
Plutchik  
(8 emozioni di base e  

“ruota delle emozioni”)

Ekman  
(6/7 emozioni di base)



Sviluppi recenti della BET:  1. espansione della lista delle emozioni di base (da 6 a 25-30 candidate)

build on the evidence within each cell, which should be included in a larger review in the future. 
Table 2 also indicates whether or not additional special requirements are met for each criterion 
(e.g., universality rather than a single-culture demonstration; subcortical involvement rather than 
the neocortex alone, etc.). 
 
Table 2 
Brief overview of evidence for the evolutionary origins 26 basic emotion candidates across four 
critical empirical criteria. 
 

Emotion Signal 
(shade indicates evidence for universality) 

Physiology 
(shade indicates 

evidence for 
cross-cultural 

reliability) 

Neural 
Correlate 

(shade indicates 
evidence of 
subcortical 

involvement) 

Nonhuman 
Primates 

(shade 
indicates 

homologues in 
multiple 

monkey/ape 
species) 

Evidence 

 Facial Vocal Tactile     
Amusement ✓1,3,6,7,16,20,22 ✓36,37,39 -- ✓46,48,49,50,56,96 ✓94,95,128 ✓125,127 Strong 

Anger ✓1,2,3,4,5,22,25 ✓36,37,38,39,40 ✓5,42,43 ✓18,45,46,56 ✓92,93,100 ✓125,127 Strong 

Desire ✓1,20,21,22 ✓38,39 -- ✓46,56,59 ✓94,102,103 ✓125,127 Strong 

Fear ✓1,2,3,4,5,22,25 ✓36,37,38,39,40 X42 ✓5,44,46,56 ✓92,100 ✓125,127 Strong 

Happiness ✓1,2,3,5,16,20,22,25 ✓40 ✓43 ✓5,44,45,46,56,96 ✓92,93,100 ✓125,127 Strong 

Pain ✓1,20,22,30,31,32,43,79 ✓39 -- ✓46,76,77,78,80,91 ✓92,118,119 -- Strong 

Pride ✓1,6,16,20,22,25,33,35 X36,38,39 X42 ✓56,67,82,83,96 ✓93,117 ✓125,126 Strong 

Shame ✓1,3,22,24,25,35 X36,38 -- ✓84,85,86 ✓104,117 ✓125,126 Strong 

Disgust ✓1,2,3,4,5,22,25 ✓36,37,38,39,40 -- ✓5,44,46,56 ✓92,94,100 -- Moderate 

Sadness ✓1,2,3,4,5,22,25 ✓36,37,38,39 ✓43 ✓5,44,45,46,47,56 ✓92,94,95,100 -- Moderate 

Surprise ✓1,2,3,5,22,25 ✓36,37,38,39 X42 ✓5,44,46,56 ✓100,121 -- Moderate 

Awe ✓3,6,8,16 ✓36,39 -- ✓51,52,53,96 ✓92,93,97,98,99 -- Emerging 

Contempt ✓2,4,15 ✓36,38,39,40 -- -- ✓101  -- Emerging 

Embarrassment ✓1,3,12,20,22,23,24,25 ✓36,39 ✓42,43 ✓56,60,61,62,63 ✓104,105,106,107 -- Emerging 

Envy X26 ✓36 X42 ✓51,64 ✓107,108,109 -- Emerging 

Gratitude ✓16 X36 ✓42,43 ✓65,66,96 ✓110,111,112 -- Emerging 

Guilt ✓24 -- ✓42,43 ✓67,68,69,70 ✓93,104 -- Emerging 

Love ✓3,16,20,29 X36,38 ✓42,43 ✓56,59,73,74,75,96 ✓113,114,115,116 -- Emerging 

Sympathy ✓1,20,22 X36,39 ✓42,43 ✓87,88,89,90 ✓122,123,124 -- Emerging 

Boredom ✓1,9,10,11,22 ✓40 -- ✓10,11,54,55 -- -- Nascent 

Contentment ✓1,3,16,22 ✓38,39,41 -- ✓46,56,96 -- -- Nascent 

Coyness ✓1,17,18,22 -- -- ✓57,58 -- -- Nascent 

Interest ✓1,16,20,22,27,28 ✓36,38,39 -- ✓71,72,96 -- -- Nascent 

Relief -- ✓36,31,40 -- ✓56 ✓120 -- Nascent 

Confusion ✓1,12,13,14,22 -- -- -- -- -- Weak 

Triumph -- ✓36,39 -- -- -- -- Weak 

 
Notes. A checkmark (✓)indicates that the evidence is in favor of the criterion, and an (X) 
indicates that the evidence is against it. In order for an emotion to be basic, it only needs 
universal signaling evidence in one modality, though three are listed here (facial, vocal, tactile). 
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1 3 Table 2  Facial expression examples, FACS action units, and physical descriptions for each expression

Emotion Example photo Action units Physical description

Amusement 6 + 7+12 + 25 + 26 + 53 Head back, Duchenne smile, lips separated, jaw dropped

Anger 4 + 5+17 + 23 + 24 Brows furrowed, eyes wide, lips tightened and pressed together

Boredom 43 + 55 Eyelids drooping, head tilted, (not scored with FACS: slouched posture, head resting on hand)

Confusion 4 + 7+56 Brows furrowed, eyelids narrowed, head tilted
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1 3

Table 2  (continued)
Emotion Example photo Action units Physical description

Contentment 12 + 43 Smile, eyelids drooping

Coyness 6 + 7+12 + 25 + 26 + 52 + 54 + 61 Duchenne smile, lips separated, head turned and down, eyes turned opposite to head turn

Desire 19 + 25 + 26 + 43 Tongue show, lips parted, jaw dropped, eyelids drooping

Disgust 7 + 9+19 + 25 + 26 Eyes narrowed, nose wrinkled, lips parted, jaw dropped, tongue show
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1 3 Table 2  (continued)
Emotion Example photo Action units Physical description

Embarrassment 7 + 12 + 15 + 52 + 54 + 64 Eyelids narrowed, controlled smile, head turned and down, (not scored with FACS: hand touches 
face)

Fear 1 + 2+4 + 5+7 + 20 + 25 Eyebrows raised and pulled together, upper eyelid raised, lower eyelid tense, lips parted and stretched

Happiness 6 + 7+12 + 25 + 26 Duchenne display
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1 3

Table 2  (continued)
Emotion Example photo Action units Physical description

Interest 1 + 2+12 Eyebrows raised, slight smile

Pain 4 + 6+7 + 9+17 + 18 + 23 + 24 Eyes tightly closed, nose wrinkled, brows furrowed, lips tight, pressed together, and slightly puckered

