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Understanding the degree to which human facial expressions co-vary with specific
social contexts across cultures is central to the theory that emotions enable adaptive
responses to important challenges and opportunities1–6. Concrete evidence linking
social context to specific facial expressions is sparse and is largely based on
survey-based approaches, which are often constrained by language and small sample
sizes7–13. Here, by applying machine-learning methods to real-world, dynamic
behaviour, we ascertain whether naturalistic social contexts (for example, weddings
or sporting competitions) are associated with specific facial expressions14 across
different cultures. In two experiments using deep neural networks, we examined the
extent to which 16 types of facial expression occurred systematically in thousands of
contexts in 6 million videos from 144 countries. We found that each kind of facial
expression had distinct associations with a set of contexts that were 70% preserved
across 12 world regions. Consistent with these associations, regions varied in how
frequently different facial expressions were produced as a function of which contexts
were most salient. Our results reveal fine-grained patterns in human facial expressions
that are preserved across the modern world.

Emotions arise from appraisals of the challenges and opportunities
that we encounter and are associated with patterns of subjective experience, physiology and expression, which are thought to enable adaptive responses to specific social contexts1–4. Emotions are theorized to
shape relationships from the first moments of life5, guide judgment,
decision-making and memory6,15, and contribute to our health16 and
well-being17.
Central to these wide-ranging theories is the idea that emotions
arise in specific contexts and manifest in patterns of behaviour that
are preserved across cultures. Efforts to document universality in
emotion-related behaviours have centred on the recognition of emotional expressions. In these studies, small samples of participants
typically label photographs of posed expressions with 5–6 words7–10.
Because these methods are sensitive to the language11,12,18,19, norms12 and
values18,20 of the participants, inconsistent findings9,10,13 have supported
diverging viewpoints regarding the universality of emotion3,9,10,21.
A more direct approach to universality is to document whether
expressive behaviours—in the present study, patterns of facial movement—occur in similar contexts across cultures22,23. Evidence of this kind
is surprisingly lacking. It is difficult to capture expressive behaviour in
naturalistic contexts that trigger strong emotions. The coding of expressive behaviour—especially facial cues—is time-consuming24. Moreover, as expressions and contexts are complex, estimating associations
between them requires extensive data25. As a result, claims that people
form specific expressions in similar contexts across cultures—which
are central to affective science—have been sparsely investigated22,26.
The aim of this study is to examine a multitude of context–
expression associations across a comprehensive array of cultures. To do

so, we used deep neural networks (DNNs) to classify facial expressions
and contexts in 6 million naturalistic videos from 144 countries. DNNs
apply multiple layers of transformation to inputs (in this case, videos)
to predict outputs (for example, perceived facial expression). Recent
empirical work guided by computational approaches has documented
a wide range of expressions that people associate with distinct emotions, including amusement, awe, contentment, interest, pain and
triumph14,27–30. Studying these richly varying facial movements allowed
us to examine fine-grained associations between context and expression, moving beyond the prevalent focus on 5–6 posed expressions9,10.
Across two experiments, we uncover theoretically coherent and
robust associations between facial expression and social context that
are preserved in 12 world regions2,31. Specific contexts including fireworks, weddings and sporting competitions are reliably and differentially associated with 16 patterns of dynamic facial expression, such
as those often labelled awe, contentment and triumph14 by English
speakers, in a similar manner across world regions. In total, 70% of the
variance in the context–expression association was found to be preserved in all 12 world regions that we examined. In revealing universals
in expressive behaviour throughout the modern world, our findings
directly inform the origins, functions and universality of emotion.

Facial expression and context annotation
To measure facial expressions, we used a DNN that processes videos
and annotates 16 patterns of facial movement that, in isolation, tend
to be associated with distinct English-language emotion categories14,32
(Fig. 1a and Extended Data Fig. 1). These 16 categories are not exhaustive
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of those used to label facial expressions in English, let alone other
languages11,12,14,18. Some cultures lack perfect translations for these
terms11,12,19 (but do not necessarily lack the facial expressions to which
they are applied12,33). They are, however, preserved in emotion recognition across several cultures27,30,32 and account for appraisals such as
valence, arousal and avoidance14,30. The DNN was trained on human
annotations and relies only on pixels from the face34 (see Methods,
‘Facial expression annotation’). As a result, it cannot account for contextual cues and cultural norms that shape judgments of expressive
behaviour7,12,35 nor directly support inferences about the underlying
subjective experiences (which are not well understood)9,10. Instead,
the emotion categories used to refer to the outputs of the DNN should
be considered a shorthand for patterns of facial movement that are
often labelled with these categories (Fig. 1). The outputs of the DNN
are largely invariant to facial demographics, viewpoint and lighting
(Extended Data Figs. 1, 2). To protect privacy, annotations were not
linked to the identity of any individual within the publicly available
videos that we analysed—no facial identification software was used.
Instead, annotations were averaged over each video and analysed across
thousands of videos at a time.
To annotate contexts in videos, we used separate algorithms in two
experiments. In experiment 1, we integrated DNNs that process video
content (pixel values) and metadata (titles or descriptions) to classify
3 million videos in terms of 653 contexts, including many with theoretical relevance to emotion (for example, wedding, practical joke or
protest). In experiment 2, to rule out confounding visual features, a
DNN that relied exclusively on user-generated titles and descriptions
was used to classify another 3 million videos in terms of 1,953 contexts
(see Methods, ‘Context annotation’ for details; and Supplementary
Figs. 1, 2 for all contexts).
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L (interest)

G (contentment)

A (amusement)

N (sadness)
M (pain)
K (elation)
D (concentration)

I (disappointment)

P (triumph)

F (contempt)

J (doubt)

C (awe)

E (confusion)

B (anger)

