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Deep learning reveals what vocal bursts 
express in different cultures

Jeffrey A. Brooks    1,2  , Panagiotis Tzirakis1, Alice Baird1, Lauren Kim1, 
Michael Opara1, Xia Fang3, Dacher Keltner    1,2, Maria Monroy2, 
Rebecca Corona2, Jacob Metrick1 & Alan S. Cowen    1,2 

Human social life is rich with sighs, chuckles, shrieks and other emotional 
vocalizations, called ‘vocal bursts’. Nevertheless, the meaning of vocal bursts 
across cultures is only beginning to be understood. Here, we combined 
large-scale experimental data collection with deep learning to reveal the 
shared and culture-specific meanings of vocal bursts. A total of n = 4,031 
participants in China, India, South Africa, the USA and Venezuela mimicked 
vocal bursts drawn from 2,756 seed recordings. Participants also judged the 
emotional meaning of each vocal burst. A deep neural network tasked with 
predicting the culture-specific meanings people attributed to vocal bursts 
while disregarding context and speaker identity discovered 24 acoustic 
dimensions, or kinds, of vocal expression with distinct emotion-related 
meanings. The meanings attributed to these complex vocal modulations 
were 79% preserved across the five countries and three languages. These 
results reveal the underlying dimensions of human emotional vocalization 
in remarkable detail.

Brief emotional vocalizations such as cries, sighs, laughs, shrieks, 
grunts, growls, oohs and ahhs (to name but a few1–4) provide a ubiqui-
tous and informationally rich scaffolding to our social lives2,3,5–7. Known 
as ‘vocal bursts’, they are thought to predate language, with precursors 
in other mammals such as stereotyped non-human primate vocaliza-
tions related to food, predators and mating8. Vocal bursts play a pro-
found role in early life, with spontaneous vocalizations by parent and 
child forming a critical feedback loop helping infants learn to navigate 
challenges and opportunities in their environment2,3. The perceptual 
system is readily attuned to vocal bursts, with the understanding of 
subtle distinctions among laughs, coos and ahhs appearing in infants 
as young as 12–17 months9,10. And the information conveyed by vocal 
bursts across the lifespan can be surprisingly rich, signalling the struc-
ture of social interactions such as a speakers’ rank in a social hierarchy 
or the quality of friendships11,12.

Despite their centrality to human social life, our understanding of 
the specific emotions conveyed by vocal bursts across multiple cultures 
and languages is only beginning to emerge4,13,14. The science of emotion, 
long focused on facial expression, has historically underemphasized 

non-linguistic vocalizations (with some exceptions15). Vocal bursts 
have just recently been investigated across cultures, using methods 
pioneered in the study of facial expression: presenting relatively small 
curated samples of vocal bursts to small groups of participants4,13,14,16. 
These studies reveal vocal bursts to be at least as universal in meaning 
as facial expressions, demonstrating that people in many different 
cultures reliably attribute a range of specific meanings to different 
types of vocal bursts4,17. This early work provided evidence that 13 
distinct emotion concepts could be matched with corresponding 
vocal bursts in more than 14 cultural groups, including two remote 
societies with minimal Western influence4,12,13,16 (but see ref. 14). How-
ever, with at most only a few hundred vocal bursts in any given study, 
investigations have been underpowered to precisely characterize the 
nuanced meanings inferred from different kinds of vocal bursts in 
different cultures18,19. The studies to date have also been underpow-
ered to control for perceptual and linguistic confounds, such as the 
influence of speakers’ demographics (for example, gender, age and 
ethnicity20,21) on inferred meanings. Finally, studies have been limited 
by their reliance on imperfect translations of emotion concepts across 
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total of 282,906 experimental trials for which we successfully obtained  
mimicry responses.

Before engaging in the mimicry task, participants were instructed 
to use their computer microphone to record themselves on each 
trial. On each trial, participants heard a target vocal burst and were 
instructed to mimic the vocal burst such that their imitation would 
be perceived to convey similar emotions to the original recording. 
On the same survey page, participants were asked to judge what they 
thought the vocal burst expressed by selecting from 48 emotion terms 
(Methods; Supplementary Table 2) and then rating each selection 
from 1 to 100, with values reflecting the perceived intensity of the 
emotion (note that these ratings were not intended to measure 
alternative dimensions such as valence or arousal, just the intensity 
of each emotion concept selected). Participants were required to 
select a value on a rating scale for at least one category (Supplementary 
Fig. 2 gives distributions of ratings of the seed vocal bursts). English 
terms were used in the three out of five countries where English is an 
official language (India, South Africa and the USA). In China, ratings 
were collected in Chinese and in Venezuela ratings were collected in 
Spanish (Supplementary Table 2 provides a complete list of terms and 
their translations in each language). This first phase of data collection 
resulted in many participant-generated ‘mimic’ recordings in each 
culture (China (n = 42,765), India (n = 44,059), South Africa (n = 66,842), 
the USA (n = 103,228) and Venezuela (n = 26,012)), for a total of 282,906 
vocal bursts. Furthermore, the judgements provided during this phase 
of data collection constitute self-report ratings, given that they capture 
what each vocal burst meant to the person making it. Confirming our 
well-documented ability to mimic vocalizations, the mimicked vocal 
bursts are for the most part qualitatively similar to the original seed 
vocal bursts, except for differences in participants’ vocal traits and 
recording quality (for examples, see Supplementary Table 3).

Independent emotion ratings of mimic recordings
We made further use of these stimuli in the second phase of data 
collection (henceforth ‘rating-only phase’), in which we recruited an 
independent set of 4,998 participants from all five countries (China 
(n = 277; 159 female), India (n = 438; 194 female), South Africa (n = 1,401; 
893 female), the USA (n = 2,475; 1,337 female) and Venezuela (n = 189; 
70 female)) to complete an emotion perception task. In this rating-only 
task, observer participants rated audio recordings from the mimicry 
task from within their own country. Participants’ ratings in this task thus 
capture culture-specific understandings of the original seed stimuli 
but, unlike the self-report ratings from the mimicry task, could not have 
been influenced by the perception of any demographic or contextual 
influences on the acoustic properties of the seed stimuli. Thus, their 
correlations with the seed stimuli represent measures of the emotional 
meaning of these original expressions that are invariant to certain 
perceptual biases and confounds (gender, age, race, acoustic context 
and so on) that can be problematic for studies of vocal emotional 
expression20. As in the judgement portion of the mimicry phase of 
data collection, participants were asked to judge each recording along 
48 emotion terms (Supplementary Table 2) and select a value ranging 
from 1 to 100 for each term selected, with values reflecting the perceived 
intensity of the emotion. On average, participants in this phase of the 
experiment completed 77.1 trials. This amounted to a total of 577,732 
judgements of all mimic recordings.