Pride 53 + 64 Head up, eyes down



2. Mappe multidimensionali delle emozioni basate su grandi campioni, con migliaia di stimoli

Fig. 2. The structure of reported emotional experience: Smooth gradients among 27 semantically distinct categorical judgment dimensions. (A) A chromatic
map of average emotional responses to 2,185 videos within a 27-dimensional categorical space of reported emotional experience. t-distributed stochastic
neighbor embedding (t-SNE), a data visualization method that accurately preserves local distances between data points while separating more distinct data
points by longer, more approximate, distances, was applied to the loadings of the 2,185 videos on the 27 categorical judgment dimensions, generating load-
ings of each video on two axes. The individual videos are plotted along these axes as letters that correspond to their highest loading categorical judgment
dimension (with ties broken alphabetically) and are colored using a weighted interpolation of the unique colors corresponding to each of the categorical
judgment dimensions on which they loaded positively. The resulting map reveals gradients among distinct varieties of reported emotional experiences,
such as the gradients from anxiety to fear to horror to disgust (also see the interactive map at https://s3-us-west-1.amazonaws.com/emogifs/map.html).
(B) Number of significant coloadings of each video on each categorical judgment dimension. The significance of individual loadings of each video on each
categorical judgment dimension was determined via simulation of a null distribution (Supporting Information). We then counted the number of instances in
which videos loaded significantly (FDR <0.05) on pairs of two categorical judgment dimensions. These results validate the emotion gradients observed in A.
For example, anxiety and fear (F and Q) were elicited by many of the same videos (75 times in total), as were fear and horror (Q and R; 55 times), yet anxiety
and horror were seldom elicited by the same videos (just eight times). (C) Top free response terms associated with each categorical judgment dimension.
The free response judgments were regressed onto the categorical judgment dimensions, across videos. For 22/27 dimensions, the highest loading category
is among the three (out of 600) top-weighted free response terms, strongly validating the categorical ratings as measures of subjective experience.

E7904 | www.pnas.org/cgi/doi/10.1073/pnas.1702247114 Cowen and Keltner

Cowen et al. (2019)
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in terms of culture (Elfenbein, Beaupré, Lévesque, & 
Hess, 2007). Different populations develop culturally 
specific dialects in which they express emotion in ways 
that are partially distinctive yet largely consistent across 
cultural groups (Elfenbein, 2013). Occasionally, they 
produce expressions that are unique to their own cul-
tures; for example, in India, embarrassment is expressed 
with an iconic tongue bite and shoulder shrug (Haidt 
& Keltner, 1999).

How culturally variable are expressions of emotion? 
In one study, participants belonging to five different 
cultures—China, India, Japan, Korea, and the United 
States—heard 22 emotion-specific situations described 
in their native languages and expressed the elicited 
emotion in whatever fashion they desired (Cordaro 
et al., 2018). Intensive coding of participants’ expres-
sions of these 22 emotions revealed that 50% of an 
individual’s expressive behavior was shared across the 

Fig. 5. Map of 28 varieties of emotion recognized in 1,500 facial/bodily expressions (Cowen & Keltner, in press). Participants judged 
each expression in terms of 28 emotion categories (free response) and 13 scales of affective appraisal, including valence, arousal, 
dominance, certainty, and more. All 28 categories were required to capture the systematic variation in participants’ judgments. As 
with the emotions evoked by video and recognized in vocal expression (Figs. 3 and 4), the emotions recognized in facial/bodily 
expression were most accurately conceptualized in terms of the emotion categories, and we can see that emotion categories often 
treated as discrete are bridged by continuous gradients. For an interactive version of this figure, see https://s3-us-west-1.amazonaws 
.com/face28/map.html.

Cowen et al. (2019)

Keltner, 2017), with respect to how people conceptualize
emotion, we found that emotion categories largely ex-
plained, but could not be explained by, domain-general
appraisals (valence, arousal, dominance, safety, etc.). These
results informed our second hypothesis, that emotion cate-
gories capture a richer conceptualization of emotion than
domain-general appraisals. To test this hypothesis, we as-
certained whether judgments of each expression along the
13 appraisal scales would better explain its categorical
judgments, or vice versa. Do judgments of the degree to
which a sneer expresses dominance, unfairness, and so on
better predict whether it will be labeled as “contempt,” or
vice versa? Using regression methods (Figure 1d), we found
that the appraisal judgments explained 56.1% of the ex-
plainable variance in the categorical judgments, whereas the
categorical judgments explained 91.4% of the explainable
variance in the appraisal judgments (see the online supple-
mental materials for details). That the categorical judgments
explained the appraisal judgments substantially better than
the reverse (using linear [91.4% vs. 39.9%] and nonlinear
models [87.1% vs. 56.1%]; both ps ! 10"6, bootstrap test)

suggests that categories have more value than appraisal
features in explicating emotion recognition of facial-bodily
expression. Emotion recognition from expression cannot be
accounted for by 13 domain-general appraisals.

The Nature of Emotion Categories: Boundaries
Between and Variations Within Categories

Our third hypothesis regarded the distribution of emotion
recognition. In prior studies, it was found that categories of
emotional experience and vocal expression were not dis-
crete but joined by smooth gradients of meaning. We thus
predicted that the same would be true of emotion categories
perceived in facial-bodily expressions. Our results were in
keeping with this prediction. Namely, if we assign each
expression to its modal judgment category, yielding a dis-
crete taxonomy, these modal categories explain 78.9% of
the variance in the 13 appraisal judgments, substantially less
than the 91.4% of variance explained using the full propor-
tions of category judgments (p ! 10"6, bootstrap test).
Confusion over the emotion category conveyed by each

  Explainable 
   variance in
  appraisal 
judgments

Valence-arousal (Russell, 2003; Lang et al., 1993; 
Watson & Tellegan, 1985; Mauss & Robinson, 2009)
Valence-arousal-dominance (Mehrabian & Russell,
1974; Osgood, 1966)
Many appraisal theories (Smith & Ellsworth, 1985; 
Roseman, 1991; Scherer et al., 2018)

Basic emotion theories (Ekman, 1993; Oatley, 2009;
Shaver, 1987; Keltner et al., 2016)
High-dimensional emotion theories (Skerry & Saxe, 
2015; Cowen & Keltner, 2017)  

Explainable
variance in  
  category  
judgments

Linear regression Nearest neighbors

  
  

Prediction Theories

1. Amusement happiness, laughter, extreme happiness, amusement
2. Anger anger, boiling with anger, angry contempt, feeling mad

3. Awe awe, surprise, awestruck surprise, wonder
4. Concentration concentration, deep focus, determination, focus

5. Confusion confusion, feeling perplexed, bewilderment, dumbfoundedness
6. Contemplation contemplation, thoughtfulness, pondering, concentration

7. Contempt contempt, annoyance, disapproval, distrust
8. Contentment contentment, relaxation, peacefulness, calmness

9. Desire desire, lust, feeling flirtatious, feeling sexy
10. Disappointment disappointment, sadness, regret, frustration

11. Disgust disgust, feeling grossed out, extreme disgust, disgusted contempt
12. Distress worry, anxiety, distress, nervousness