O (surprise)
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Regional context–expression associations
To aggregate videos for comparison across cultural groups, we divided
the 144 countries from which they originated into 12 world regions
(Fig. 1b), integrating countries with ethnolinguistic overlap36–38 into
regions with ample videos to estimate context–expression correlations (comprising more than 60,000 videos) (Extended Data Table 2).
We investigated whether different patterns of facial movement
occur systematically in different contexts. To characterize associations between facial expressions and numerous contexts, we computed
partial correlations between each context annotation and the 16 facial
expression annotations across videos from each region. This analysis
provided easily interpretable metrics of context–expression associations that can be compared across regions.
In experiment 1, we computed partial correlations between each of
the 653 video-based context annotations and the 16 patterns of facial
expression in each world region. Many contexts had associations with
specific facial expressions that were well-preserved across regions
(Fig. 2a). In every region, expressions associated with amusement
occurred more often in videos with practical jokes; awe with fireworks;
concentration with martial arts; contentment with weddings; doubt
with police; pain with weight training; and triumph with sports. These
findings are in keeping with theories proposing that facial expressions
occur in psychologically relevant contexts2,4,10,22,31. Some associations
were less intuitive, illustrating that facial expressions can have multiple
meanings39—for example, expressions of disappointment were associated with music, which probably reflect the sentimental expressions
of the performers40.
In experiment 2, we computed partial correlations between the 1,953
text-based context annotations and the facial expression annotations.
Once again, many contexts had associations with specific expressions
that were well-preserved across regions (Fig. 2b), even though context
annotations based only on titles and descriptions were less accurate
(60.7% of annotated contexts were found to be present in the videos,
252 | Nature | Vol 589 | 14 January 2021

Fig. 1 | Measuring facial expression around the world. a, Facial expression
annotations according to the expression DNN. Each of the 16 patterns of facial
movement annotated by the expression DNN tends to be associated with a
distinct perceived mental state or emotion. These associations also account for
broader appraisals attributed to expressions, including valence and arousal14
(Extended Data Fig. 1d). Here, we present the outputs of the expression DNN
applied to 1,456 isolated facial expressions from a previously published study14.
These outputs have been mapped onto two dimensions using t-distributed
stochastic neighbour embedding49, a visualization method that projects similarly
annotated data points—here, facial expressions with similar annotations—into
similar locations. Each face is assigned a letter that represents its maximal
expression DNN score and a colour that represents a weighted average of its two
maximal scores, to visualize smooth gradients between expressions. An example
of the kind of face that scores highly for each pattern of facial expression is shown
(artistically rendered). These examples help to illustrate what is captured by each
output of the expression DNN. To delve deeper into what the outputs of the
expression DNN represent, explore the annotations of all 1,456 face images in the
interactive online map: https://is.gd/PX3u8A. b, Division of uploads into 12 world
regions. Darker pixels represent 0.25° longitude by 0.25° latitude (<27.9 by 27.9
km) regions in which the videos analysed in experiment 1 were uploaded.
Experiment 2 used the same regions but approximate upload coordinates were
not available. Some of the artistically rendered faces in a are based on
photographs originally posted on Flickr by V. Agrawal (https://www.flickr.com/
photos/13810514@N07/8790163106), S. Kargaltsev (https://commons.wikimedia.
org/wiki/File:Mitt_Jons.jpg), J. Hitchcock (https://www.flickr.com/photos/
91281489@N00/90434347/) and J. Smed (https://commons.wikimedia.org/wiki/
File:Tobin_Heath_celebration_(42048910344).jpg).

rather than just in the titles and/or descriptions, compared with 91.6%
in experiment 1) (Extended Data Table 1). The associations were often
similar to those captured in experiment 1, despite potential biases in
text-based context annotations (for example, videos titled ‘marry me
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Fig. 2 | Contextual correlates of facial expression in 12 world regions.
a, Contexts inferred from all video content (experiment 1). Partial correlations
computed in experiment 1 between each pattern of facial expression and
selected contexts in 12 different world regions. Each rectangle is composed of
12 squares that represent the 12 regions (as indicated in the bottom left). Partial
correlations were computed across all videos in each region and controlled for
every other pattern of facial expression. Here, correlations are normalized
(z-scored) within each context (row). For about half (49.6%) of the contexts,
including many shown here, we uncovered correlations with specific
expressions that were positive in all 12 regions, as represented by the red
rectangles (for example, school and ‘concentration’, candy and ‘desire’). Bars at
the top of the figure represent mean correlations for each expression across all
regions and across the selected contexts (light grey) or all contexts (dark grey).
Bars on the right represent mean correlations across all 16 patterns of facial
expression and 12 world regions within each context. Contexts for experiment

1 were provided by video topic annotations. See Supplementary Fig. 1 for
correlations with every context. b, Contexts inferred from only the video title
and description (experiment 2). Contexts were inferred from the text rather
than visual content. These results therefore rule out confounding factors
based on any direct influence of facial expression on context annotation. For
about a third (33.5%) of contexts, we uncovered correlations with specific
expressions that were positive in all 12 regions (for example, humour and
‘amusement’, parody and ‘surprise’). See Supplementary Fig. 2 for correlations
with every context. Anonymized (differentially private 50) versions of all
context–expression correlations are available in the GitHub repository
((https://github.com/google/context-expression-nature-study). CNE, central–
northern Europe; EE, eastern Europe; HA, Hispanic America; Ind sub, Indian
subcontinent; ME, Middle East; ML SEA, mainland Southeast Asia; MT SEA,
maritime Southeast Asia; USA/Can, USA/Canada; WE, western Europe.

