trials
while preserving task validity. This approach allows us to extract the
following key measures:

— The acoustic signature of the internal representation of vocal smile,
reflected in the frequency filters applied to the original neutral sound
and its derived measure,

— The typicality of each child's model, quantified by its similarity to an
adult reference template.

— The robustness of the internal representation, estimated through
internal noise measures derived from responses consistency and bias.

2. Materials and methods
2.1. Population

46 children (25 females) aged from 8 to 12 (10.5 + 1.5 years) and 42
adults (22 females); aged from 20 to 58 years (25.2 + 8.9 years)
participated in the study. All participants were native French speakers.
To be included in this study, participants should not present (or have
history of) neurological or psychiatric disorder, developmental delay,
visual or auditory disorders, language/speech disorders or be under
medication at the time of the study. Each participant, or their parents in
the case of children, signed an informed consent form, and the protocol
was approved by the Ethics Committee (PROSCEA2017/23; ID RCB:
2017- A00756-47). Two children and one adult were not included in the
analyses because of missing data. Verbal and non-verbal developmental
age were estimated using 4 Weschler Intelligence Scale for Children V
subtests: matrix-reasoning, cubes, vocabulary, similarities for children
(Wechsler, 2014).

2.2. Stimuli and experimental design

2.2.1. . Stimuli

Following the procedure of (Ponsot et al., 2018a), we recorded a
single utterance of the vowel /a/ pronounced with a constant pitch (~
122 Hz) by a male speaker. From that sound, a 500 ms stationary part
was selected to create a stimulus with constant spectral energy. To
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generate reverse-correlation stimuli, we then randomized the spectral
content of the baseline stimulus using spectral-domain equalizers con-
sisting of a bank of 25 band-pass filters with fixed cutting frequencies
and random gains. The filters’ cutting frequencies were logarithmically
spaced at frequency points ranging from 100 to 10,000 Hz. The filters’
gain values (in dB) were drawn from Gaussian distributions (SD = 5 dB,
clipped at +2.5 SD). The procedure was implemented using the
open-source CLEESE toolbox (Burred et al., 2019).

2.2.2. Procedure

Participants were presented with pairs of modified voices and, for
each pair, were asked to choose the one produced with the greatest smile
(2-interval, 1-alternative forced choice). In accordance with Merchie
et al., 2024, adults were presented with 250 of such pairs (consisting
of all-different random 500 stimuli). To reduce experimental session
time for children, a convergence analysis was performed on adults’ re-
sults (see supplementary materials, part I). This analysis showed that
representations extracted after 150 trials showed sufficient similarity
with those extracted with 250 trials, and so trial number was reduced to
150 (300 stimuli) for children. In addition to these 150 (children) or 250
(adults) trials, an additional 50 trials were repeated identically at the
end of the experiment, a so-called “double-pass” procedure used as a
way to estimate internal noise with the proxy of response consistency
(Neri, 2010). Trials were presented in blocks of 50 pairs, resulting in 4
blocks for children (3 initial blocks + one repeated) and 6 blocks for
adults (5 initial blocks + one repeated). Resulting in the last two blocks
being rigorously the same, with the same trials in the same order.

Sounds were delivered using closed headphones (Beyerdynamics
DT770) presented the stimuli dichotically (same signal in both ears) at
an identical comfortable sound level (~ 70 dB SPL) to all children and
adults.

2.2.3. Data analysis

Three key measures can be extracted from this task, the internal
representation of vocal smile (acoustical features of the smiling filter),
the typicality of children’s internal representation (a single feature of
the representation in comparison to adults’ one) and internal noise
(estimated from consistency and response bias).

2.2.3.1. Internal representation of vocal smile. Internal representation of
vocal smile was estimated using the classification image technique
(Murray, 2011). The individual representation consists of a frequency
filter (a 25 points-vector), of the same shape as each of the
reverse-correlation stimulus. This vector was calculated for each
participant, as the mean filter (i.e., acoustic characteristics) of voices
chosen as “smiling”, from which the mean filter of the non-chosen voices
was subtracted. This representation provides a gain for each of the 25
modulated frequencies of the sound, which describe in what spectral
direction a sound should be modified in order to increase its probability
to be chosen as smiling by the participant. If a specific gain is equal to
zero, this means that no modulation of the sound at that specific fre-
quency provides any cue for judging vocal smiles. To compare repre-
sentations across participants, we normalized each individual
representation by dividing it by its root mean square (RMS) value.