13. Doubt doubt, distrust, suspicion, contemptuous doubt
14. Ecstasy ecstasy, sensory pleasure, bliss, extreme pleasure
15. Elation extreme happiness, happiness, excitement, laughter

16. Embarrassment embarrassment, shyness, amused embarrassment, embarrassed relief
17. Fear fear, feeling scared, extreme fear, bone-chilling terror

18. Interest interest, childlike curiosity, curiosity, wonder
19. Love love, happiness, feeling loved, romantic love
20. Pain pain, severe pain, angry pain, feeling hurt

21. Pride pride in country, pride, honor, patriotism
22. Realization inspiration, realization, feeling dumb, deep relief

23. Relief relief, deep relief, feeling worn out, heart sinking
24. Sadness sadness, extreme sadness, crying, feeling upset

25. Shame shame, disappointment, sadness, self-dissatisfaction
26. Surprise surprise, shock, awestruck surprise, extreme surprise

27. Sympathy concern, compassion, pity, caring
28. Triumph triumph, excitement, great triumph, pride

a. Free response rates dc. Highest-ranked correlations with forced-choice categories

b. Canonical correlations

1 3 6 9 12 15 18 21 24 270

0.2

0.4

0.6

0.8

1

p < .05

Figure 1. Comparing categorical to free-response and appraisal judgments: All 28 categories are reliable,
distinct, and accurate descriptors of perceived emotion and cannot reduced to a small set of domain-general
appraisals. (a) Relative usage rates of free-response terms. Font size is proportional to the number of times each
term was used. Participants employed a rich array of terms. (b) Canonical correlations between categories and
free response. All 27 dimensions of variance of the categorical judgments were recognized via free response (p !
.05), indicating that the 28 categories are reliable, semantically distinct descriptors of emotional expression. (c)
Free-response terms correlated with each forced-choice category. Correlations (r) were assessed between
category judgments and free-response terms, across images. The free-response terms most highly correlated with
each category consistently include the categories themselves and synonyms. (d) Proportion of variance explained
in 28 categories by 13 affective scales and vice versa using linear and nonlinear regression. Affective scale
judgments do not fully explain category judgments (39.9% and 56.1% of variance explained, Ordinary least
squares [OLS] linear regression and k-nearest neighbors [kNN] regression, respectively), whereas category
judgments do largely explain affective scales (91.4% and 87.1% of variance, OLS and kNN, respectively).
Categories offer a richer conceptualization of emotion recognition. The smaller Venn diagrams illustrate results
predicted by different theories. Our findings are consistent with theories that expressions convey emotion
categories or are high dimensional and cannot be captured by 13 scales (Skerry & Saxe, 2015). See the online
article for the color version of this figure.
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valence and arousal explain greater variance in emotion 
recognition.

As one can see in the top row of Figure 6, a com-
prehensive array of 28 emotion categories such as “awe” 
and “love” were found to capture a much broader and 
richer space of emotion recognized in facial expression 
than could be explained by just valence and arousal 
(pink circles). These emotion categories also capture a 
substantially richer space than the six discrete emotion 
categories that constitute Barrett and colleagues’ por-
trayal of common beliefs about emotion (left Venn dia-
grams). Specifically, valence and arousal and the basic 
six both captured only about 30% of the variance. We 
replicated this pattern of results in a study of emotional 
experience in response to videos, as portrayed in the 
bottom row of Figure 6 (Cowen & Keltner, 2017). To 
capture the richness of emotional experience and rec-
ognition, then, we cannot rely only on the basic six, 
but we also cannot reduce the rich set of categories of 
emotion that people distinguish to simpler dimensions 
of valence and arousal.

Although valence and arousal capture a small pro-
portion (around 30%) of the variance in emotional 
experience and emotion recognition, it is worth asking 
whether this variance represents what is preserved 
across cultures. Another recent study (Cowen et al., 
2019) offers an initial answer to this question, exploring 
the processes by which people across cultures concep-
tualize emotional expression in prosody (i.e., the non-
lexical patterns of tune, rhythm, and timbre in speech). 
U.S. and Indian participants were presented with 2,519 
speech samples of emotional prosody produced by 100 
actors from five cultures. They were then asked, in 
separate response formats, to judge the samples in 
terms of 30 emotion categories and 23 more general 
appraisals (e.g., valence, arousal). Statistical analyses 
revealed that emotion categories (including many 
beyond the basic six, such as amusement, contentment, 
and desire) drove similarities in emotion recognition 
across cultures more so than many fundamental 
appraisals—even valence (pleasantness vs. unpleasant-
ness), which Barrett and colleagues and others appear 

Reported Emotional Experiences

Facial/Bodily Expressions

Variance in
 Basic Six
Emotions

Variance in
28 Emotion 

Categories

Variance in
 Basic Six
Emotions

Variance in
34 Emotion 

Categories

Variance in
28 Emotion 

Categories

Variance in
 Valence and
Arousal

Variance in
34 Emotion 

Categories

Variance in
 Valence and
Arousal

Fig. 6. Variance captured by high-dimensional models of emotion versus the basic six and valence plus arousal 
(Cowen & Keltner, 2017, in press). By mapping reported emotional experiences and facial expressions into a high-
dimensional space (see Fig. 5), we can predict how they are recognized in terms of the basic six emotions and valence 
and arousal. However, we can also see that these traditional models are highly impoverished. For these analyses, we 
collected separate judgments of 1,500 faces and 2,185 videos in terms of just the basic six categories (anger, disgust, 
fear, happiness, sadness, and surprise). Each Venn diagram represents the proportion of the systematic variance in one 
set of judgments that can be explained by another set of judgments, using nonlinear regression methods (k-nearest 
neighbors). Although high-dimensional models largely capture the systematic variance in separate judgments of the 
basic six and valence and arousal, both the basic six (left) and valence and arousal (right) capture around 30% or 
less of the systematic variance in the high-dimensional models (28.0% and 28.5%, respectively, for facial expressions; 
30.2% and 29.1%, respectively, for emotional experiences). (Note that in predicting other judgments from the basic six, 
we used only the category chosen most often by raters, assigning equal weight when there were ties, in accordance 
with the assumption of discreteness inherent in research cited in Barrett and colleagues’ review in their portrayal of 
common beliefs about emotion).



Il dibattito sull’universalità

cultural differences, we truncated all individual significance levels
so that no single study was more significant than .05, as suggested
by Rosenthal (1991). In spite of this truncation and the limitation
of being able to include only about one third of the studies, the
pooled test of overall significance from these individual studies
indicated strong evidence for an in-group advantage. The com-

bined Stouffer’s Z for this predicted effect was 7.06 (p ! 10"11,
one-tailed). The effect sizes are shown in a stem-and-leaf display
in Table 8. A statistical summary of these effect sizes, including
more information about measures of central tendency, variability,
and heterogeneity is presented in Table 4.