Shared dimensions of vocal expression
In our recent work computing shared dimensions of emotional 
experience and expression between two cultures, we used a method 
we are calling PPCA26–29. In the present study, with datasets measuring 
the same attributes in five different countries, we developed a 
generalized version of the PPCA algorithm (G-PPCA) that extracts 
linear combinations of attributes that maximally covary across three 
or more datasets (in this case, emotion judgements from five countries).  

languages22. Thus, several fundamental questions about vocal bursts  
remain unanswered. How many distinct meanings do vocal bursts 
convey? How can these meanings be precisely conceptualized? How 
well are they preserved across cultures?

In the present investigation, we addressed these questions and the 
limitations of past studies using data-driven methods that produced 
a quantitative description of the distinct emotional meanings that 
vocal expressions reliably convey in diverse cultures. We did so by 
analysing vocal bursts inductively at a large scale (282,906 vocal bursts 
contributed by 4,031 participants in five countries, who self-reported 
the meanings of the vocalizations they were forming) and mapping 
dimensions of emotional meaning to their underlying structural 
(acoustic) dimensions with machine learning. We generated a wide 
range of vocalizations by starting with over 2,756 distinctive sounds 
that participants were instructed to imitate. We explored a wide range 
of meanings of the imitated vocal bursts by gathering intensity rat-
ings corresponding to 48 emotion concepts, ranging from intense 
positive and negative states to more neutral states such as confusion 
and interest, in five countries and three languages. This allowed us 
to capture a wide range of meanings people attribute to emotional 
expressions23–25 as well as how these meanings overlap, diverge and 
blend. We derived speaker-invariant measurements of vocal bursts 
by training a deep neural network (DNN) to predict the average mean-
ings inferred from vocal bursts solely from their imitations by globally  
diverse individuals.

Importantly, we modelled cultural differences. We also avoided 
mistranslating emotion concepts across cultures by training the DNN 
to predict average meanings in each country separately. This means 
that the DNN had no prior knowledge of how emotion concepts trans-
lated across cultures or languages (a pattern of vocal expression found 
to be associated with “joy” in one country could still just as easily be 
found to be associated with “sadness” in another, even if they speak 
the same language). Finally, we assessed how many distinct dimen-
sions of meaning were captured by the DNN using principal preserved 
components analysis (PPCA). Using these methods, we discovered that 
vocal bursts convey at least 24 distinct dimensions of meaning. These 
24 dimensions of vocal expression were 79% preserved in meaning 
across the five countries and three languages, with 21 dimensions 
showing a high degree of shared meaning across all countries studied 
and the remaining two dimensions having similar meanings in four 
out of five countries. Our results capture the underlying dimensions 
of the meanings of emotional vocalizations within and across cultures 
in unprecedented detail.

Results
Vocal burst imitation of seed recordings and self-report
To derive the cross-cultural dimensional structure of the meaning of 
vocal bursts while addressing perceptual, linguistic and demographic 
sources of variation, we conducted a large-scale experiment in two 
phases. In the first phase of data collection (henceforth ‘mimicry 
phase’), a total of 4,031 participants from China (n = 380; 213 female), 
India (n = 377, 78 female), South Africa (n = 1,155; 712 female), the USA 
(n = 1,492; 762 female) and Venezuela (n = 203; 65 female) completed a 
vocal burst mimicry task, imitating randomly sampled subsets of 2,756 
vocal bursts and rating what each vocal burst meant to them before 
or after they imitated it (participants were able to complete up to 30 
trials per survey; Methods; Supplementary Table 1 and Supplementary 
Fig. 1 give extended demographic information). The seed recordings 
included wide-ranging vocal bursts produced in laboratory settings in 
five countries17, vocal bursts produced in ecological settings gathered 
in online video17 and newly assembled vocal bursts extracted from Chi-
nese and Japanese media (Methods). On the basis of past estimates of 
reliability of observer judgement, for each seed recording we collected 
mimicry responses (ratings and mimicked vocal bursts) from an aver-
age of 20.5 separate participants in each culture. This amounted to a 
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The resulting components are ordered in terms of their level of positive 
covariance across all five datasets (see Methods for more information 
on the method and significance testing).

We first investigated the cross-cultural dimensions of perceived 
emotion using perceptual judgements of the seed recordings collected 
during the mimicry phase. We applied G-PPCA to judgements of the 
2,756 seed recordings across the five countries. We iteratively applied 
G-PPCA in a leave-one-stimulus-out manner to extract components 
from the judgements of all but one stimulus and then projected 
each country’s ratings of the left-out stimulus onto the extracted 
components, resulting in cross-validated component scores for each 
country and stimulus.

To determine the statistical significance of each component, we 
sought to ensure that the extracted dimensions not only reflect shared 
structure preserved across all five countries but also reflect significantly 
preserved dimensions across pairs of countries in the analysis. First, 
we calculated the one-tailed partial Spearman correlation between 
corresponding component scores for each country pair, iteratively 
partialling out each previous component and calculating statistical 
significance separately for each dimension. One-tailed tests were used 
since we were specifically interested in dimensions that were preserved 
across countries. Within country pairs, P values for the 48 dimensions 
were false discovery rate (FDR)-corrected using the Benjamini–
Hochberg procedure. We found that 28 semantic dimensions, or 
distinct kinds of emotion, were preserved across all five cultures in 
judgements of the seed recordings (Supplementary Fig. 3; see Methods 
section on G-PPCA significance testing for more detail).

To interpret and visualize the preserved components, we applied 
varimax factor rotation (Methods). Here, factor rotation extracts a 
simplified representation of the space that prioritizes dimensions 
loading onto a small set of categories. The top component loadings 
for each preserved component thus reflect a semantic summary of 
the distinct patterns of perceived emotion captured by the preserved 
components for visualization and communication purposes.

For the original set of vocal bursts, upon visual inspection of the 
rotated factor matrix (Supplementary Fig. 3) we found that each of 
the 28 dimensions loaded maximally on a specific category, reflecting 
distinct semantic dimensions of emotion perceived from vocal bursts 
(ordered in terms of covariance explained in ratings of vocal bursts 
across five countries): “satisfaction”, “confusion”, “pride”, “triumph”, 
“awe”, “fear”, “surprise (positive)”, “disappointment”, “disgust”, 
“embarrassment”, “interest”, “ecstasy”, “boredom”, “determination”, 
“romance”, “guilt”, “excitement”, “craving”, “amusement”, “sexual 
desire”, “sympathy”, “surprise (negative)”, “relief”, “horror”, “shame”, 
“contemplation”, “realization” and “tiredness”.

This is consistent with prior work showing that a high-dimensional 
semantic space represents the shared meanings of emotion-related 
experience and perception (of faces, vocal bursts, prosody and music) 
across cultures and is better able to predict the structure of human 
emotion judgements above and beyond a few emotion categories 
or affective dimensions27,30,31. This work also converges with the 
high-dimensional structure of emotion observed in more top-down 
studies of emotion production and recognition32–34. But despite 
the scale of the dataset, these findings could be partly driven by the 
specific stimulus set and any biased sampling it reflects. In particular, 
the ratings that went into this analysis could in theory be influenced by 
confounding factors of the original audio stimuli, such as race, gender 
and acoustic context of each speaker, rather than solely reflecting 
speaker-independent vocal modulations underlying the expressions.