2.2.3.2. Typicdlity of internal representation. To synthetize the vocal
smile representation into one single feature, the typicality of each child
model was determined in comparison to adults’ vocal smile model.
This measure was based on acoustic filter of vocal smile i.e., the gain
associated with the 25 frequencies of the sound. First, the average
acoustic filter of adults was computed by averaging at each of the 25
frequencies the gain value of each adult, resulting in a single represen-
tation, (25 gains values associated to the 25 frequencies of the sound).
Then the absolute-value distance between child and adults’ mean gains
at each 25 frequency points was computed resulting in a distance for
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each frequency. Then these distances were added together to obtain a
single value (distancechjig, Eq. (1)) representing the average distance
between a child’s representation and the average adult model (Eq. (1)).

The distance was then rescaled with respect to the children group to
obtain a value of typicality between 0 and 1 (Eq. (2)), with typicality
values approaching O indicating that the child’s representation is far
from adults, and typicality approaching 1 indicating their representation
is very similar.

10000

distance.pig = Z |Gainy aauis — Gaing chial 1)
F=100

(distancecngg — min(distancecnigren))
max(distance idren) — min(distance ridren )

(2)

Typicalitycng = 1 —

2.2.3.3. Internal noise estimation. Internal noise was estimated for each
participant thanks to the double-pass procedure (Neri, 2010). First, two
indices were computed from the comparison between two identical
blocks (1) the probability pagree of choosing the same sound as most
smiling between the two blocks (i.e., response consistency) and (2)
probability pfirst of choosing the first sound over the second (i.e.,
response bias). Internal noise was then estimated from these two
quantities using the simulation procedure of Adl Zarrabi et al., 2024. We
simulated ideal observers with an arbitrary representation (ex. a simple
scalar) and a grid of (true, known) internal noise o, (between 0 and 5)
and bias b (between —5 and 5) values and let them encounter a single
large (n = 10,000 trials) experiment, repeated 100 times. We then
computed the average value of pagree and pfirst over these realizations
for each value of o, and b, and store this in a lookup table. Given the
empirical observation of probabilities pagree and pfirst for a real
observer, the procedure can then find the pair of internal noise and bias
that correspond to the closest pair of probabilities in the table.

Both analyses (internal representations and internal noise) were
conducted using the open-source toolbox PALIN (https://github.
com/neuro-team-femto/palin).

2.2.4. Statistical analysis

Statistical analyses were conducted with Rstudio 4.2.2 (R Core Team,
2021).

To compare adults and children’s representations of vocal smile,
two-tailed t-tests were performed between gains associated with the 25
frequencies of each group model, with Bonferroni correction. The same
analysis was performed within each group in comparison to 0 to assess
internal representation of children and adults.

To compare the formant frequencies (F1, F2, F3 and F4) in the vocal
smile model of children and adults, we applied each of the participant’s
model (i.e., the acoustical filter corresponding to gain at each of the 25
frequencies of the sound) to the baseline sound, extracted the formants
of the resulting sound (i.e., modified sound corresponding to the internal
representation) using Praat (Boersma, 2002), and compared to those of
the original sound using one-sample t-tests.

Internal representation typicality was computed for each child, and a
Pearson correlation analysis was performed between Age and Typicality.
Pearson’s correlation analysis was computed between Typicality and
EQ.

Internal Noise was computed for each child. Children were separated
into two groups regarding their IN value, IN+ for IN > 3 (n = 14 chil-
dren) and IN- for IN < 3 (n = 30 children).

A specific index was computed to evaluate F1 increase or decrease in
each participant. First, for each child AF1 was computed, corresponding
to the difference between each child F1 frequency (Hz) and F1 frequency
of the original sound (555 Hz): AF1 = F1pjiq — 555. Then to compare this
value to the adults’ one, (corresponding to the ‘target’ F1 modulation),
AF1 was normalized regarding adults group using the min/max method:
norm(AF1) = (AFlchia — mean(AF1aqus))/((Max(AF1,4us) - (min
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(AFladults)))

Thus, norm(AF1) equal to 0 means that the child representation
contains the same modulation of F1 frequency as adults’ representation,
a positive one a greater increase than adults, and a negative one a
decrease compared to adults.