Channel of Communication

Did the cross-cultural accuracy of emotion recognition vary
according to the nonverbal channel of expression? The studies in
this meta-analysis included the channels of the face, the body, the
voice, silent video, and combinations of these channels. We per-
formed analyses examining differences across these channels, us-
ing the sample rather than the individual participant as the unit of
analysis. Because many researchers made use of multiple channels
in the same studies, we used a least squares multiple regression,
with dummy codes representing whether specific nonverbal chan-
nels were present in the study, rather than a categorical model.
This allowed us to consider studies with multiple channels even
when the data were not reported separately by channel. For exam-
ple, a study combining results using the voice as well as video
would receive codes of #1 for voice, #1 for video, 0 for photo-
graphs of the body, and 0 for photographs of the face.
This analysis revealed some differences in cross-cultural emo-

tion recognition accuracy across nonverbal channels. In particular,
for the sample of studies with cultural groups spanning national
borders, cross-cultural accuracy was lower for studies that used
tone of voice (n $ 36) than it was for other (n $ 81) channels (b $
"14.4%, 95% CI $ "23.2% to "5.6%, p ! .005). Overall,

Table 3
Stem and Leaf Plot of Mean Proportion Cross-Cultural
Accuracy of Emotion Recognition (N $ 162)

Stem Leaf

.9 1, 2, 3

.8 5, 6, 6, 7, 7, 9, 9

.8 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 1, 3, 3, 4, 4, 4,

.7 6, 6, 7, 7, 7, 7, 8, 9, 9, 9, 9

.7 0, 1, 1, 1, 2, 2, 2, 2, 2, 3, 3, 4, 4, 4, 4

.6 5, 5, 5, 5, 5, 7, 8, 8, 9, 9

.6 0, 0, 0, 0, 1, 1, 2, 2, 2, 2, 3, 3

.5 6, 6, 6, 6, 7, 7, 7, 8, 8, 8, 8, 9, 9, 9, 9, 9, 9, 9

.5 0, 0, 0, 0, 0, 1, 2, 2, 3, 3, 3, 4, 4, 4

.4 6, 6, 6, 7, 7, 7, 7, 7, 7, 7, 8, 8, 9, 9, 9, 9

.4 0, 0, 1, 2, 2, 2, 2, 2, 3, 3, 3, 4, 4

.3 5, 6, 7, 8, 8, 9, 9

.3 0, 1, 2, 4,

.2 6, 6, 6, 6, 7, 7, 8

.2 1, 3, 4, 4

.1 8

.1 1, 2

.0

.0 0, 3

Table 2 (continued )

Study In-group Out-group Border Channel Zra p

Rosenthal et al. (1979)c North America Australia, Germany, Hong
Kong, Ireland, Israel,
Mexico, New Guinea, New
Zealand, Singapore

Across FV, SV, V .344 .000

Caucasian American Non-White U.S., Alaska
Eskimo and Native
American

Within FV, SV, V .218 .000

Russell et al. (1993) North America Greece and Japan Across FP .133 .061
Scherer et al. (2001) Germany Switzerland, England,

Netherlands, U.S., Italy,
France, Spain, Indonesia

Across V .405 .000

Shimoda et al. (1978) England, Italy, Japan England, Italy, Japan Across FV .381 .000
Sprouse et al. (1995) Caucasian American U.S. non-Caucasian Within V, FP, PB ".134 ".083
Stokes (1984) Caucasian American African American Within FV, SV, V .286 .000
Strong (1978) Caucasian American African American Within FP .213 .014
Sweeney et al. (1980) U.S. Japan Across FP .686 .000
Winkelmayer et al.
(1978)

U.S. England, Mexico Across SV .369 .000

Wolfgang & Cohen
(1988)

Anglo Canadian West Indian Canadian,
Immigrants to Canada from
Latin America

Within FP .519 .000

Canada Israel, Ethiopia Across FP .548 .000
Yilk & Russell (1999) North America North America, China, Japan Across FP .197 .005

Note. V $ voice; FP $ facial photograph; PB $ photographs of body; SV $ silent video; FV $ full video with sound.
a Zr is the effect size (r) after a Fisher transformation for normality. b In order to preserve statistical independence, the separate effect sizes for
across-nation and within-nation samples were pooled together in the overall analysis. c Following the analysis conducted in Rosenthal et al. (1979), we
obtained an effect size by comparing the foreign versus domestic status of individual samples’ scores and their rank order. Our result differs from that
presented in Rosenthal et al. (1979) only in that we have excluded all American occupational or age samples, such as children, for which there is no
corresponding foreign sample.
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Meta-analisi di Elfenbein e Ambady (2002)

emotion tested has both significant cross-cultural accuracy as well
as a significant in-group advantage.
We found it an interesting bearing on the controversy regarding

the status of contempt as a universal emotion (e.g., Izard &
Haynes, 1988; Matsumoto, 1992b; Ricci Bitti et al., 1989; Russell,
1991) that although contempt showed a relatively low degree of
in-group advantage (8.0%), it was also the most poorly recognized
emotion (43.2%) cross-culturally.
To make comparisons across emotions, we performed an addi-

tional analysis using a repeated-measures ANOVA for both cross-
cultural accuracy and the in-group advantage. This included those
studies that reported data separately for the six most common
emotions tested: anger, disgust, fear, happiness, sadness, and sur-
prise. Contempt and positivity–negativity were, we regret, not

included along with the other six emotions frequently enough for
us to include them in this analysis. The degree of cross-cultural
accuracy in emotion recognition does appear to differ according to
the particular emotion tested, F(5, 320) ! 10.1, p " 10#14. Fear
and disgust were the most poorly recognized emotions, whereas
happiness was the most accurately recognized. The degree of an
in-group advantage in emotion recognition also appears to vary
depending on the particular emotion tested. The omnibus F test
across emotions was significant, F(5, 325) ! 3.25, p " .008. The
in-group advantage was lowest with happiness and anger, whereas
it was greatest with fear and disgust.

Differences in Emotions Across Channels

The studies in this meta-analysis that reported data separately by
emotion made use of several different channels of expression. In
particular, data were sufficient to examine separately by emotion at
the channels of facial photographs and voice, as summarized in
Table 11 for cross-cultural accuracy and the in-group advantage. It
is interesting that happiness was most accurately recognized from
the face but least accurately recognized from the voice. In com-
parison, among those emotions with data for both channels, anger
and sadness were most accurately recognized cross-culturally from
the voice but relatively less accurately recognized from the face.
Likewise, the in-group advantage was smallest for happiness in the
face, but the highest for happiness in the voice. Fear showed a
relatively large in-group advantage in both the face and the voice,
whereas anger showed a relatively small in-group advantage in
both the face and the voice.