The potential influence of expressers’ traits and context is a serious 
confound for all studies that rely only on perceptual judgements. For 
instance, distinctions in meaning inferred from different expressions 
could be based on the differing genders of the expressers and not 
the specific movements or sounds they are producing. While these 
biases are in part attenuated by the large samples of expressers in 

the present study, progress in understanding emotional expression 
rests on deriving more direct measures of the movements or sounds 
being produced. To this end, we trained a DNN to predict the meanings 
attributed to vocal bursts solely from imitations of the vocal bursts by 
randomized speakers from different countries.

Culture-specific emotion regression using a DNN
By incorporating a DNN into our analysis, we were able to link human 
judgements to underlying acoustics and derive a taxonomy of vocal 
bursts within and across cultures. DNNs are powerful machine learning 
algorithms that can approximate many complex natural functions 
and dynamics, allowing them to accomplish a wide range of tasks. 
Given that recent advances in computing power have allowed DNNs 
to approximate or exceed human performance in tasks such as 
classifying recordings or translating text, DNNs have also emerged 
as useful scientific models for understanding the psychological 
processes involved in these domains (for example, speech perception). 
Specifically, they provide a computational model of human perceptual 
judgements that are directly tethered to the sensory input. While a 
DNN is more difficult to interpret than the linear models used more 
traditionally within psychology (for example, multiple regression 
and analysis of covariance), it can much more accurately capture the 
relationship between human perceptual judgements and the sensory 
input35–39, as this is a highly nonlinear relationship. The resulting 
model is directly interpretable in terms of sensory perturbations, 
which, in the present study, are the acoustic modulations that reliably 
convey specific emotional meanings. Moreover, after being fit on a 
suitably large training dataset, the DNN can be used for large-scale 
inference, thus enabling theories to be tested at a suitable scale to 
understand the complex, high-dimensional dynamics of a real-world 
information-processing task. For our purposes—trying to isolate the 
specific underlying acoustic dimensions of vocal expression that give 
rise to emotional meaning, while remaining invariant to factors that 
can bias human judgements—our use of a DNN was essential.

We trained a DNN to extract measures of vocal expression that were 
invariant to the acoustic properties specific to the person making the 
expression, such as the nature of their speaking voice and recording 
context. We did so by tasking it with predicting the average emotion 
judgements of each seed vocal burst in each culture solely from 
recordings of participants mimicking each seed vocal burst (Fig. 1).  
Because the seed vocal bursts were each shown to a random set of 
participants, this method forced the DNN to remain invariant to 
factors that were randomized relative to the expression being imitated 
(acoustic cues to demographics, context or individual variability in 
mimicry ability). (As a result, identity-related variations in the DNN 
predictions explain at most about 0.62% of the variance in human 
perceptual judgements; Supplementary Fig. 4.)

Furthermore, we treated the average emotion judgements within 
each culture (evaluated in three separate languages) as separate 
outputs. Thus, the DNN was not provided any prior mapping between 
emotion and mental state concepts and their use across countries 
or attempted translations across languages (English, Chinese and 
Spanish).

Our model architecture was comprised of three parts: (1) a 
frame-wise feature extractor, where audio features are extracted from 
each audio frame using a convolutional neural network (CNN); (2) a 
temporal feature extractor, where features across temporal domain are 
extracted using a two-layer long-short term memory (LSTM) cell; and 
(3) a linear layer, which outputs the final predictions (Table 1; Methods 
section on Deep neural network architecture).

After training, we applied the model to the seed recordings 
(to which it was not exposed during training). Finally, we applied a 
multidimensional reliability analysis method to distil the significant 
shared and culture-specific dimensions of vocal expression uncovered 
by the model30. Specifically, we applied PPCA between the model’s 
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culture-specific annotations of the seed recordings and the emotions  
and mental states actually inferred from the seed recordings by  
participants in each culture26,27,29,40. Given that no prior was built into 
the model linking the words from different languages to one another, 
any relationship uncovered between the emotion and mental state 
concepts across languages using this method implies that the concepts 
were used similarly to describe the same vocal expression (Fig. 1).

To assess the significance of the dimensions extracted using PPCA, 
we used a leave-one-out cross-validation method. Specifically, we 
iteratively performed PPCA between the DNN outputs and the averaged 
perceptual judgements of all but one of the seed vocal bursts and 
computed the scores of each dimension extracted by PPCA on the 
DNN outputs and averaged perceptual judgements of the held-out 
clips. We used one-tailed partial Spearman correlations to assess the 
relationship between the held-out DNN output dimensions and human 
judgements, where for each PPCA dimension we controlled for the 
PPCA scores on all previous dimensions. After computing P values, 
we used a conservative method of correction for FDR that combined 
multiple FDR-correction methods (Methods).

Using this method, we uncovered 24 significant dimensions of 
vocal expression that were reliably associated with distinct meanings 
(Figs. 2 and 3). More precisely, each of the 24 dimensions corresponds 
to a pattern of vocal modulation that is reliably associated with a dis-
tinct set of emotion and mental state concepts in at least one country 
or language (Methods section on Extracting significant DNN output 

dimensions). Most were discovered to have strongly shared meanings  
across all five countries. It is important to again emphasize that no 
constraints were put on the DNN to encourage this result (that is, the 
dimension corresponding to “happiness” in one country could just as  
easily have been found to correspond to “sadness” in another, even if the  
two countries speak the same language, if the same vocal modulations 
in fact had opposite meanings across cultures). In particular, distinct 
vocal cues were reliably associated with the same 21 emotion concepts 
or combinations of concepts and their most direct translations across 
all five countries: adoration/love/sympathy, anger/distress, boredom, 
concentration/contemplation/calmness, confusion/doubt, pride/
triumph, disappointment, disgust, excitement/triumph, fear/horror, 
horror, interest, joy/amusement, pain, relief, sadness, satisfaction, 
sexual desire, surprise (positive or negative), admiration/aesthetic 
appreciation/awe and tiredness.

Of the remaining three significant dimensions of vocal 
expression we discovered, two were reliably associated with the same 
three concepts or combinations of concepts and their most direct 
translations across four out of five countries: awkwardness, craving/
interest/satisfaction and realization. The awkwardness dimension was 
not significantly associated with awkwardness in India (despite being 
rated in English) but had a wide range of other significant meanings 
there, including shame (along with 11 other emotion concepts). The 
craving/interest/satisfaction dimension had significant loadings on 
at least two of the three terms in each of the five countries. Finally, the 
realization dimension of vocalization was not significantly associated 
with realization in India but instead with boredom and distress.