For each group (IN+ and IN-) two correlations were performed: the
first one between norm(AF1) and Age (months) and between norm(AF1)
and Typicality. A p-value correction was applied to correct for multiple
comparisons. Spearman’s correlations were made according to data
distribution (normality was checked using Shapiro-wilk). Spearman’s
correlation were compared between groups using Zou’s confidence in-
tervals (CI) (R package: cocor) because of its acknowledgment of the
asymmetry of sampling distributions for single correlations (Zou, 2007).
Correlations were interpreted as significantly different if Zou’s CI did
not contain zero (Zou, 2007).

2.2.5. Data statement
Code and data for processing and statistical analysis are publicly
available in an OSF project (https://osf.io/8b36h/)

3. Results
3.1. Internal representation of vocal smile in children

The averaged frequency filter underlying the evaluation of smile in
the /a/ vowel is depicted in Fig. 1A. For both groups, the internal rep-
resentation of vocal smile is characterized by a diminution of energy at
low frequencies and an amplification of formants F1 and F2 (Fig. 1A and
B).

To compare adults and children’s representation of vocal smile, two-
tailed t-tests were performed between the gains associated with the 25
frequencies of sounds for each group, with Bonferroni correction. No
significant difference was found (see supplementary material, part II). In
short, children appeared to be using the same auditory representation as
adults to evaluate smiling voices.

The first four formants of adults and children’s acoustic representa-
tion of vocal smile were compared to original sounds formants (see
Table 1).

The smiling representation was mainly characterized by an increased
frequency of formant F1 (Fig. 1A) (t(43) = 14.03, p < .001, d = 2.11)
(Table 1). In the following sections, each participant's F1 modulation
will be referred to as AF1. This corresponds to the difference between
the participant’s F1 value in the smiling filter condition and the original
sound F1 (555 Hz).

3.2. Representation typicality

Typicality is a single feature to compare representations of vocal
smile within children compared to adults (i.e., where adults are
considered as the norm). As a child's typicality approaches 1, their in-
ternal representation becomes increasingly similar to those observed in
adults.

Even if, as shown in Fig. 1, children display the same representation
of vocal smile as adults, it remains heterogenous within the group
(Fig. 2).

A Pearson’ correlation analysis was performed between typicality
and age (in months) in children. This analysis revealed a moderate
positive correlation between the two variables (t(42) = 3.1, p < .005, R
= .43), with an increase of typicality with children age (Fig. 3).

Typicality was also computed on specific segments of frequencies to
investigate whether some frequency band would have different devel-
opmental dynamics. Results did not demonstrate difference and are
detailed in supplementary material (part III).

Typicality was not correlated with EQ (t(39) = .43, p = .67, R =.07).
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Fig. 1. A: Averaged filter underlying evaluation of vocal smile, as derived with reverse-correlation. Children are represented in blue and adults in black. A gain of
0 corresponds to the base sound and the curves represent the modification of the base sound to describe a vocal smile. Asterisks indicate significant differences from
0 (two-tailed; paired-sample t-tests, Peorrected < 0.05) (no difference between groups). B: Smiling Filter applied (here with a gain of 0.5) to the original voice, revealing
the internal representation of vocal smile in children (in blue) compared to the base sound (in grey).

Table 1

Comparison of formants frequencies between the original sound and represen-
tation of vocal smile in children and in adults. Formants frequencies are pre-
sented in Hertz (mean + sd). One-sample t-test were performed between
formants of the original sound and the representation of vocal smile in children
and in adults.

Original F1 (555 Hz) F2 (1183 Hz) F3 (2727 Hz) F4
sound (3591 Hz)
Children 644 + 42 1192 + 131 2712 4+ 102 3587 + 88
(n = 44) t(43) = 14.03, p t(43) = .45, p t(43) = t(43) = -
<.001,d =211 >.1,d=.07 —1.00, p > .30,p > .1,
1, d=-.05
d=-.15
Adults 638 + 48 1185 + 33 2735 + 41 3596 + 32
(n = 42) t(41) = 11.13,p t(41) = .31, p t(41) = 1.26, t(41) =
<.001, >.1, p>.1, 1.09,p >
d=1.72 d=.05 d=.19 1,
d=.17

3.3. Representation robustness: Internal noise analysis

Internal noise (IN) was estimated using the double-pass procedure
Neri (2010), following the same methodology as Adl Zarrabi et al.
(2024).