Cross-Cultural Exposure

Is increased exposure to members of another culture associated
with decreased in-group advantage in recognizing their emotional
displays? We operationalized cross-cultural exposure using three
different methods.
First, we compared the in-group advantage for those groups

living together within the same nation, versus those groups that are
separated by a national border. The rationale was that groups living
together in the same country are likely to have greater exposure to
one another. Results summarized at the top of Table 12 suggest
that the degree of in-group advantage was smaller for such groups
with greater exposure to each other, F(1, 164) ! 8.6, p " .004 (n
! 120 across nations, n ! 46 within nations). However, cross-
cultural accuracy was no greater for groups living together within
the same nation versus those separated by a national border
(n ! 45 and 115, respectively), F(1, 158) ! 0.3,
p $ .5.
Our second and third measures of cross-cultural exposure were

proxies for cross-cultural communication. The physical proximity
between groups was included under the rationale that groups living
farther away are likely to have fewer opportunities to gain expo-
sure to one another. After all, the bulk of studies included in the
meta-analysis were conducted before advances in cross-cultural
communication associated with the development of the Internet
and cable television. Given that we operationalized physical dis-
tance as the as the crow flies distance between the capital cities, we
were able to include only those cultural comparisons crossing a
national border. A more direct proxy for cross-cultural communi-

Table 6
Stem and Leaf Plot of Proportion In-Group Advantage in Cross-
Cultural Emotion Recognition (N ! 168)

Stem Leaf

.7 7

.5 3

.5 1

.4

.4 6

.4 5

.4

.4 1

.3 8, 9

.3 6

.3 5

.3 3

.3 0, 0, 1

.2 8, 9

.2 7, 7, 7

.2

.2 2, 2, 3

.2 0, 1

.1 8, 8, 8, 9, 9, 9, 9

.1 6, 6, 6, 6, 7, 7

.1 4, 4, 4, 5, 5, 5, 5, 5, 5

.1 2, 2, 2, 2, 2, 3, 3

.1 0, 0, 0, 0, 0, 0, 0, 0, 1, 1, 1

.0 8, 8, 8, 8, 8, 8, 8, 8, 8, 8, 9, 9, 9, 9, 9, 9, 9, 9

.0 6, 6, 6, 6, 6, 6, 6, 6, 6, 6, 7, 7, 7, 7, 7

.0 4, 4, 4, 4, 4, 4, 5, 5, 5, 5, 5, 5, 5, 5, 5, 5, 5

.0 2, 2, 2, 2, 2, 2, 3, 3, 3, 3, 3, 3, 3,

.0 0, 0, 0, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 1
#.0 0, 0, 1, 1, 1, 1
#.0 3, 3, 3
#.0 4, 4, 5, 5, 5
#.0 6, 6
#.0 8
#.1 0
#.1 2, 2, 3, 3
#.1 5
#.1
#.1
#.2 0
#.2 2
#.2 5
#.2
#.2
#.3 0
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Universalità di fondo (accuratezza media = 58%) 
ma anche “dialetti” locali nell’espressione emotiva
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Figure 2. Coded responses from Study 1. Top panel depicts verbal responses produced by Hadza (left) and 
US (right) samples that were coded as “mental states”. The proportion of labels produced by a given sample 
are plotted, with higher intensity (yellow) values indicating a higher proportion and lower intensity (blue) 
values indicating a lower proportion; numerical proportion is also presented in each cell. Responses are 
plotted by the coded label types produced (y-axis) for each facial configuration of interest (x-axis). Other 
mental = other mental labels offered that did not conform to otherwise coded categories. Lower panel depicts 
verbal responses produced by Hadza (left) and US (right) samples that were coded as consistent with a set of 
“functional” descriptions derived from the prior literature. Functional descriptions are clustered according to 
their theoretically proposed links to specific emotions. Other action = other action labels offered that did not 
conform to otherwise coded categories.
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Figure 2. Coded responses from Study 1. Top panel depicts verbal responses produced by Hadza (left) and 
US (right) samples that were coded as “mental states”. The proportion of labels produced by a given sample 
are plotted, with higher intensity (yellow) values indicating a higher proportion and lower intensity (blue) 
values indicating a lower proportion; numerical proportion is also presented in each cell. Responses are 
plotted by the coded label types produced (y-axis) for each facial configuration of interest (x-axis). Other 
mental = other mental labels offered that did not conform to otherwise coded categories. Lower panel depicts 
verbal responses produced by Hadza (left) and US (right) samples that were coded as consistent with a set of 
“functional” descriptions derived from the prior literature. Functional descriptions are clustered according to 
their theoretically proposed links to specific emotions. Other action = other action labels offered that did not 
conform to otherwise coded categories.
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AU 14, 17, and/or 28.) Kruskal-Wallis tests indicated that differ-
ences occurred for all smiles, !2(2, N " 51) " 5.97, p # .05;
Duchenne smiles, !2(2, N " 51) " 8.09, p # .05; and non-
Duchenne smiles, !2(2, N " 51) " 5.68, p # .05. Winners (gold
and bronze) displayed all types of smiles and Duchenne smiles
more frequently than did the defeated (silver medalists), t(51) "
2.58, p # .01, d " 1.44, and t(51) " 2.61, p # .01, d " 2.14,
respectively. The defeated athletes, however, displayed more non-
Duchenne smiles, t(51) " 2.46, p # .05, d " 1.61 (see Figure 2).

On the podium, the 51 athletes produced controlled and uncon-
trolled Duchenne smiles, Duchenne smiles in combination with
other emotions (contempt), non-Duchenne smiles, anger, con-
tempt, sadness, and uninterpretable expressions. Kruskal-Wallis
tests indicated that differences occurred for all smiles, !2(2, N "
51) " 5.57, p # .05; Duchenne smiles, !2(2, N " 51) " 17.02,
p # .001; and non-Duchenne smiles, !2(2, N " 51) " 12.63, p #
.001. The winners displayed all types of smiles and Duchenne
smiles more frequently than did the defeated, t(51) " 2.30, p #
.05, d " 1.92, and t(51) " 5.00, p # .001, d " 6.25, respectively.
The defeated athletes, however, displayed more non-Duchenne
smiles, t(51) " 3.41, p # .001, d " 2.52; contempt, t(51) " 1.70,
p # .05, d " 1.12; and controlled expressions, t(51) " 2.02, p #
.05, d " 1.66 (see Figure 3).

There were several noteworthy nonfindings. The proportion of
expressions that were not interpretable according to the EMFACS
emotion dictionary was .13, which is comparable with the propor-
tion of noninterpretable expressions produced by sighted athletes
(Matsumoto & Willingham, 2006), as well as with the uninterpret-
able responses produced by American and Japanese participants in
a laboratory setting (Ekman, 1972). We also tested differences
between winners and defeated athletes in the total number of facial
actions produced; there were no differences at any of the three time
periods. Thus, the findings cannot be explained by differential

amounts of overall facial movement, nor by disproportionate
amounts of interpretable expressions.

Did the Expressions of the Blind Athletes Differ as a
Function of Social Context?