It is worth noting that, among the 21 dimensions whose primary 
meaning was strongly preserved across all five countries, there 
were sometimes subtle cultural differences in secondary meanings 
significantly associated with the same vocal modulations. For instance, 
the horror (but not fear) dimension was also associated with awe in India 
and Venezuela, with distress in China and the USA and with amusement 
and realization in South Africa. These findings probably reflect subtle 
differences in the meaning of the vocal modulations rather than in 
the translation of emotion concepts, given that they do not seem to 
be more common in the non-English-speaking countries (China and 
Venezuela) than in the English-speaking ones.

Seed clips Cross-cultural mimicry Judgements

Results

Data collection

Extract significant
dimensions (PPCA)

Self-report judgements

Average in each country

Perceptual judgements

100 joy + 40 amusement + 12 realization
88 amusement + 30 triumph
100 amusement + 100 joy + 30 triumph...

70 joy + 30 pride
85 amusement + 10 contentment + 5 triumph
100 amusement + 100 joy + 100 triumph...

Inferential statistics

Machine learning

ChinaChina

SA

SA

India

India

USA

USA

Venezuela

Venezuela

Train DNN

Annotate using trained DNN

Input Convolutional layer Recurrent neural network Output

US amusement
US distress

US horror
VE amusement

VE distress

VE horror

Fig. 1 | Schematic of our experimental and analytic approach. An initial set 
of 2,756 seed vocal bursts were rated by 8,941 participants in five countries. 
These participants also used a computer microphone to record themselves 
mimicking randomly sampled subsets of up to 30 seed vocal bursts. Thus, each 
of the resulting 282,906 mimic vocal bursts had a corresponding self-report 
judgement reflecting what the vocal burst meant to the person making it. An 
additional 7,879 participants provided perceptual judgements of mimic vocal 
bursts produced in their own country. We used a DNN to find dimensions of vocal 
expression that had distinct meanings within or across cultures, independent of 
demographic and contextual cues, by averaging all self-report and perceptual 

ratings corresponding to each seed vocal burst in each country and tasking the 
DNN with predicting these averages from the mimic vocal bursts (thereby putting 
a cost on the model predictions being influenced by the speaking voice of the 
participant forming the imitation; Methods). Finally, we evaluated the DNN on 
the seed vocal bursts (to which it had no exposure during training) and compared 
these predictions to the average human judgements of the seed vocal bursts in 
each country to extract the dimensions of meaning that the DNN successfully 
identified in distinct vocal modulations (Methods). SA, South Africa; USA, United 
States of America; VE, Venezuala.

Table 1 | Convolutional neural network parameters

Layer Kernel size Stride Channels Activation

Convolution 8 1 64 LeakyReLU

Max-pooling 10 10 — —

Convolution 6 1 128 LeakyReLU

Max-pooling 8 8 — —

Convolution 6 1 256 LeakyReLU

Max-pooling 8 8 — —
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In total, the 24 dimensions of vocal expression—the vocal  
modulations we found to have reliable meanings somewhere in the 
world—emerged as having very similar meanings in most places in 
the world we studied, being 79% preserved overall in both meaning 
and translation across the five diverse countries where we collected 
data (r = 0.89, r2 = 0.79, country-wise dimension loadings explained 
by the average loading), leaving the remaining 21% of the variance 

to be accounted for by differences in meaning across cultures, 
individual differences, imperfect translation across languages or 
sampling error (see Supplementary Fig. 5 for breakdown of pre-
served variance by dimension and country). Where we observed 
cultural differences, it is clear from an inspection of interactive Fig. 3  
that the corresponding vocal expressions were still imitated very 
similarly across cultures, confirming that our findings reflected 

CHI SA VEN

IND USA

| Adoración | Adoration
| Dolor empático | Empathic pain

| Amor | Love
| Nostalgia | Nostalgia
| Simpatía | Sympathy

| Enojo | Anger
| Torpeza | Awkwardness

| Pena | Embarrassment
| Vergüenza | Shame

| Aburrimiento | Boredom
| Contemplación | Contemplation

| Concentración | Concentration
| Confusión | Confusion

| Duda | Doubt
| Contentamiento | Contentment

| Desprecio | Contempt
| Envidia | Envy

| Orgullo | Pride
| Antojo | Craving

| Romance | Romance
| Decepción | Disappointment

| Angustia | Distress
| Culpa | Guilt

| Asco | Disgust
| Entusiasmo | Excitement

| Triunfo | Triumph
| Miedo | Fear

| Terror | Horror
| Interes | Interest

| Determinación | Determination
| Alegría | Joy

| Diversión | Amusement
| Dolor | Pain

| Realización | Realization
| Alivio | Relief

| Tristeza | Sadness
| Satisfacción | Satisfaction

| Calma | Calmness

| Ansiedad | Anxiety
A B C D E F G H I J K L M N O P Q R S T U V W X

| Cansancio | Tiredness
| Hipnosis | Entrancement

| Asombro Maravillado | Awe
| Apreciación Estética | Aesthetic Appreciation

| Admiración | Admiration

| Éxtasis | Ecstasy
| Deseo sexual | Sexual desire

| Sorpresa (negativa) | Surprise (negative)
| Sorpresa (positiva) | Surprise (positive)

Fig. 2 | Dimensions of vocal expression that emerged as having distinct 
meanings within or across cultures. The meaning of the 24 dimensions of 
vocal expression (x axis, labeled A–X) that were reliably predicted by the model 
is captured by loadings on the 48 predicted emotion concepts that people used 
to judge their own expressions in their own language (y axis) in each of the five 
countries. CHI, China; SA, South Africa; VEN, Venezuala; IND, India; USA, United 
States of America. We evaluated the DNN on the seed vocal bursts (to which 
it had no exposure during training) and compared these predictions to the 
average human judgements of the seed vocal bursts in each country to extract 
the dimensions of meaning that the DNN successfully identified in distinct vocal 
modulations. To assess the significance of the dimensions extracted using PPCA, 
we used a leave-one-out cross-validation method. Specifically, we iteratively 
performed PPCA between the DNN outputs and the averaged perceptual 
judgements of all but one of the seed vocal bursts and computed the scores of 
each dimension extracted by PPCA on the DNN outputs and averaged perceptual 
judgements of the held-out clips. Finally, we concatenated and correlated 
the PPCA scores of the held-out DNN outputs and judgements. For each PPCA 
dimension, we iteratively computed two-tailed partial Spearman correlations 

between human judgements and DNN model annotations, controlling for 
the PPCA scores on all previous dimensions. To determine the significance of 
each dimension, we used a bootstrapping method. After computing P values, 
we used a conservative method of correction for FDR that combined multiple 
FDR-correction methods. We assessed the significance of the individual loadings 
of emotion concepts on the extracted dimensions using a bootstrapping 
method and, for each dimension, we applied a ForwardStop FDR-correction 
procedure59 at an alpha of 0.05 to determine the number of significant loadings. 
Each rectangle is composed of five squares that represent the five countries 
(as indicated in the bottom left corner). Squares with dark outlines reflect 
statistically significant correlations between human judgements of the seed vocal 
bursts in that country and DNN model annotations, with warm colours indicating 
positive correlations and cool colours indicating negative correlations. Recall 
that the model was trained to predict judgements in each country (and language) 
separately. Thus, when multiple countries share statistically significant loadings 
on similar concepts, it indicates that the dimension of vocal expression has a 
similar meaning across the countries.
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differences in the meanings attributed to the underlying vocal 
expression rather than in the ability to perceive or produce a given 
set of vocal expression.