Due to a IN bimodal distribution (Fig. 4), children were separated
into two groups: IN+ (IN > 3; n = 14 children) and IN- (IN < 3; n = 30
children). The threshold to separate both groups was chosen arbitrary
regarding the bimodal distribution of IN data. The two groups do not
differ in age (W = 162, p = .23), EQ (W = 154, p = .34), verbal (W =

1.00 ’
of

0.75

0.50

Typicality

0.25

0.00

Fig. 2. Children's Typicality of vocal smile in comparison to adults.

179, p = .62) and nonverbal (W = 201, p = .25) developmental age. The
IN+ children have a statistically greater IN than the IN- children (W =
420, p < .0001), and the IN- children mean IN did not statistically differ
from adults (W = 559, p = .52).

To characterize the use of F1 modulation across development in
children, a Spearman’s correlation analysis was performed between
norm(AF1) and Age (months) separately in each group (IN+ and IN-)
(Fig. 5). A significant positive correlation was found (S = 176, peorr =
.045, R = .61) in the IN+ group, corresponding to an increase of F1 with
age. No correlation (S = 4816, pcorr = 1.415, R = - .07) was found for the
IN- group. These correlations were also significantly different (Zou’s CI
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Fig. 4. Internal Noise (IN) bimodal distribution across children and adults.
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Fig. 5. Correlation between norm(AF1) and Age for IN+ and IN- children.
Correlation is displayed in green for the IN- group and in red for the IN+ group.
norm(AF1) corresponds to the normalized AF1 in comparison to adults (where
AF1 is computed as the difference between F1 frequency of each child model
and F1 of the original sound).

[0.07,1.1]).

A Spearman’s correlation analysis was also performed between norm
(AF1) and Typicality independently for each internal noise level group
(IN+ and IN-) (Fig. 6). A significant positive correlation was found (S =
110, peorr = -005, R = .76) for the IN+ group, while no correlation (S =
2824, peorr = -880, R = .37) was found for the IN- group. For IN+
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Fig. 6. Correlation analysis between Typicality and norm(AF1) for IN+ and IN-
children. Correlation is displayed in green for the IN- group and in red for the
IN+ group. norm(AF1) corresponds to the normalized AF1 in comparison to
adults (where AF1 is computed as the difference between F1 frequency of each
child model and F1 of the original sound). Typicality corresponds to the
normalized distance between a child representation of vocal smile and adults’
representation.

children, typicality was associated with an increase in F1 frequency,
while, IN— children, typicality variation is not significantly correlated to
F1 modulation. These correlations were not significantly different (Zou’s
CI [-0.08,.78]).

4. Discussion

The present study is, to our knowledge, the first to examine the
development of the mental representation of vocal emotions in children.
For this purpose, a reverse correlation method was adapted to obtain
emotional internal representation and an associated measure of repre-
sentation robustness (internal noise) in 8-12 years old children. Our
main finding is that internal representation of vocal smile becomes
increasingly refined with age and that this developmental change re-
flects the sharpening of the underlying rather than a lack of represen-
tation robustness in young children. In other words, younger children
appear to possess a rudimentary version of the adult template, but this
representation gains precision with age. Importantly, our results also
identified a subgroup of children who exhibited a distinct develop-
mental trajectory in acquiring the internal representation of the vocal
smile.