Obama’ could be misclassified as wedding videos). For instance, in every
region, expressions associated with amusement occurred more often
in videos with humour; awe with toys; concentration with martial arts;
contentment with weddings; pain with bodybuilding; and triumph with
sports. These findings, again in keeping with theories proposing that
expressions occur in psychologically relevant contexts2,4,10,22,31, confirm
that the results of experiment 1 cannot be explained by artefactual
correlations in expression and context annotation.

two regions (0.703) approximates their correlation with universal associations from which they separately diverge41. This yields a correlation
of 0.84, which indicates that all regions share 70% (s.e., 0.8%) of their
variance with universal context–expression associations found across
the 144 countries represented in this study.
As another approach to estimating universality in context–expression associations, we computed the shared variance between context–expression correlations in each region and the average from the
remaining regions (Fig. 3b). A minimum of 70.1% (s.e., 0.6%) of the
variance was shared between an individual region (the Indian subcontinent) and the world average, closely corroborating our findings based
on pairwise correlations. On average, 82.5% was shared.
The variance that each region shared with the region with which it was
most similar was only slightly higher, on average, than the variance each
region shared with the world average (84.8% compared with 82.5%),
generally reflecting geographical proximity (Fig. 3b). For example,
Africa was most similar in its context–expression associations to the
Middle East (r2 = 79.8%, s.e., 1.6%) and the Middle East to the Indian
subcontinent (85.0%; s.e., 0.4%). However, Africa and the Indian subcontinent were less similar to each other (67.3%; s.e., 2.1%) than to the
world average (82.1% and 70.1%; s.e., 1.3% and 0.8%, respectively). These
results suggest that cultural geography and broader universals both
influence facial expression.
In experiment 2, correlations between world regions were uniformly
positive (Fig. 3a), replicating our findings from experiment 1. However, with an average of 0.596, they were lower in magnitude than in
experiment 1 (by about 40%), a difference that could be attributed
to the reliance on language-based descriptions to predict contexts.
These results suggest that differences in language and norms11,12,18

Cross-regional expression correlations
We next investigated how well associations between context and facial
expression are preserved across cultures. The results so far seem to
point to robust cultural universals, indicated by the red rectangles in
Fig. 2, which represent consistent associations across all 12 regions
(for example, martial arts and concentration, police and doubt, team
sports and triumph). To characterize these possible universals, we
computed second-order correlations between different world regions
in context–expression associations. These correlations measure the
degree of similarity in associations—of martial arts with concentration,
for example—between two regions. In computing between-region correlations, we accounted for the sparsity of some contexts by weighting each context based on its frequency in each region (see Methods,
‘Context–expression correlations’).
In experiment 1, correlations between world regions in context–
expression association (Fig. 3a) ranged from 0.703 (s.e., 0.008) between
the Indian subcontinent and East Asia to 0.971 (s.e., 0.005) between
USA and Canada (hereafter USA/Canada) and western Europe, with a
mean of 0.838. The square root of the minimum correlation between
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Fig. 3 | Preserved context–expression associations across world regions.
a, Pairwise correlations between regions. Context–expression associations
were well-preserved in experiment 1, with pairwise correlations of at least
0.703 (s.e., 0.008), suggesting that at least 70% of the variance in every region
is shared with a universal set of associations (see ‘Cross-regional expression
correlations’), and with a mean of 0.838. Context–expression associations
were moderately well-preserved in experiment 2 (r ≥ 0.159 (s.e., 0.009) for the
Indian subcontinent, an outlier; r ≥ 0.490 (s.e., 0.014) for other regions; mean,
0.596). These results suggest that context–expression associations are largely
universal, at least in videos uploaded online, and differences in language (and
context salience)11,12,18,51 reduce estimates of universality. b, Shared variance in
context–expression associations between each region and the rest of the
world. As another approach to gauging universality, we computed the shared
variance (r2) between context–expression correlations in each region
(experiment 1) and the average of the remaining regions. A minimum of 70.1%

(s.e., 0.6%) of the variance was shared, corroborating our findings based on
pairwise correlations. For comparison, r2 is also shown between each region
and the region with which it shares the most variance. c, CCA reveals 16 globally
preserved dimensions of context–expression association. In each experiment,
CCA was applied in a leave-one-region-out manner across 275,000 videos from
the 11 held-out regions (25,000 per region) or for the 333,226 videos from the
USA/Canada. The expression and context annotations from the remaining
regions were projected onto the extracted canonical variates, and out-of-sample
correlations were computed. Correlations were positive for all 16 variates in all
regions in both experiments, whether the CCA was trained on geographically
balanced videos or on USA/Canada videos alone. Therefore, 16 dimensions
were required to account for how expressions occurred in similar contexts
across the world (P < 0.001, one-sided sign-rank test across regions; falsediscovery rate-adjusted q < 0.001, Benjamini–Hochberg-corrected).

reduce estimates of cultural universality, and may explain why studies
that rely on survey-based measures to capture the meaning of expressions sometimes observe greater variability9,11,12,18.

features—here, context and expression—that are maximally correlated with each other (ordered by descending correlation). We applied
CCA in two ways: (1) in a leave-one-region-out manner, finding the
most-correlated patterns in context and expression within eleven
regions and seeing if those patterns held in the twelfth region; and (2)
by extracting correlated patterns in the USA/Canada and seeing if they
held in every other region. In each case, all 16 canonical correlations
were preserved in all 12 regions (Fig. 3c) (P < 0.001, one-sided sign-rank
test across regions; false-discovery rate-adjusted q < 0.001, Benjamini–
Hochberg-corrected; see Extended Data Fig. 3 for canonical variate
loadings). Given that all canonical correlations can be significant only
if each facial expression has unique associations, these results confirm
that all 16 expressions have distinct meanings that are preserved across
the modern world.