Finally, as observed in many previous studies26,31,41, the emotions 
attributed to vocal bursts were not discrete but were heterogeneous 
and varied, reflecting continuous blends of meaning that were readily 
associated with smoothly varying vocal modulations (Fig. 3).

Robustness and potential for additional dimensions
To assess the robustness of our results, we repeated our analysis for 
each individual country. That is, for each country, we performed PPCA 
between human ratings from that country alone and the predictions 
of the DNN. Despite the reduced statistical power when analysing each 
country separately, we still extracted between 20 and 23 significant 
dimensions per country that were qualitatively similar to those we 
extracted in our main analysis (Supplementary Fig. 6).

We also examined how our results would vary had we extracted 
fewer or more dimensions, given that the number of significant 
dimensions identified may depend in part on the sample size (and 
resulting statistical power) of the dataset. Thus, we computed PPCA 
loadings for varying numbers of dimensions, from 1 to 95. We found 
that, as dimensionality increased, shared variance in dimension 
loadings across the five countries gradually reduced from 95.6% of 
variance shared along one dimension to 34.8% along 95 dimensions 
(Supplementary Fig. 7). These results suggest that more granular 
dimensions of vocal expression may be more culturally variable but 
could also reflect that the more granular dimensions are more sensitive 
to sampling error. In either case, the results of this analysis reinforce 
that the 24 significant dimensions we extracted provide a new lower 
bound for the complexity of vocal expression across cultures but even 
more granular dimensions may await further discovery.

Discussion
For decades, scientific approaches to affect and emotion have largely 
overlooked the critical role non-verbal vocalizations play in human 
social life (although see refs. 1,2). Social interactions are structured 
in dynamic and nuanced ways, although, by cries, sighs, chuckles, 
shrieks, grunts, growls, oohs and ahhs. Here, by combining large-scale 
experimental data collection and machine learning, we uncover a 
24-dimensional semantic space of emotions perceived from brief 
vocalizations across cultures. This work reveals the nuanced meanings  
of vocal bursts across five distinct cultures and adds to a growing  
literature establishing that emotional behaviours are high-dimensional, 
departing from traditional emotion models that posit a small number 
of discrete categories or affective dimensions30,41. The 24 dimensions 
of vocal expression that we uncovered by applying machine learning 
to over 280,000 vocal bursts were 79% preserved in meaning across 
the five countries and three languages we studied, with 21 dimensions 
showing a high degree of shared meaning and the remainder showing 
varying degrees of cultural specificity.

This study is not without its limitations. It is worth noting that 
this is not an exhaustive catalogue or taxonomy of distinct emotion 
concepts or acoustically distinct vocalizations around the world but 
the most comprehensive description to date of the distinct meanings 
that vocal expressions can reliably convey in a wide range of countries. 
The 2,756 vocal expressions that participants imitated came from 
multiple datasets encompassing both posed and spontaneous 
expressions across many contexts and cultures (Methods) but do 
not capture all possible non-verbal utterances. Moreover, the 
experimental procedure—requiring participants to intentionally 
mimic vocalizations—could have resulted in vocalizations with subtle 
differences to those made in everyday life. The concepts participants 
relied upon to describe the meaning of the expressions—despite 

Human ratingsDNN annotations

M - horror M - horror

B - anger

C - embarrassment

D - boredom

E - contemplation

F - confusion

G - pride/triumph

H - craving

I - disappointment

J - disgust

K - excitement/triumph

L - fear

N - interest

O - amusement/joy

P - pain

Q - realization

R - relief

S - sadness

T - satisfaction

V - surprise

W - Awe

X - tiredness

A - adoration

X - tiredness

R - relief

D - boredom
H - craving

K - excitement/triumph

B - anger

A - adoration

C - embarrassment

E - contemplation

F - confusion

W - Awe

G - pride/triumph

I - disappointment

J - disgust

L - fear

O - amusement/joy
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V - surprise
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Q - realization

S - sadness

U - desire
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P - pain

Fig. 3 | Interactive visualization of vocal bursts along the 24 acoustic 
dimensions of vocal modulation found to have distinct meanings within or 
across cultures. In an interactive visualization (https://is.gd/iHP0Qf), readers 
can explore all 282,906 vocal burst mimics, organized by the position of the 
corresponding seed vocal burst along the 24 dimensions of vocalization we 
uncovered. We applied t-SNE (Methods) to the concatenated human and DNN 
annotations of the seed vocal bursts to visualize their distribution along the  

24 acoustic dimensions of vocal expression that we found to have distinct  
shared or culture-specific meanings. Here, colours in the plot on the left,  
as well as in the interactive visualization, represent DNN annotations projected 
onto the 24 dimensions. Colours in the plot on the right represent average 
human intensity ratings projected onto the 24 dimensions. Similarity in colour 
between the two plots reflects similarities between DNN predictions and human 
perceptual ratings.

http://www.nature.com/nathumbehav
https://is.gd/iHP0Qf


Nature Human Behaviour | Volume 7 | February 2023 | 240–250 246

Article https://doi.org/10.1038/s41562-022-01489-2

encompassing the widest range of distinct emotions for which there 
is evidence, to our knowledge, across any modality of emotional 
behaviour30 and having previously been found to explain attributions 
of valence, arousal and a wide range of other proposed dimensions of 
appraisal and motivation42—may still omit other nuanced meanings 
about mental states and the social context that vocal expressions can 
potentially convey. And although the three languages included in the 
present study (English, Spanish and Mandarin Chinese) are spoken 
by ~40% of the world population (by ~25% as a first language), there 
are 190 other countries and ~6,500 other languages that we did not 
study, across which there are almost certainly other culture-specific 
vocal expressions. Further work is also needed to examine how vocal 
expression varies as a function of gender, social class and other sources 
of individual identity and variation.

The present study used an experimental approach to control 
for factors other than vocal modulation that may affect how people 
perceive vocal bursts. In particular, we asked 8,941 participants to each 
mimic a random subset of 2,756 wide-ranging vocal bursts and then 
trained a DNN to predict the average meanings inferred from vocal 
bursts solely from their imitations. This strategy required the DNN to 
decouple the vocal modulations underlying each vocal burst from the 
identity or the context of the person forming them. We also modelled 
cultural differences by predicting average meanings in each country 
separately, departing from studies that assume a one-to-one mapping 
of emotion concepts across cultures. Using this deeply inductive 
approach, we discovered how the meanings of vocal bursts converge 
and diverge across cultures.