Regarding children’s internal representation of vocal smile, results
replicate those found in adults (Merchie et al., 2024; Ponsot et al.,
2018a), indicating a fine-tuned abilities to infer a primarily visual
emotion (the smile) from acoustic cues in the voice. Small differences
from Ponsot et al., 2018b study might be the consequence of the
reduction in the number of trials in our experiment and the variability of
participants. The mouth opening associated with smiling (Ekman and V.
Friesen, 1978) modifies the emitted sound, leading to an increase of F1
frequency of the smiling voice. In line with prior findings (Frick, 1985;
Ohala, 2009; El Haddad et al., 2015) the acoustic profile of the smiling
voice in our study was mainly characterized by a reduction in
low-frequency energy, increase energy of F1 and F2 and an increase in
the first formant frequency, confirming that children’s internal repre-
sentations capture these characteristic spectral modulations. However,
our results are specific to /a/ vowel while others studies were interested
in a wide range of vowels (El Haddad et al., 2015; Podesva et al., 2015)
and thus found modifications of others formants frequencies such as F2.
As in adults, children’s internal representation can thus be operation-
alized as a specific acoustic smiling filter.

Although children as a group exhibit the same general template as
adults, individual differences emerged, consistent with a positive cor-
relation between typicality and age. As depicted by the predictive
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coding framework, internal representation of vocal smile becomes
increasingly refined with experience (Rapaport and Sowman, 2024).
Thus, the representation of that sensory input is not yet fully imple-
mented, which may hinder the recognition of associated emotional
prosody, as depicted by the literature. While basic vocal emotion
recognition abilities emerge as early as 6 to 9 years of age (Matsumoto
and Kishimoto, 1983), the point at which these skills reach adult-like
proficiency remains debated (see review by Morningstar et al. (2018)).
Behavioral data indicates that individuals aged 11 to 15 still perform
below adult levels in vocal emotion recognition (Brosgole and Weisman,
1995; Chronaki et al., 2018), suggesting that these abilities continue to
develop throughout adolescence and into adulthood. Furthermore,
throughout this critical period, neuronal communication becomes more
efficient due to an extended phase of synaptic pruning and myelination
(Blakemore and Choudhury, 2006; Fischer and Bidell, 2007; Santos and
Noggle, 2011). Notably, the prefrontal cortex undergoes prolonged
development (Giedd et al., 1999; Huttenlocher and Dabholkar, 1997).
This region plays a crucial role in identifying complex statistical patterns
within sensory input and is also implicated in emotion recognition (ER)
processes (Jaffe-Dax et al., 2020; Basirat et al., 2014). Specifically,
neural responses in the dorsomedial prefrontal cortex and inferior
frontal gyrus increase with age during vocal ER tasks, as observed in
individuals aged 8 to 19 years (Morningstar et al., 2019). This prolonged
maturation may contribute to the refinement of predictive brain pro-
cesses throughout development (Krogh and H.Johnson, 2013).

Internal representation becomes more precise with age. However,
this improvement may also reflect greater task engagement in older
children. In this case, the increase of accuracy would not necessarily rely
on specific changes of the internal representation of vocal smile itself,
but rather on a reduction of internal noise. Indeed, growing up, children
may simply have better access to their internal representation by
reducing internal noise (see Adl Zarrabi et al. (2024) for insights on
representation + noise model). Indeed, internal noise governs behav-
ioral variability in how children apply their template of vocal smile in
perceptual task, conversely to other psychophysical studies where noise
refers to intrinsic noise of the stimulus (Jack and Schyns, 2017).
Consistent with this interpretation, the IN+ and IN— groups did not
differ in age, suggesting that children who perform poorly (i.e.,
exhibited higher internal noise) are not simply the youngest participants
We therefore divided participants into two subgroups IN+ and IN— to
investigate whether differences in acoustic cue utilization could explain
performance variability.

Correlations between AF1 and Age revealed distinct developmental
patterns between groups. IN- children have already reached adult-like
F1 modulation patterns, demonstrating that even 8-year-olds can use
F1 variation as a diagnostic cue in the perception of vocal smile. This
aligns with findings by Keough et al. (2015) who observed increased F1
values during smile production for the /a/ vowel. Meanwhile, as IN+
children grow up, they begin to use F1 augmentation as a cue to perceive
vocal smiles. Younger IN+ children tend not to rely on F1 augmentation
for this characterization, whereas older children use it even beyond the
template observed in adults. These results are showing that IN+ children
are still improving their ability to extract accurate acoustic cues from
emotional prosody sensory inputs, even until overpassing the F1 mod-
ulation of adults’ template. A data-driven approach combining speech
phonetics, acoustic features and electrocochleography (ECOG) re-
cordings revealed how phonetic representations are encoded in the
human Superior Temporal Gyrus (STG) (Mesgarani et al., 2014). F1 and
F2 variability occurs within the STG where single sites respond to in-
tegrated formant patterns. Continued maturation of the STG during late
childhood could therefore account for the distinct developmental dy-
namics observed in the IN+ subgroup. Future studies could test this
hypothesis using auditory ERP markers of STG maturation, as significant
changes are known to occur between 8 and 12 years.