Globally preserved facial expressions
The results so far suggest that even nuanced facial expressions have
unique contextual associations. In particular, note how the red rectangles in Fig. 2 that represent positive context–expression correlations in all 12 regions are often specific to subtle expressions (for
example, toys with awe or school with concentration). To assess how
many distinct dimensions of context–expression association were
preserved across the 12 world regions, we applied canonical correlations analysis (CCA)42. CCA finds independent patterns in two sets of
254 | Nature | Vol 589 | 14 January 2021
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Fig. 4 | Canonical correlations between context and expression are
observed at a geographical scale, accounting for differences in the rates at
which facial expressions occur in videos from different regions of the
world. CCA was applied to expression and context annotations across
300,000 videos balanced across the 12 regions (25,000 videos from each
region). Canonical variate scores for each video were then averaged within 0.5°
by 0.5° geographical bins (≤55.6 × 55.6 km accounting for approximately 2% of
the variance in expression annotations). These averaged scores have been
projected as colours onto a flattened globe. Red, first canonical variate; green
channel, second canonical variate; blue, third canonical variate. Emotion terms
and contextual features adjacent to each map are coloured according to their
loadings on the three canonical variates, with positive scores or loadings

Geographical expression–context covariance
We next investigated how facial expression varies across cultures. So
far we have identified universal correlations between expression and
context. However, because correlations are insensitive to the average rates of each facial expression, it remains possible that there are
cultural differences in how frequently different expressions occur12,43.
A complexity in addressing this possibility is that even if the rates of
expressions in online videos differ across world regions, this could be
explained by variations in the rates of different contexts.
To address these questions with precision, it is important to trace
videos to more fine-grained geographical origins. In experiment 1, the
approximate longitude and latitude of upload were available for each
video (within several kilometres). To visualize whether geographical variations in average expression were explained by variations in
the frequency of different contexts, we applied CCA between the 16
facial expression annotations and 653 contexts across a geographically balanced set of 300,000 videos (25,000 randomly selected per
region), then averaged the expression and context scores of videos
within 0.5°× 0.5° bins (≤55.6 × 55.6 km).
This analysis revealed geographical variation in the rates of different facial expressions, but these variations closely tracked variations
in the contexts found in videos (Fig. 4). This pattern of results is suggestive of how cultural variation observed in survey-based studies of
expression may arise partly from differences in the rates of contexts
and expressions across cultures and how these contexts and expressions are consequently construed44.

Discussion
Questions of universality are central to the study of emotion. The most
direct approach to understanding universality is to examine whether

represented in the top row and negative scores or loadings represented in the
bottom row. Broad geographical variations in the facial expressions that occur
in videos can be predicted by geographical variations in the contexts that occur
in videos. For example, inspection of the positive end of the first canonical
variate (top, red) reveals that higher rates of contentment, elation and triumph
expressions within the Indian subcontinent are attributable in part to the
presence of relatively more videos of concerts and performances in this region.
Similarly, inspection of the positive end of the second canonical variate (top,
green) reveals that higher rates of awe, doubt and sadness expressions in
eastern Europe and South Korea are attributable in part to the presence of
relatively more infants and children in videos from these regions. CC, canonical
correlation.