Most of the gold and bronze medalists (i.e., those who won their
medal matches) produced a Duchenne smile at match completion
(74%) and also subsequently produced a Duchenne smile when
receiving their medal (97%) and posing on the podium (76%).
These findings replicated Matsumoto and Willingham’s (2006)
research with sighted athletes. The more interesting comparison,
however, concerned the silver medalists, who lost their medal
matches. It is interesting to note that none of them produced a
Duchenne smile at the end of their medal match; 85% of them,
however, produced some kind of smile when receiving their
medal, and 54% of them produced a smile when on the podium
posing. We tested these two latter proportions against the proportion
of silver medalists who smiled at match completion using a McNemar
nonindependent differences in proportions test, and both were signif-

Table 3
Pearson and Spearman (in Parentheses) Correlations Between
Congenitally Blind, Noncongenitally Blind, and Sighted Athletes
on Relative Proportions of Individual FACS AUs (Top Right)
and EMFACS Categories (Bottom Left)

Blind status
Congenitally

blind
Noncongenitally

blind Sighted

Match completion

Congenitally blind — .88!! (.74!!) .85!! (.77!!)
Noncongenitally blind .63! (.56!) — .96!! (.83!!)
Sighted .29 (.26) .82! (.44†) —

Receiving medal

Congenitally blind — .97!! (.71!!) .96!! (.51!!)
Noncongenitally blind .99!! (.47†) — .98!! (.38!)
Sighted .99!! (.48†) .99!! (.48†) —

On podium

Congenitally blind — .90!! (.37!) .92!! (.51!!)
Noncongenitally blind .94!! (.69!) — .95!! (.71!!)
Sighted .98!! (.71!) .95!! (.68!) —

Note. FACS " Ekman and Friesen’s (1978) Facial Action Coding System;
AU " action unit; EMFACS " Emotion FACS (Ekman & Friesen, 1982).
† p # .10. ! p # .05. !! p # .01.

Table 4
Frequencies of Blind Athletes Displaying the Expressions
Classified by the EMFACS Dictionary at Three Points in Time

Type of expression

Athlete place finish

Gold Silver Bronze Fifth

Match completion

Duchenne smiles 7 0 7 0
Duchenne smile $ Surprise 1 0 1 0
Duchenne smile $ Sadness 1 0 0 0
Non-Duchenne smile 2 1 0 0
Contempt 0 0 0 1
Disgust 0 1 0 1
Negative 0 0 0 1
Sadness 0 4 0 0
Surprise 0 1 0 0
Not in dictionary 0 1 4 5

Total 11 8 12 8

Receiving medal

Uncontrolled Duchenne smiles 12 5 15
Duchenne smile $ Contempt 0 1 2
Duchenne smile $ Disgust 0 0 1
Duchenne smile $ Sadness 0 0 1
Controlled Duchenne smile 1 2 5
Non-Duchenne smile 0 3 1
Disgust 0 1 0
Not in dictionary 0 1 0

Total 13 13 25

On podium

Uncontrolled Duchenne smile 8 0 15
Controlled Duchenne smile 1 1 4
Non-Duchenne smile 3 6 0
Duchenne smile $ Contempt 0 0 1
Anger 0 1 1
Contempt 0 2 0
Sadness 0 0 1
Not in dictionary 1 3 3

Total 13 13 25

Note. EMFACS " Emotion FACS (Ekman & Friesen, 1982).
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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 recog-
nition 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 con-
textual 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 theo-
retical 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).

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 correla-
tions (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 associa-
tions 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 associa-
tions 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 associ-
ated 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, 

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 

F (contempt)

N (sadness)

a

b

H (desire) L (interest) G (contentment)

A (amusement)

M (pain)

K (elation)

P (triumph)

C (awe)

O (surprise)B (anger)E (confusion)

J (doubt)

D (concentration)

I (disappointment)

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).
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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.

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 cor-
relations, we accounted for the sparsity of some contexts by weight-
ing 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 

two regions (0.703) approximates their correlation with universal asso-
ciations 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–expres-
sion associations, we computed the shared variance between con-
text–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 subconti-
nent) 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 sub-
continent 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. How-
ever, 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 
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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 private50) 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.

Cowen et al. (2020)
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between Western civilizations and the civilizations of the ancient 
Americas and therefore cannot be explained by Western cultural 
influence. This overcomes confounds of survey-based studies 
that have been the foci of debate over the universality of emotion 
(1, 4–7, 24).

More generally, our findings demonstrate how clues to the 
origins of psychological behavior can be found in ancient artifacts. 
Another recent study uncovered parallels between present-day moral 
decision-making behaviors and intuitions captured in ancient Chinese 
and Sumerian legal texts (33). Together, these studies establish how 
documenting psychological behavior in ancient people can rule out 
influence from present-day Western civilization.

The study of sculpture from the ancient Americas comes with 
several methodological concerns. First, it is notable that there have 
been concerns of authenticity in ancient American sculpture (29, 30). 
We have mitigated this concern within the present study by apply-
ing conservative criteria for inclusion of each sculpture (see the 
“Gauging authenticity” section in Materials and Methods), leaving it 
to future studies to analyze expressive behavior in contexts portrayed 
by sculptures that are often more difficult to authenticate, such as birth 
and sex. Second, there may be concerns of bias in Western experts’ 
evaluations of the contexts portrayed in each sculpture. Thus, we only 
studied sculptures in which the context was readily apparent, marked 
by clear physical attributes such as visible bodily injury, weaponry 
being brandished, or babies being held. Last, there may be concerns 
regarding selection bias in the sculptures included in the study. To 
mitigate this concern, we scoured thousands of sculptures in museum 
archives and compiled all that had discernible faces and contexts 
(see Materials and Methods). Future inquiry into a broader array of 

sculptures and contexts could be facilitated by future archeological 
discoveries, along with advances in methods of authentication.

Note that in studying any artwork, there are limitations: We cannot 
know for certain whether its portrayals are faithful to the everyday 
lives of the people it depicts. We have no direct insight into the feelings 
of people from the ancient Americas. What we can conclude is that 
ancient American artists shared some of present-day Westerners’ asso-
ciations between facial muscle configurations and social contexts in 
which they might occur, associations that predate any known con-
tact between the West and the ancient Americas. One parsimonious 
explanation for these associations is that people actually produced 
the facial muscle configurations more often in the depicted contexts.

The present results thus provide support for the universality of 
at least five kinds of facial expression: those associated with pain 
(17, 34), anger (20), determination/strain, elation (17), and sadness 
(20). These findings support the notion that we are biologically pre-
pared to express certain emotional states with particular behaviors, 
shedding light on the nature of our responses to experiences thought 
to bring meaning to our lives (8).