Our findings relied on emotional mimicry, which a large body 
of work suggests is a pervasive element of human social life that 
structures our interactions from a very early age. Our results confirm 
that the human ability to mimic vocalizations extends to intentional 
mimicry, with most of the mimicked vocal bursts we collected 
being qualitatively similar to the original seed vocal bursts, except 
for differences in participants’ vocal traits and recording quality 
(for examples, see Supplementary Table 3). Thus, we were able to 
produce an experimentally controlled set of vocal bursts suitably 
large for both training machine learning models and performing 
large-scale psychological inference. However, it is important to note 
that participants were instructed to mimic vocal bursts such that they 
would convey similar emotions to the original seed samples, meaning 
that the mimicry process used here differs from spontaneous mimicry 
observed in daily life. For instance, participants could have followed 
the instructions either by imitating the sound or by producing a 
sound that they thought would convey the same emotional meaning. 
Further research is needed to understand the processes underlying 
spontaneous and intentional emotional mimicry (but see refs. 43,44).

Notably, our methods and findings are not necessarily 
specific to the emotion domain and converge with other research 
showing that non-linguistic vocalizations can convey a wide range 
of informational content (that is, information related to objects or 
threats in the environment, as well as speakers’ intentions and cognitive 
states) and that, even when participants are asked to produce new 
vocalizations, the inferred meanings of the sounds are often shared 
across different cultures and languages45. This lends support to the 
idea that vocalizations can represent a broad range of meanings in 
the absence of language and that vocalizations such as vocal bursts 
may serve as an important medium for cross-cultural communication 
between people who lack a common language.

Our findings are consistent with semantic space theory (SST), 
which conceives of emotions as dimensions of a continuous, 
high-dimensional state space that explains the systematic variation 
in emotional behaviour and physiology30. Consistent with SST, vocal 
bursts were found to be (1) high-dimensional, with cross-cultural 
similarities that could not be reduced to a few dimensions (Fig. 2) 
and (2) continuous, with smooth gradients corresponding to smooth 

variations in meaning (Fig. 3). The 24 dimensions of vocal expression 
that we uncover were, across four or more cultures, associated 
with admiration/aesthetic appreciation/awe, adoration/love/
sympathy, anger/distress, awkwardness/embarrassment, boredom, 
concentration/contemplation/calmness, confusion/doubt, craving/
interest/satisfaction, disappointment, disgust, excitement/triumph, 
fear/horror, horror only, interest, joy/amusement, pain, pride/triumph, 
realization, relief, sadness, satisfaction, sexual desire, surprise (positive 
or negative) and tiredness. These dimensions of meaning largely 
explain the dimensions of vocal expression found to be recognized 
as distinct in smaller-scale studies1,4,13,16,17,26,46. They also largely 
overlap with those found to be distinguished in facial expression, 
encompassing the distinct facial expressions that have been found to 
occur in similar contexts worldwide47 and to be depicted in consistent 
contexts in ancient American sculptures28, providing further evidence 
that a wide range of emotions may have associated expressions with 
shared emotional meanings across cultures. Furthermore, they largely 
encompass the dimensions of evoked emotional experience found 
to correspond to distinctive modes of neural activity in multimodal, 
associative brain areas48. Together, these findings support what is 
emerging as a core tenet of SST: that one’s position along continuous 
dimensions of emotional experience helps tune the nervous system 
and, via expressive behaviour, those of social observers to respond 
efficiently and collectively to ongoing challenges and opportunities 
in the environment30.

Methods
All participants provided informed consent and all aspects of the study 
design and procedure were approved by Heartland IRB (HIRB project 
no. 031221–315).

Procedure
Participants from China (n = 380; 213 female; mean age = 23.42 yr), 
India (n = 377; 78 female; mean age = 26.67 yr), South Africa (n = 1,155; 
712 female; mean age = 26.81 yr), the USA (n = 1,492; 762 female; mean 
age = 37.03 yr) and Venezuela (n = 203; 65 female; mean age = 29.97 yr) 
were recruited for the mimicry phase of the experiment via psychology 
recruitment email lists compiled by the authors and via a range of 
crowdsourcing platforms (Amazon Mechanical Turk, Clickworker, 
Prolific, Microworkers and RapidWorker). These five countries were 
selected because they are widely diverse in terms of culture-related 
values—for example individualism versus collectivism, power distance, 
autonomy—of interest in cross-cultural comparisons49.

In each trial, participants heard a seed vocal burst and were 
instructed to use their computer microphone to record themselves 
mimicking the vocal burst such that their imitation would be perceived 
to convey similar emotions to the original recording. The rating and 
recording interfaces were presented on the same survey page for 
convenience, so participants could choose to rate each vocal burst 
before or after imitating it. Participants completed 30 trials per survey 
and could complete multiple versions of the survey, up to ten depending 
on the country. See Supplementary Table 1 and Supplementary Fig. 1 
for further information on the breakdown of survey responses by 
demographics and country. Data collection was completed between 
April 2021 and December 2021. To collect a large-scale dataset, we 
released up to 300 versions of the survey for completion per country 
per day. The number of speakers and samples per country is a function 
of the number of participants who opted to participate and the number 
of surveys they completed over time.

The seed vocal bursts consisted of wide-ranging vocal bursts 
produced in laboratory settings in five countries (n = 2,032) (see ref. 17, 
vocal bursts produced in ecological settings gathered in online video 
(n = 48)17 and newly assembled vocal bursts extracted at large from 
assorted Chinese (n = 86) and Japanese (n = 540) media by authors 
A.C. and X.F.
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We excluded any recordings below 5 kilobytes (KB) (1.7% of 
recordings) or above 250 KB (0.0018%) in file size, which consistently 
indicated recording errors (empty or silent recordings, or incorrect 
start or end times). All other recordings gathered during the mimicry 
phase of the experiment were used as stimuli in the rating-only phase of 
the experiment. Participants in the rating-only phase of the experiment 
(China (n = 277; 159 female; mean age = 23.07 yr), India (n = 438; 194 
female; mean age = 28.07 yr), South Africa (n = 1,401; 893 female; mean 
age = 26.92 yr), the USA (n = 2,475; 1,337 female; mean age = 37.14 yr) 
and Venezuela (n = 189; 70 female; mean age = 29.45 yr)) were given the 
option of responding that no vocal burst was present in the clip. Note 
that for the purposes of the present study, we intentionally exercised 
minimal quality control measures, given that (1) the data were generally 
found to be of high quality and (2) exclusion of data can bias results50,51.

The 48 emotions used to rate each vocal burst were derived 
from a comprehensive examination of the meanings vocal bursts 
have been previously posited to convey13,15–17,46,52 and the words that 
people regularly use to describe emotion-related experiences and 
expressions23,29–31. In both phases, participants listened to each vocal 
burst and were asked, “What emotions is this person feeling? Select 
all that apply”. For each emotion selected, participants were then 
instructed to “rate the intensity of the emotion on a 1–100 scale”.