people in different cultures express emotions similarly in psychologically relevant contexts—weddings, humour, art and sports triumphs.
Evidence regarding such associations is surprisingly sparse. Here,
drawing on computational approaches to map the meaning of a wide
array of emotional expressions, we show that 16 facial expressions
are associated with similar contexts in 12 world regions encompassing 144 countries. Nuanced expressions such as awe occur in similar
circumstances (fireworks, toys and dance) in every region, pointing to
universals in expressive behaviour across the modern world. Overall,
70% of the variation in facial expression across contexts was universal
to every world region that we studied (based on the more-accurate
context annotations in experiment 1).
Because these findings are based on online videos, they may have
been influenced by cultural globalization, particularly through digital
platforms. For example, people across the world may have adopted
facial expressions from Western media. However, we do not see suggestions of a bias towards similarity with the West. Instead, we see
greater similarity between neighbouring regions (Fig. 3b), which is
expected if the videos are representative of local cultures as opposed
to Western culture. For instance, the Middle East and Indian subcontinent shared 85.0% (s.e., 0.8%) of their variance in context–expression
associations, but only 63.9% (s.e., 1.2%) and 53.8% (s.e., 0.9%), respectively, with the USA/Canada. Moreover, if expressions worldwide were
strongly influenced by westernization, one would expect the world
average to be most strongly correlated with Western regions, but it
is most correlated with maritime Southeast Asia (Fig. 3b). Of course,
facial expressions may have spread through a more dispersed process
of cultural diffusion. Regardless of their origins, we have identified
universals throughout the modern world in facial expressions that
people produce in diverse contexts. These findings have important
implications for methodologies that incorporate measurements of
expression, including psychiatric35 and affective computing18,35,45
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applications, revealing how they may generalize across modern
cultures.
It is worth acknowledging that online videos do not provide an unbiased representation of everyday life. The events that people document
will generally have some meaning to them—whether they evoke emotion, commemorate special occasions or convey valued information—
and may overrepresent certain emotions (see Extended Data Fig. 4
for a representation of facial expressions in the present study). This
may explain less intuitive associations, such as that of mothers with
sadness—perhaps in online videos, mothers often accompany crying
infants. The factors that motivate people to document events probably
influenced the context–expression associations that we uncovered, and
their cultural variation may have attenuated estimates of universality.
In training a DNN to classify facial expressions, we used English categories for which not all languages have direct translations11,12,14,18,19.
Nevertheless, the facial expressions associated with these concepts
had psychologically relevant contextual correlates that were preserved across disparate ethnolinguistic regions (for example, Africa
and East Asia). To reconcile these findings, one must distinguish the
facial expressions that people produce14 from the categories with which
they are parsed1,7,12,35. Just as not all languages have a word for purple46,
even though purple hues of light stimulate similar retinal cones in all
human populations47, a universal space of expression–context associations can be partitioned differently by different languages12. Indeed,
the reliance on language to predict contexts in experiment 2 reduced
measurements of universality.
We did not find evidence of demographic biases in the facial expression annotations themselves, after examining annotations in four racial
and ethnic and three regional groups (Extended Data Figs. 1, 5). However, it is worth acknowledging that any unexamined demographic
biases in expression annotation could potentially have mitigated the
degree of universality that we observed, causing identical expressions
that appear within the same contexts to be classified slightly differently
across regions.
Our findings are consistent with observations that facial expressions
can have multiple meanings39. For example, pain expressions occurred
not only in congruent contexts (for example, weightlifting) but also
in contexts related to music, consistent with work documenting the
sentimental expressions of musical performers40. Research incorporating vocal and bodily expression could potentially disambiguate
facial movements, capturing how they can have multiple yet coherent
meanings10,39,48.
Although the contextual correlates of facial expressions were largely
consistent around the world, our findings hinted at cultural differences
in the rates of expressions (Fig. 4). In keeping with a central claim in
cultural approaches to emotion43,44, differences in the prevalence of
facial expressions were explained in part by variations in the rates of
different contexts. Future research could examine how variations in
facial expression may also be associated with personality, health and
cultural dimensions (for example, collectivism).
Nearly 150 years ago, as a central line of justification for his theory of
evolution by natural selection, Charles Darwin made the controversial
argument that human facial expression is a universal language of social
life. This proposal has generated hundreds of empirical studies and
considerable debate. Here, using previously undescribed methods
and quantitative approaches, we find that 16 kinds of facial expressions
systematically co-vary with specific social contexts in 144 countries.
Across diverse geographical regions, there is 70% overlap in the associations between context and facial expression—evidence for substantial
universality in our cyber-connected world.
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Methods
Data reporting
No statistical methods were used to predetermine sample size. The
experiments were not randomized and the investigators were not
blinded to allocation during experiments and outcome assessment.
Facial expression annotation
To annotate facial expressions, we used a DNN. A DNN is a
machine-learning model that is trained to apply multiple layers of
transformation to input data—in this case, videos—to predict complex outputs; in this case, judgments of facial expressions. We used
a supervised DNN that processed the temporal trajectory of the RGB
pixel values that make up a video of a face over the course of up to
1 s, at a rate of 18 frames s−1, to predict the proportions of raters who
would attribute each label to each expression. To extract faces from
the video, each face was detected within a video frame using a deep
convolutional neural network, similar to the method provided by the
Google Cloud Face Detection API. Faces were tracked across each video
using traditional optical flow methods. The pixels from each face were
then read by our facial expression DNN.
Facial expression DNN architecture. Face-based visual features were
extracted using layers from the NN2 FaceNet architecture34. These
layers consisted of an inception (5a) block with a 7 × 7 feature map
comprising 1,024 channels, which was fed into a 7 × 7 average pooling
layer, generating a 1,024 dimensional vector representing face image
features within a given frame of the video. The resulting features were
then fed into two long short-term memory layers, each with 64 recurrent cells, to capture the dependence of facial expression recognition
on temporally unfolding patterns of facial movement. Finally, the output of the last long short-term memory layer was fed into a mixture of
experts model (two experts, plus a dummy expert). A cross entropy
loss with a sigmoid activation function was used for the final layer.
Training. The DNN was trained on a total of 273,599 ratings of 186,744
clips of faces on YouTube, and originally evaluated on another 79,597
ratings of 54,406 clips (Extended Data Fig. 5). Raters were English
speakers in India. Raters were presented with 1–3-s video clips with
bounding boxes placed over individual faces. They were asked to rate
the emotion(s) expressed by the face by selecting all that applied from
a list of 31 labels (28 emotion categories drawn from a previous study14,
plus boredom, neutral and unsure). Raters were familiarized with the
31 labels in advance. They viewed each video on loop and could pause
the videos when needed.
The videos from which the clips were extracted were largely collected
manually by raters before any ratings were collected. During this initial
video collection process, raters had been instructed to conduct a broad
search for videos likely to contain emotional expressions.
We did not see evidence of regional or ethnic biases in DNN prediction performance. Human rating prediction correlations consistently
ranged between 0.63 and 0.68 for faces of different races and ethnicities
(Asian, Black, Hispanic/Latino and white), with a less than 1% bias by
race or ethnicity in any expression dimension (Extended Data Figs. 1, 5).
However, it is worth acknowledging that any such biases could potentially have mitigated the degree of universality that we observed in
facial expression.
Label selection. From the original 29 emotion labels used to train the
DNN, 13 were excluded from the present study due to a combination of
modest prediction accuracy (particularly boredom, disgust, embarrassment, pride, realization, relief and sympathy) and high correlation with
a better-predicted label (particularly contemplation with concentration, confusion with doubt, distress with pain, and fear with surprise),
and/or because uninteresting aspects of facial posture appeared to

affect annotations (love annotations were affected by kissing and
ecstasy by closed eyes).