MATERIALS AND METHODS
Collecting ancient American sculptures
An initial set of ancient American sculptures was gathered by analyzing 
thousands of sculptures in seven academic and museum databases (the 
Kerr Portfolio, the Art Institute of Chicago, the Los Angeles County 
Museum of Art, the Metropolitan Museum of Art, the Princeton 
University Art Museum, the Boston Museum of Fine Arts, and 
the Harvard Peabody Museum of Archeology and Ethnology). 
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Fig. 4. Mapping sculptures along dimensions of perceived facial expression that tend to accord with predicted emotions. To explore the distribution of ancient 
American artwork along the dimensions of perceived facial expression that accorded with predicted responses to each context, projections of each face onto the dimen-
sions were subjected to t-SNE (32), which positioned each face near faces with similar projections. The dimensions are also represented with five distinct colors—one for 
the first dimension, which was unipolar, and two distinct colors for each the two dimensions that were bipolar. Colors assigned to individual faces are weighted averages 
of their loadings on each dimension. Eight example sculptures are shown. To explore all 63 sculptures, see online map: https://s3.amazonaws.com/precolumbian/map.
html. Credit, from top left down: (i) Metropolitan Museum of Art 2005.91.12, gift of the Andrall and Joanne Pearson Collection, 2005; (ii) Princeton University Art Museum 
2003-26, gift of G. G. Griffin; (iii) Metropolitan Museum of Art 1979.206.578, Michael C. Rockefeller Memorial Collection, Bequest of Nelson A. Rockefeller, 1979; (iv) Kerr 
Portfolio 342, Jaina Figure, photo by J. Kerr; (v) Kimbell Art Museum, Fort Worth, Texas, AP 1971.07, Presentation of Captives to a Maya Ruler (detail) (39); and (vi) Photo-
graph: Museum of Fine Arts, Boston 1983.288, gift of L. T. Clay (40).
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Emotion Theories: A Family Tree

Motivational TraditionFeeling Tradition Motivational Tradition Evaluative Tradition

Atomist
Perceptualist

Approach
(e.g., Descartes,

Hume)

Constructionist
Approach

(e.g., James, Lange)

Reflexivist
Approach

(e.g., Watson)

Impulsivist
Approach

(e.g., Dewey, Skinner,
Ryle, McDougall, Shand)

Constitutive
Approach

(e.g., Stoics, Meinong)

Causal
Approach

(e.g., Aristotle,
Arnold, Lazarus)

Psychological
Constructionism
(e.g., Russell,

Barrett)

Neo-Jamesianism
(e.g., Damasio,

Prinz)

Judgmentalism
(e.g., Solomon,

Nussbaum)

Evaluative
Perceptualism/Feeling

Theory
(e.g., Goldie, De Sousa,

Deonna & Teroni,
Tappolet, Helm,

Roberts)

Flavors 1 and 2
Appraisal
Theories

(e.g., Scherer,
Moors,

Roseman)
Basic Emotion

Theory
(e.g., Tomkins,
Ekman, Izard,

Levenson)

Social
Constructionism

(e.g., Sartre, Averill,
Parkinson,
Mesquita)

Motivational
Theories

(e.g., Frijda,
Scarantino)

Flavor 3 Appraisal
Theories

(e.g., Ortony & Clore,
Ellsworth)

FIGURE 1.1. A family tree for theories of emotions. Dashed lines are meant to signal more tenuous connections among traditions, approaches, and research programs 
than solid lines.



L’approccio costruttivista

Meccanismi specializzati (“programmi” ecc.) che generano specifiche emozioni

Meccanismi generali i cui output vengono interpretati come specifiche “emozioni”

- Due dimensioni: arousal (attivazione) e valenza

- Le espressioni facciali esprimono arousal + valenza

- Base per la tesi dell’“universalità minima”

Russell: il core affect (stato affettivo di base) come input del 
processo costruttivo

Critiche principali:

- universalità supportata solo in parte, con eccezioni e risultati negativi
- scarsa coerenza tra esperienza, espressioni, fisiologia, comportamenti…
- dipendenza dal contesto di espressioni e percezione
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valence and arousal explain greater variance in emotion 
recognition.

As one can see in the top row of Figure 6, a com-
prehensive array of 28 emotion categories such as “awe” 
and “love” were found to capture a much broader and 
richer space of emotion recognized in facial expression 
than could be explained by just valence and arousal 
(pink circles). These emotion categories also capture a 
substantially richer space than the six discrete emotion 
categories that constitute Barrett and colleagues’ por-
trayal of common beliefs about emotion (left Venn dia-
grams). Specifically, valence and arousal and the basic 
six both captured only about 30% of the variance. We 
replicated this pattern of results in a study of emotional 
experience in response to videos, as portrayed in the 
bottom row of Figure 6 (Cowen & Keltner, 2017). To 
capture the richness of emotional experience and rec-
ognition, then, we cannot rely only on the basic six, 
but we also cannot reduce the rich set of categories of 
emotion that people distinguish to simpler dimensions 
of valence and arousal.

Although valence and arousal capture a small pro-
portion (around 30%) of the variance in emotional 
experience and emotion recognition, it is worth asking 
whether this variance represents what is preserved 
across cultures. Another recent study (Cowen et al., 
2019) offers an initial answer to this question, exploring 
the processes by which people across cultures concep-
tualize emotional expression in prosody (i.e., the non-
lexical patterns of tune, rhythm, and timbre in speech). 
U.S. and Indian participants were presented with 2,519 
speech samples of emotional prosody produced by 100 
actors from five cultures. They were then asked, in 
separate response formats, to judge the samples in 
terms of 30 emotion categories and 23 more general 
appraisals (e.g., valence, arousal). Statistical analyses 
revealed that emotion categories (including many 
beyond the basic six, such as amusement, contentment, 
and desire) drove similarities in emotion recognition 
across cultures more so than many fundamental 
appraisals—even valence (pleasantness vs. unpleasant-
ness), which Barrett and colleagues and others appear 

Reported Emotional Experiences

Facial/Bodily Expressions

Variance in
 Basic Six
Emotions

Variance in
28 Emotion 

Categories

Variance in
 Basic Six
Emotions

Variance in
34 Emotion 

Categories

Variance in
28 Emotion 

Categories

Variance in
 Valence and
Arousal

Variance in
34 Emotion 

Categories

Variance in
 Valence and
Arousal

Fig. 6. Variance captured by high-dimensional models of emotion versus the basic six and valence plus arousal 
(Cowen & Keltner, 2017, in press). By mapping reported emotional experiences and facial expressions into a high-
dimensional space (see Fig. 5), we can predict how they are recognized in terms of the basic six emotions and valence 
and arousal. However, we can also see that these traditional models are highly impoverished. For these analyses, we 
collected separate judgments of 1,500 faces and 2,185 videos in terms of just the basic six categories (anger, disgust, 
fear, happiness, sadness, and surprise). Each Venn diagram represents the proportion of the systematic variance in one 
set of judgments that can be explained by another set of judgments, using nonlinear regression methods (k-nearest 
neighbors). Although high-dimensional models largely capture the systematic variance in separate judgments of the 
basic six and valence and arousal, both the basic six (left) and valence and arousal (right) capture around 30% or 
less of the systematic variance in the high-dimensional models (28.0% and 28.5%, respectively, for facial expressions; 
30.2% and 29.1%, respectively, for emotional experiences). (Note that in predicting other judgments from the basic six, 
we used only the category chosen most often by raters, assigning equal weight when there were ties, in accordance 
with the assumption of discreteness inherent in research cited in Barrett and colleagues’ review in their portrayal of 
common beliefs about emotion).