PPCA
PPCA is a dimensionality reduction and statistical modelling technique 
that decomposes two high-dimensional datasets measuring the same 
attributes and finds linear combinations of attributes that statistically 
maximize the covariance explained across datasets26,27,29,40. In 
particular, like more established methods such as partial least-squares 
correlation analysis (PLSC) and canonical correlation analysis (CCA), 
PPCA examines the cross-covariance between datasets rather than the 
variance–covariance matrix within a single dataset. However, whereas 
PLSC and CCA derive two sets of latent variables, α and β, maximizing 
cov(Xαi,Yβi) or corr(Xαi,Yβi), PPCA derives only one variable: α. For an 
extended validation of the method including a mathematical proof, 
please refer to ref. 26.

Generalized PPCA
PPCA was initially conceived to maximize the covariance explained 
across two datasets. To apply this technique to five different datasets 
measuring the same 48 attributes, we developed G-PPCA which extracts 
linear combinations of attributes that maximally covary across three or 
more datasets (in this case, emotion judgements from five countries). 
In particular, G-PPCA maximizes the objective function sum(cov(αX,αY) 
for X,Y in S) where S is the set of all possible pairwise combinations  
of datasets.

We iteratively applied G-PPCA in a leave-one-stimulus-out manner 
to extract components from the judgements of all but one stimulus and 
then projected each country’s ratings of the left-out stimulus onto the 
extracted components, resulting in cross-validated component scores 
for each country and stimulus.

G-PPCA significance testing
To determine the statistical significance of each component, we 
sought to ensure that the extracted dimensions not only reflect shared 
structure preserved across all five countries but also reflect significantly 
preserved dimensions across pairs of countries in the analysis. First, 
we calculated the one-sided partial Spearman correlation between 
corresponding component scores for each country pair, iteratively 
partialling out each previous component and calculating statistical 
significance separately for each dimension. One-sided tests were used 
since we were specifically interested in dimensions that were preserved 
across countries. Within country pairs, P values for the 48 dimensions 
were FDR-corrected using the Benjamini–Hochberg procedure. 
Group-level statistical significance of the generalized dimensions was 

determined by representing each dimension as a graph with countries 
as nodes and binary statistical significance (P < 0.05, FDR-corrected) 
as edges. We then retained dimensions whose statistical significance 
graph was not bipartite (that is, could not be partitioned—in this case 
meaning that for any given dimension the component scores for 
any given country were significantly positively correlated with the 
corresponding component scores for at least two other countries).

Factor rotation
To interpret and visualize the preserved components, we applied 
varimax factor rotation. Varimax is a factor rotation method that 
minimizes the number of factors needed to explain a variable, 
simplifying the structure of the factor matrix and making dimensions 
more interpretable. We used an implementation of varimax available 
in Python’s statsmodels package (https://www.statsmodels.org/
stable/generated/statsmodels.multivariate.factor_rotation.rotate_
factors.html).

t-SNE
We also sought to establish and visualize how the dimensions 
of vocal emotion perception are distributed. As in previous work, 
we approached this by visualizing the data using t-distributed 
stochastic neighbour embedding (t-SNE; ref. 53). This method projects 
high-dimensional data onto two nonlinear axes, such that the local 
distances between data points are accurately preserved while more 
distinct data points are separated by longer, more approximate, 
distances.

Deep neural network architecture
For our purposes, we use an end-to-end learning model54, which 
takes the raw waveform as input and outputs predictions of the 48 × 5 
country-wise average emotional expression ratings. The model 
architecture is comprised of three parts: (1) a CNN that extracts audio 
features from a single audio frame, (2) a recurrent neural network (RNN) 
that captures the temporal dynamics of the input signal (across the 
audio frames) and (3) a regressor that outputs the final predictions. 
The CNN consists of three layers of convolution and max-pooling 
operations, the RNN is a two-layer LSTM cell with 256 hidden units and 
the regressor is a linear layer of 240 dimensions. To prevent the model 
from overfitting, we use batch normalization after each convolution 
layer. Table 1 outlines the parameters of the audio architecture.

Model training
To train our model, we labelled each mimic vocal burst with the 
average of all self-report judgements of the seed vocal burst being 
imitated and all perceptual judgements of all the other imitations of 
that seed vocal burst, in each country. This required the model to learn 
the meaning of vocal modulations that were shared between the mimic 
vocal bursts and their respective seed vocal burst. Correspondingly, it 
put a cost on the model predictions being influenced by the speaking 
voice of the participant forming the imitation, since on average >99% 
of the judgements contributing to the average judgement were 
judgements by other people of other people’s voices. Furthermore, 
averaging the self-report and perceptual ratings corresponding to 
each mimic vocal burst encouraged the model to learn aspects of 
vocal modulation that reflect both the intended meaning of a vocal 
burst and its perceived meaning.

We trained the model to predict judgements in each country 
separately from each mimic vocal burst, including judgements 
originating in countries different from that of the mimic vocal burst. 
Thus, in total, the model learned to predict 240 outputs: 48 outputs per 
country from the USA, Venezuela, China, India and South Africa. This 
training strategy took advantage of the similarity and high fidelity of 
imitations across all countries (interactive visualization: https://is.gd/
iHP0Qf) to learn the culture-specific meanings of vocal modulations. 
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(Differences in how vocal bursts were imitated in different countries 
seemed to be rare but even where such differences occurred, it is likely 
that the model would learn the culture-specific meanings associated 
with the vocal modulations that differed across countries through a 
form of weak supervision55.)

During model training, we used the Adam optimization algorithm56 
with an initial learning rate of 10−4 and batch size of 32 samples. The 
model was trained from scratch, meaning that the weights were 
randomly initialized using the Kaiming uniform method57, with the 
biases in all layers set to zero. We tuned the hyper-parameters of the 
model by performing a random search, following ref. 56. The model 
was trained with an early stopping strategy to avoid overfitting the 
training samples. Across all hyper-parameter configurations tested, the 
best-performing model on the validation set (with respect to our metric 
function, the concordance correlation coefficient (CCC), described 
below) was selected for further analysis.

The input audio signal was resampled to 16 kHz and segmented 
into frames of 0.1 s before feeding to the network. We partitioned 
the dataset into training (80%) and validation (20%) sets in a 
subject-independent manner, meaning each subject was uniquely 
assigned to one of the sets. To test the efficacy of our approach, we 
used the seed vocal burst samples as our test set.

As our objective function in the optimization process we used the 
mean squared error, which mathematically, given two variables x and 
y and N data points, is defined as follows:

LMSE =
1
N

N
∑
i=1
(xi − yi)2

For our purposes we trained our networks to predict 240 outputs 
and as such we define the overall loss function as:

L = 1
240

240
∑
i=1

LiMSE

As our metric function we used the CCC which is used to select 
the model that has the highest performance on the validation set. 
Mathematically, given two variables x and y, CCC is defined as follows:

ρc =
2σ2xy

σ2x + σ2y + (μx − μy)2

where σ2x = var(x),σ2y = var(y), σ2xy = cov(x, y), μx = E(x) and μy = E(y). The 
overall score, across each of the 240 predictions, is given by:

S = 1
240

240
∑
i=1

ρi
c

Extracting significant DNN output dimensions
To identify dimensions of vocal expression captured by the DNN that 
were reliably associated with distinct meanings in one or more cultures, 
we applied PPCA between the 240 outputs of the DNN applied to the 
seed recordings and the 240 averaged perceptual judgements of the 
seed vocal bursts (ratings of 48 emotion concepts averaged within each 
of five countries). This analysis captures the acoustic dimensions of 
country-specific perceptual judgements of naturalistic vocal bursts. 
The seed vocal bursts were well-suited for this analysis because 
each was judged an average of 20.5 times per country (102.7 times 
in total), providing sufficient data for statistical testing using robust 
non-parametric approaches.