Context annotation
To predict features of the contexts portrayed in each video, we relied
on proprietary machine-learning models. These models rely on
well-known innovations in natural language processing52 and video
content analysis53. The model used to annotate topics in experiment 1
used a mixture of experts approach54 to integrate the outputs of a text
DNN applied to the user-generated titles and descriptions of each video
with a separate video content analysis DNN applied to the pixels of each
video. The model used to annotate topics in experiment 2 comprised
the outputs of the text DNN alone. The accuracy of each model was
verified by reviewing their outputs for a random sample of videos in
experiments 1 and 2 (Extended Data Table 1). Obtained accuracy levels
were consistent with the state-of-the-art in both text classification and
video content analysis52,53.
Experiment 1. The model used in experiment 1 integrated the output
of DNNs that label text52 (titles and descriptions provided by video
uploaders) and video content (pixel values, similar to tools provided
in the Google Cloud Video Intelligence API)53 to accurately classify
thousands of contexts in videos (mean specificity = 91.6%) (Extended
Data Table 1). For our purposes, we focused on contexts that occurred
at least 30 times across the videos included in our experiment (see
‘Video selection’ for inclusion criteria), for a total of 653 contexts ranging from practical joke to weight training. The contexts occurred a
minimum of 39 times (no contexts occurred 30–38 times) with the
vast majority occurring, on average, 11,849 times across the 3,029,812
videos in experiment 1 (see Extended Data Fig. 6 for histogram of occurrence rates). The contexts are intentionally broad. For example,
a video labelled ‘mother’ could include or pertain to mothers in any
number of ways, ranging from footage of actual parenting to a man
discussing his mother.
A potential concern when analysing these annotations is that, because
they rely on the visual content (in pixels) of videos, they could be influenced by visual information from facial expressions. For instance, the
classification of a context as a surprise party may be influenced by the
presence of facial expressions of surprise. If this occurred, it could
result in artefactual correlations with the expression annotations.
To address this concern, we measured the extent to which the video
topic annotations were in fact influenced by facial expressions using a
simulation in which facial expressions were systematically manipulated
to be present or absent in controlled contexts (Extended Data Fig. 7).
The effect of facial expressions on the video topic annotations was very
small (r2 < 0.0001) compared to the variance in video topic annotations
explained by facial expressions in our real dataset (r2 > 0.02)—differing
by more than two orders of magnitude—mitigating the possibility that
artefactual correlations influenced our results. We do not expect the
raw r2 to be high, given that we do not expect a one-to-one mapping
between any contextual feature and expression. For instance, a dog
can evoke adoration or fear. We examine the r2 here to characterize
the relative magnitude of a potential confounding effect compared
to the effects of interest. Nevertheless, in our second experiment, we
fully ruled out the influence of such artefactual correlations by deriving
context annotations from text alone.
Experiment 2. We derived context annotations from text by applying a natural language processing DNN that predicts topics of text52
(similar to tools provided in the Google Cloud Natural Language API)
in video titles and descriptions, which are provided by video uploaders
in their own words. For our analysis, we selected topics that occurred
at least 30 times in titles and descriptions of the videos included in
our experiment (‘Video selection’) for further analysis, which resulted
in a total of 1,953 contexts that occurred a minimum of 176 times (no

contexts occurred between 30 and 175 times). The average topic occurred 18,570 times across the 3,056,861 videos analysed in experiment 2. A histogram of rates of occurrence of contexts is provided in
Extended Data Fig. 6. Because the text topic DNN does not directly
analyse video or audio, its context annotations are less accurate in
predicting the content of the video than the video topic annotations
(mean specificity = 60.7%) (Extended Data Table 1), even though they
are highly accurate in predicting whether a phrase relevant to a given
topic occurs in the title or description (mean specificity = 92.9%)
(Extended Data Table 1).

Video selection
Across two experiments, we selected 6.1 million publicly available videos for analysis using our automated facial expression and context
annotation systems. The use of the video data in aggregate form underwent review for alignment with Google’s AI Principles (https://ai.google/
principles/) and conformed to Google’s privacy policy (https://policies.
google.com/privacy).
Experiment 1. For our first experiment, we focused on natural footage for which reliable geographical information was available. To find
naturalistic footage, we searched for publicly available YouTube videos
that were uploaded from mobile phones. YouTube is an ideal source of
ecologically valid footage, as it has more than 2 billion monthly active
users, is available in more than 80 languages and is used around the
world as a social media platform on which most videos are viewed by
users within a social network. We restricted our search to videos tagged
with a latitude and longitude of upload that matched the country in
which the uploader was registered. Furthermore, to focus on naturalistic footage, we filtered out videos predicted by the video topic
annotations to include video games and other animated content. This
yielded a total of 3,029,812 videos uploaded between 14 July 2009 and
3 May 2018.
To verify that the videos portrayed their culture of origin, we ensured
that they largely depicted people who, when filmed speaking, spoke languages widely spoken in the country of origin (see Extended Data Tables
2, 3 for proportions of languages detected via automated methods and
manual inspection). On the basis of a manual inspection of a balanced
sample of 300 videos from across the 12 regions, we also verified that
the videos depicted people whose appearance on human inspection
was consistent with their being of native origin, to the limited extent
to which geographical origin can be gauged qualitatively on the basis
of accent, dress and physical features (96.7% of videos) (Extended Data
Table 3). However, this does not rule out the influence of globalization
and online media, considered further in the ‘Discussion’.
Experiment 2. The videos from experiment 1, as with many videos on
YouTube, typically lacked detailed descriptions, making them poor
candidates for annotation by the text topic DNN. We therefore collected an entirely new set of videos for experiment 2. To ensure that we
would have the power to investigate correlations between contexts and
facial expressions, we includes publicly available videos that had titles
and descriptions pertaining either to the contexts that we explored
in experiment 1 or to emotions. To do so, we first searched for videos
with a wide range of context- and emotion-related substrings within
their English-translated titles and descriptions (Supplementary Data 1;
to the extent that translations were inaccurate, representation of
corresponding contexts could be reduced in non-English-speaking
cultures, augmenting cultural differences). We then retrieved the full
native-language titles and descriptions for those videos and computed
text topic annotations. Finally, to avoid synthetic faces, we filtered out
videos predicted by the text topic DNN to include video games and
animated content. This yielded a total of 3,056,861 videos uploaded
between 27 December 2005 and 15 April 2019. Again, when filmed speaking, people in these videos spoke languages widely spoken in the region

of origin (Extended Data Table 2), and on the basis of manual inspection
of a balanced sample of 300 videos from across the 12 regions, these
videos largely depicted people who appeared to be of native origin
(88.3% of videos) (Extended Data Table 3).

Context–expression correlations
To capture context–expression associations, we computed partial
correlations between the context annotations and the expression
annotations across videos. Partial correlations for each expression
annotation were controlled for the other expression annotations. To
measure the degree to which world regions were similar in their context–expression associations, we computed second-order correlations
between different world regions across the context–expression partial
correlations (Fig. 3a). To do so, we flattened the matrices that represent
the context–expression partial correlations in each region (resulting
in vectors of length 643 × 16 in experiment 1 and 1,953 × 16 in experiment 2 for each region) and correlated the resulting vectors between
regions. It was important to account for sampling error, particularly
for contexts that occurred infrequently (see Extended Data Fig. 6 for a
histogram of rates of occurrence of contexts). Correlations were thus
weighted on the basis of the frequency of each context in each region.