A second analysis explored the relationship between Typicality and
F1 modulation. Since IN- children have generally already achieved F1
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increase as a cue for vocal smile, yet continue to refine their internal
representations, they may rely on more subtle acoustic indices to further
enhance their perceptual accuracy. Regarding F1 modulation, IN- chil-
dren achieved a plateau equivalent to adults’ F1 modulation, thus
typicality is no longer modulated by F1 increase. Indeed, there is no
correlation between Typicality and AF1 for IN- group. We expect IN-
children, associated with global neural maturation (Giedd et al., 1999),
to rely on frequencies modulation energy or others accurate acoustic
cues to categorize a voice as smiling such as more subtle variations on
other frequencies that are not caught by our measures. Meanwhile, for
IN+ children, Typicality is strongly associated with AF1, these children
may focus on the most salient acoustic cue to categorize a voice as
smiling, which is F1 modulation. We could hypothesize that the IN+
group could still improve its internal model of vocal smile, even if no
link has been made between IN and verbal or nonverbal developmental
age. As the IN- children have the same amount of IN than adults, we
could expect the IN+ children to reduce this variability in responses by
growing older. This group would follow another or delayed develop-
mental pathway. Especially in the scope of emotional prosody recogni-
tion, this developmental pathway could be the consequence of
heterogeneity within population. A recent study on individual differ-
ences in multimodal emotion recognition abilities suggests that vari-
ability in this domain may manifest at multiple stages of decisional
processing including the extraction (middle Superior Temporal Gyrus),
integration (posterior Superior Temporal Sulcus), and evaluation
(Inferior Frontal Cortex) of emotional information (Laukka et al., 2024).
These decisional processing stages could be linked to internal noise
measure since it’s estimated from consistency and response bias. Indeed,
as proposed by Vilidaite et al. (2017) the measured internal noise
(thanks to the double pass procedure) may be a late decision-making
noise that influences behavior at the level of execute function.
Regarding predictive coding hypothesis on prediction error diminution,
children might not all have the same innate priors and certainly not the
same sensory inputs that enrich their inner representation of a specific
vocal emotion.

Several limitations should be acknowledged. This study was a part of
a larger protocol, and fatigability may have affected performance in
some children. Group sizes were unequal (IN—: n = 30; IN+: n = 14),
which limits statistical power for between-group comparisons. Addi-
tionally, representation robustness was estimated from a limited number
of late-trial responses, which may underestimate stability. Despite these
constraints, this adapted reverse-correlation method is thought to be
promising and effective to evaluate the internal sensory representation
of speech emotional prosody. This technique could thus be implemented
with many others vocal emotions since it has been demonstrated that not
all basic emotions achieve adult-like accuracy scores at the same time
(Riddell et al., 2024). Taken together, our findings provide intriguing
possibilities for exploring the nuances of perception in prosody within
neurodevelopmental disorders such as Autism Spectrum Disorders
(ASD). As described by Keating et al. (2023) for visual emotions in ASD
adults, atypicalities described in the perception of emotions in ASD
could be linked to a different utilization of these representations instead
of a specific deficit in emotional processing. Longitudinal assessment of
these mechanisms during development could therefore provide critical
insight into the construction of emotional perception networks in ASD.

5. Conclusion

To our knowledge, this study is the first to implement a straight-
forward yet effective method for assessing vocal emotional representa-
tions and associated internal noise in school-aged children. Based on a
sample of 44 children aged 8 to 12 years, our findings reveal that with
increasing age, children progressively refine their internal representa-
tion of vocal smile, gradually converging toward the adult perceptual
template. While younger children exhibit less precise representations, a
subset appears to follow an alternative developmental trajectory,
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characterized by decreased representation robustness interfering with
representation accuracy. These results highlight the heterogeneity of
emotional voice processing during development and open new avenues
for identifying early markers of atypical socio-emotional perception.
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