To assess the significance of the dimensions extracted using PPCA, 
we used a leave-one-out cross-validation method. Specifically, we 
iteratively performed PPCA between the DNN outputs and the averaged 
perceptual judgements of all but one of the seed vocal bursts and 

computed the scores of each dimension extracted by PPCA on the DNN 
outputs and averaged perceptual judgements of the held-out clips. 
Finally, we concatenated and correlated the PPCA scores of the held-out 
DNN outputs and judgements. To control for nonlinear monotonic 
dependencies between extracted dimensions, we used partial 
Spearman correlations, where for each PPCA dimension we controlled 
for the PPCA scores on all previous dimensions. To determine the 
significance of each dimension, we used a bootstrapping method, 
iteratively repeating the correlation procedure while randomly 
resampling the seed vocal bursts (1,000 iterations with replacement). 
P values were taken as one minus the proportion of times that the 
correlation exceeded zero across resampling iterations.

After computing P values, we used a conservative method of 
correction for FDR that combined multiple FDR-correction methods. 
Specifically, we used Benjamini–Hochberg FDR correction58 
across the first 48 PPCA dimensions (as we were interested in 
variations of 48 potentially distinct emotion concepts and their 
translations across countries) at an α of 0.05. We also separately 
performed a ForwardStop sequential FDR-correction procedure59. 
Finally, we determined the signal-to-noise ratio of the correlations 
corresponding to each PCA dimension (the correlation divided by 
the standard deviation computed using bootstrapping (see above)) 
and applied a threshold of 3 to the signal-to-noise ratio to extract 
more stable dimensions. We only kept dimensions that met all 
three of these criteria. We applied factor rotation using the varimax 
criterion60 to these dimensions.

To assess the significance of the individual loadings of emotion 
concepts on the extracted dimensions, we used a bootstrapping 
method. Specifically, we performed the entire PPCA analysis repeatedly 
after resampling the seed vocal bursts with replacement, extracting 
the significant dimensions and performing factor analysis each 
time. For each dimension, we then tested the significance of the top 
n loadings, with n varying from 1 to 240, by determining how often, 
across resampling the iterations, there existed a dimension with all 
of these top n loadings pointing in the same direction. This estimates 
the proportion of times a dimension with these coloadings would 
be extracted if we repeated the entire study. We took one minus this 
proportion as the P value. As n varies from 1 to 240, the P value can only 
increase because more loadings are included in the test (and therefore 
the probability of all loadings pointing in the same direction decreases 
monotonically). For each dimension, we applied a ForwardStop 
FDR-correction procedure59 at an α of 0.05 to determine the number 
of significant loadings.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The data associated with this manuscript are available upon reasonable 
request to the corresponding authors.

Code availability
Code associated with this study, including the functions to perform 
PPCA, is available in the following Zenodo repository: https://doi.
org/10.5281/zenodo.7111972.
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
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Data collection Data collected was conducted using web-based tasks implemented using custom and proprietary code.

Data analysis Data analysis was conducted using custom code written in Python 3.9 and MATLAB 2021a. Key analysis functions and scripts are available in 
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Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description A large-scale quantitative mimicry-based experimental investigation into emotional vocalizations

Research sample Participants in the mimicry phase of the experiment were 4,031 individuals from China (n = 380; 213 female; mean age = 23.42), 
India (n = 377; 78 female; mean age = 26.67), South Africa (n = 1,155; 712 female; mean age = 26.81), the United States (n = 1,492; 
762 female; mean age = 37.03), and Venezuela (n = 203; 65 female; mean age = 29.97).  
 
Participants in the rating-only phase of the experiment were 4,780 individuals from China (n = 277; 159 female; mean age = 23.07), 
India (n = 438; 194 female; mean age = 28.07), South Africa (n = 1,401; 893 female; mean age = 26.92), the United States (n = 2,475; 
1,337 female; mean age = 37.14), and Venezuela (n = 189; 70 female; mean age = 29.45). 
 
These five countries were selected to be highly representative and widely diverse in terms of culture-related values – e.g. 
individualism vs. collectivism, power distance, autonomy – of interest in cross-cultural comparisons.

Sampling strategy Participants were randomly sampled from crowdsourcing platforms (see Recruitment, below). To collect a large-scale dataset, we 
released up to 300 versions of the survey for completion per country per day. The number of speakers and samples per country is a 
function of the number of participants who opted to participate and the number of surveys they completed over time. 

Data collection All data was collected using remote web-based computer tasks which participants were instructed to complete without anyone else 
in the room. In the mimicry phase of the experiment, stimulus ratings as well as participant-recorded vocalizations (which 
participants were instructed to record using their computer's microphone) were collected. In the rating-only phase of the 
experiment, stimulus ratings were collected. 

Timing Data was collected between April, 2021 and December, 2021.

Data exclusions We excluded any recordings below 5 KB (1.7% of recordings) or above 250 KB (0.0018%) in file size, which consistently indicated 
recording errors (empty or silent recordings, or incorrect start or end times). 

Non-participation No participants who provided informed consent subsequently dropped out or declined participation.

Randomization No experimental groups were created. Participants in the mimicry phase of the experiment completed 30 trials per survey (each 
reflecting a random sample from over 2,500 vocal bursts) and could complete multiple versions of the survey. Participants in the 
ratings-only phase of the experiment could complete as many ratings (randomized stimuli from the mimicry phase of the 
experiment) and completed an average of 77.1 trials.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Human research participants

Clinical data

Dual use research of concern

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging
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Human research participants
Policy information about studies involving human research participants

Population characteristics See above

Recruitment Participants in both phases of the experiment were recruited via psychology recruitment email lists compiled by the authors 
and via a range of crowdsourcing platforms (Amazon Mechanical Turk, Clickworker, Prolific, Microworkers, and 
RapidWorker). The number of speakers and samples per country is a function of the number of participants who opted to 
participate and the number of surveys they completed over time. While all participants are self-selected due to interest and 
motivation to participate in research studies, this is unlikely to introduce bias into the results due to the scale and diversity of 
the sample. Further, studies have shown that online workers provide high-quality data that yield replicable findings (Piolacci 
& Chandler, 2014; Current Directions in Psychological Science).

Ethics oversight The study protocol was approved by Heartland commercial IRB (HIRB Project No. 031221-315).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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