(

) (

)

More specifically, they were weighted by p1 1 − p1 p2 1 − p2 in which
pi is the proportion of times that the context occurred in each region,
which is the product of the standard deviations of the two proportions
and approximates the signal variance available to estimate correlations
with expression (for fixed sample size of videos).
As another approach to gauging universality, we computed the shared
variance (r2) between context–expression correlations in each region
(experiment 1) and the average context–expression correlations from the
remaining regions (Fig. 3b). When we computed the average correlations
across regions, we computed the Fisher transformation55, averaged, then
computed the inverse Fisher transformation. When we computed the
correlation between each region and the average, contexts were weighted
as before, and weights were averaged across regions.
To compute standard errors for correlation or shared variance
estimates, we repeated all analyses after bootstrap resampling of the
videos. Resampling was performed 50 times56.
These analyses were performed using custom code in MATLAB. See
also Extended Data Table 4 for a summary of how we addressed potential confounding factors in the correlation between expression and
context annotations.

CCA
To assess how many distinct dimensions of context–expression association were preserved across the 12 world regions, we applied CCA
between expression annotations and context annotations across videos
from all but one region and evaluated each canonical correlation in
the held-out region. For each extracted dimension, we then applied
a one-sided sign-rank test to the 12 canonical correlations from each
held-out region. We used a one-sided test because we are interested only
in preserved (positive) correlations. These analyses were performed
using custom code in MATLAB.
Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this paper.
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Extended Data Fig. 1 | The expression DNN predicts human judgments and
is largely invariant to demographics. a–c, Accuracy of the expression DNN in
emulating human judgments. Human judgments (a) and the annotations of the
expression DNN (b, c) have been projected onto a map of 1,456 facial
expressions adapted from a previously published study14. Human judgments
and the annotations of the expression DNN are represented using colours,
according to the colour scheme used previously14. Probably because the
expression DNN was trained on dynamic faces, it can in some cases make
systematic errors in predicting the judgments of static faces (c). For example, a
number of static faces of surprise were more strongly annotated by the
expression DNN as awe (c, bottom left), probably because dynamic faces that
convey surprise are distinguished in part by dynamic movement. This problem
is mitigated when the expression DNN is calibrated for still images (b). To
calibrate the DNN, multiple linear regression is applied in a leave-one-out
manner to predict human judgments of the still images from the DNN
annotations. After calibration on still images, we can see that the annotations
of the expression DNN are fairly accurate in emulating human judgments
(overall r = 0.69 between calibrated annotations of the expression DNN and
human judgments after adjusting for explainable variance in human
judgments33). d, The expression DNN can emulate human judgments of
individual emotions and valence and arousal with moderate to high accuracy.
Individual expression DNN predictions are correlated with human judgments
across the 1,456 faces. Valence and arousal judgments (also from the previously
published study14) were predicted using multiple linear regression in a leave-

one-out manner from the 16 facial expression DNN annotations. e, The
expression DNN is reliable for different demographic groups. By correlating
the predictions of the expression DNN (calibrated for static images) across
subsets of the 1,456 faces from the previous study14, we can see that the
expression DNN is accurate for faces from different demographic groups
(adjusted for explainable variance in human judgments). f, The expression DNN
has little bias across demographic groups. To assess demographic bias, the
annotations of each face of the expression DNN were predicted by averaging
the annotations of the expression DNN across all other faces from the same
demographic group. The variance in the annotations of the expression DNN
explained by demographic group in this dataset was low, even though no effort
was originally made to balance expressions in this dataset across demographic
groups. Gender explained 0.88% of the total variance, race explained 0.28%
and age explained 2.4%. Results for individual expressions were generally
negligible, although age did explain more than 4% of the variance for three
expressions—contempt, disappointment and surprise (maximum, 6.2% for
surprise). Note that these numbers only provide a ceiling for the demographic
bias, given that explained variance may also derive from systematic
associations between expression and demographics in this naturalistic
dataset—for example, because older people are less often pictured playing
sports, they are less likely to be pictured with expressions that occur during
sports. We can conclude that the expression DNN is largely unbiased by race
and gender, with age possibly having at most a minor influence on certain
annotations.

Extended Data Fig. 2 | Annotations of the expression DNN are largely
invariant to viewpoint and lighting. a, To account for possible artefactual
correlations owing to the effect of viewpoint and lighting on facial expression
predictions, an in silico experiment was conducted. Predictions of facial
expressions were applied to 3,240 synthetic images from the MIT-CBCL
database, in which three-dimensional models of 10 neutral faces were rendered
with 9 viewpoint conditions and 36 lighting conditions58. The variance

explained in each facial expression annotation by viewpoint condition, lighting
condition and their interaction was then computed. b, The explained standard
deviation by viewpoint, lighting and their interaction is plotted alongside the
actual standard deviation of each expression annotation in experiments 1 and
2. We note that the effects of viewpoint and lighting are small, except perhaps
in the case of disappointment. This is unsurprising, given that faces are centred
and normalized before the prediction of the expression.
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Extended Data Fig. 3 | Loadings of 16 global dimensions of context–
expression associations revealed CCA. Given that all 16 possible canonical
correlations were discovered to be preserved across regions (using
cross-validation; Fig. 3c), we sought to interpret the 16 underlying canonical
variates. To do so, we applied CCA between facial expression and context to a
balanced sample of 300,000 videos from across all 12 regions (25,000
randomly selected videos per region). Left, loadings of each canonical variate
on the 16 facial expression annotations and the maximally loading context

annotations. Right, correlations of the resulting canonical variates with
individual contexts and expressions, revealing how each variate captures
context–expression associations. Unsurprisingly, a traditional parametric test
for the significance of each canonical correlation revealed that all 16
dimensions were highly statistically significant (χ2 = 860.4 for 16 variates,
P < 10 −8, Bartlett’s χ2 test 59), a necessary precondition for their significant
generalizability across all cultures (Fig. 3c).

Extended Data Fig. 4 | Relative representation of each facial expression in
the present study compared to the previous study. In Fig. 1, we provide an
interface for exploring how 1,456 faces14 are annotated by our facial expression
DNN. Here, we analyse what the relative representation of these different kinds
of facial expression within the present study was compared to within these
1,456 images. For each kind of facial expression, we plot the ratio of the
standard deviation of our facial expression DNN annotations in the present
study, averaged over each video, to the standard deviation of the annotations
over the 1,456 faces. Given that the standard deviation in the present study was
computed over averaged expressions within videos, it was expected to be
smaller than the standard deviation over the 1,456 isolated expressions,
generally yielding a ratio of less than 1. Nevertheless, it is still valid to compare

the relative representation of different kinds of expression. We find that in
both experiments within the present study, expressions labelled amusement,
awe, sadness and surprise were particularly infrequent compared to those
labelled concentration, desire, doubt, interest and triumph by the expression
DNN. However, our findings still revealed culturally universal patterns of
context–expression association for the less-frequent kinds of facial
expression. Still, it is important to note that our measurements of the extent of
universality may be differentially influenced by the expressions that occurred
more often. Note that given limitations in the accuracy of our DNN, we were
unable to examine 12 other kinds of facial expression that had been
documented previously14 (for example, disgust, fear), and are unable to address
the extent to which they are universal.
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Extended Data Fig. 5 | Neither interrater agreement levels nor prediction
correlations in the data originally used to train and evaluate the
expression DNN reveal evidence of regional bias. a, Interrater agreement
levels by upload region among raters originally used to train the expression
DNN. For 44,821 video clips used in the initial training or evaluation of the DNN,
multiple ratings were obtained to compute interrater reliability. For a subset of
25,028 of these clips, we were able to ascertain the region of upload of the
video. Here, across all clips and each of the 12 regions, we compare the
interrater reliability index (the square root of the interrater Pearson
correlation41,60, the Pearson correlation being equivalent to the Matthew’s
correlation coefficient for binary judgments61,62), which reflects the
correlation of a single rater with the population average41,60. We can see that the
interrater reliability index converges on a similar value of around 0.38 in
regions with a large number of clips (the USA/Canada, Indian subcontinent and
western Europe). This is an acceptable level of agreement, given the wide array
of options in the rating task (29 emotion labels, plus neutral and unsure). We do
not see a significant difference in interrater reliability between ratings of
videos from India (the country of origin and residence of the raters) and the two
other regions from which a large diversity of clips were drawn (the USA/Canada
and western Europe). Error bars represent the standard error; n denotes the
number of clips. To compute interrater reliability, we selected two individual

ratings of each video clip, subtracted the mean from each rating, and
correlated the flattened matrices of ratings of the 16 emotion categories
selected for the present study across all clips. We repeated this process across
100 iterations of bootstrap resampling to compute standard error. b, Human
judgment prediction correlations by region. We applied the trained expression
DNN to the video clips from each region. To compute unbiased prediction
correlations, it is necessary to control for interrater agreement levels by
dividing by the interrater reliability index, which is the maximum raw
prediction correlation that can be obtained given the sampling error in
individual human ratings 41,60,63,64. Given that the interrater reliability index
could be precisely estimated for three of the regions (a), we computed
prediction correlations for those regions. We did so across all video clips used
in the training or evaluation in the DNN (blue), which may be subject to
overfitting, and for a subset of video clips used only in the evaluation of the
DNN (red). In both cases, prediction correlations are similar across regions,
exceed human levels of interrater agreement (a) and are consistent with
prediction correlations derived from a separate set of images rated by US
English speakers, which also showed no evidence of bias to ethnicity or race
(Extended Data Fig. 1e). Error bars represent the standard error; n denotes the
number of clips.

Extended Data Fig. 6 | Rates of the context occurrence. a, Proportion of
contexts by number of occurrences (out of around 3 million videos) for
experiments 1 and 2. The minimum number of occurrences of any given
context was 39 for experiment 1 and 176 for experiment 2, but most contexts
occurred much more often. Note that the number of occurrences is plotted on

a logarithmic scale. b, Proportion of contexts by number of occurrences in
each region. Certain contexts were rarer in particular regions, especially
regions with fewer videos overall. Still, the vast majority of contexts occurred
at least dozens of times in every region.
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Extended Data Fig. 7 | Video-based context annotations are insensitive to
facial expression. To account for possible artefactual correlations owing to
the direct influence of facial expression on the video topic predictions (and
vice versa), an in silico experiment was conducted. a, First, 34,945 simulated
videos were created by placing 1,456 tightly cropped facial expressions14 on
each of 24 3-s clips from YouTube videos at random sizes and locations. Note
that given the convolutional architecture of the DNN that we use, which largely
overlooks strangeness in the configuration of objects within a video65,66,
randomly superimposed faces should have a similar effect on annotations to
real faces. Examples shown here are artistically rendered. b, The video topic
and the expression DNN were then applied to these videos. The variance in the

video topic annotations explained by the expression predictions was then
computed using ordinary least squares linear regression. The amount of
variance in context predictions explained by randomly superimposed
expressions (prediction correlation r = 0.0094) was negligible compared to the
amount of variance explained in context predictions by the expression
predictions in actual videos from experiment 1 (r = 0.154, tenfold ordinary least
squares linear regression applied to a subset of 60,000 videos from
experiment 1; 5,000 from each of the 12 regions). Therefore, any direct
influence of facial expression on the video topic annotations had a negligible
effect on the context–expression correlations that we uncovered in
experiment 1.