Cowen et al. (2019)
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in terms of culture (Elfenbein, Beaupré, Lévesque, & 
Hess, 2007). Different populations develop culturally 
specific dialects in which they express emotion in ways 
that are partially distinctive yet largely consistent across 
cultural groups (Elfenbein, 2013). Occasionally, they 
produce expressions that are unique to their own cul-
tures; for example, in India, embarrassment is expressed 
with an iconic tongue bite and shoulder shrug (Haidt 
& Keltner, 1999).

How culturally variable are expressions of emotion? 
In one study, participants belonging to five different 
cultures—China, India, Japan, Korea, and the United 
States—heard 22 emotion-specific situations described 
in their native languages and expressed the elicited 
emotion in whatever fashion they desired (Cordaro 
et al., 2018). Intensive coding of participants’ expres-
sions of these 22 emotions revealed that 50% of an 
individual’s expressive behavior was shared across the 

Fig. 5. Map of 28 varieties of emotion recognized in 1,500 facial/bodily expressions (Cowen & Keltner, in press). Participants judged 
each expression in terms of 28 emotion categories (free response) and 13 scales of affective appraisal, including valence, arousal, 
dominance, certainty, and more. All 28 categories were required to capture the systematic variation in participants’ judgments. As 
with the emotions evoked by video and recognized in vocal expression (Figs. 3 and 4), the emotions recognized in facial/bodily 
expression were most accurately conceptualized in terms of the emotion categories, and we can see that emotion categories often 
treated as discrete are bridged by continuous gradients. For an interactive version of this figure, see https://s3-us-west-1.amazonaws 
.com/face28/map.html.



Lisa Feldman Barrett: teoria dell’emozione costruita (TCE)

- Basata sulla teoria del “predictive brain”

A

B

C

D

Fig. 5. A depiction of predictive coding in the human brain. (A) Key limbic and paralimbic cortices (in blue) provide cortical control the body’s internal milieu. Primary
MC is depicted in red, and primary sensory regions are in yellow. For simplicity, only primary visual, interoceptive and somatosensory cortices are shown; subcortical
regions are not shown. (B) Limbic cortices initiate visceromotor predictions to the hypothalamus and brainstem nuclei (e.g. PAG, PBN, nucleus of the solitary tract) to
regulate the autonomic, neuroendocrine, and immune systems (solid lines). The incoming sensory inputs from the internal milieu of the body are carried along the
vagus nerve and small diameter C and Ad fibers to limbic regions (dotted lines). Comparisons between prediction signals and ascending sensory input results in predic-
tion error that is available to update the brain’s internal model. In this way, prediction errors are learning signals and therefore adjust subsequent predictions. (C)
Efferent copies of visceromotor predictions are sent to MC as motor predictions (solid lines) and prediction errors are sent from MC to limbic cortices (dotted lines). (D)
Sensory cortices receive sensory predictions from several sources. They receive efferent copies of visceromotor predictions (black lines) and efferent copies of motor
predictions (red lines). Sensory cortices with less well developed lamination (e.g. primary interoceptive cortex) also send sensory predictions to cortices with more
well-developed granular architecture (e.g. in this figure, somatosensory and primary visual cortices, gold lines). For simplicity’s sake, prediction errors are not depicted
in panel D. sgACC, subgenual anterior cingulate cortex; vmPFC, ventromedial prefrontal cortex; pgACC, pregenual anterior cingulate cortex; dmPFC, dorsomedial pre-
frontal cortex; MCC, midcingulate cortex; vaIns, ventral anterior insula; daIns, dorsal anterior insula and includes ventrolateral prefrontal cortex; SMA, supplementary
motor area; PMC, premotor cortex m/pIns, mid/posterior insula (primary interoceptive cortex); SSC, somatosensory cortex; V1, primary visual cortex; and MC, motor
cortex (for relevant neuroanatomy references, see Kleckner et al., in press).
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Barrett (2017)

- Il cervello costruisce continuamente concetti e 
  categorie per identificare, spiegare e predire  
  gli input (sia sensoriali che enterocettivi) 

- Le emozioni vengono costruite allo stesso modo    
  delle altre percezioni, dagli stessi meccanismi

- Si ha un’episodio emozionale quando una   
  certa configurazione di input viene categorizzata   
  come un’emozione (ad es. “rabbia”)

- “Emozioni di base” e altri meccanismi   
  specializzati riflettono una fallacia essenzialista



vi. I am not saying that concepts are stored in the default
mode network. I’m saying that the default mode network
represents efficient, multimodal summaries, from which a
cascade of predictions issues through the entire cortical
sheet, terminating in primary sensory and motor regions.
The whole cascade is an instance of a concept.

vii. I am not saying that emotions are deliberate, nor denying
that automaticity exists. I am saying that in humans, ac-
tual executive control (e.g. via the frontoparietal control
network in primates) and the experience of feeling in con-
trol are not synonymous (Barrett et al., 2004). All animal
brains create concepts to categorize sensory inputs and
guide action in an obligatory and automatic way, outside
of awareness. Automaticity and control are different brain
modes (each of which can be achieved with a variety of
network configurations), not two battling brain systems.

viii. I am not saying that non-human animals are emotionless.
I’m saying that emotion is perceiver-dependent, so ques-
tions about the nature of emotion must include a

perceiver. ‘Is the fly fearful?’ is not a scientific question,
but ‘Does a human perceive fear in the fly?’ and ‘Does the
fly feel fear?’ can be answered scientifically (and the an-
swers are ‘yes’ and ‘no’). Notice that I am not claiming that
a fly feels nothing; it may feel affect (Barrett, 2017).

Selected implications of the theory
Scientific revolutions are difficult. At the beginning, new para-
digms raise more questions than they answer. They may ex-
plain existing anomalies or redefine lingering questions out of
existence, but they also introduce a new set of questions that
can be answered only with new experimental and computa-
tional techniques. This is a feature, not a bug, because it fosters
scientific discovery (Firestein, 2012). A new paradigm barely
gets started before it is criticized for not providing all the an-
swers. But progress in science is often not answering old ques-
tions but asking better ones. The value of a new approach is
never based on answering the questions of the old approach.

Table 2. Selected neuroscience evidence supporting the theory of constructed emotion

Observation Method Example Citations

Degeneracy: mapping many neurons, regions,
networks or patterns to one emotion category

Human neuroimaging: task-related
data

(Vytal and Hamann, 2010; Lindquist et al.,
2012; Wilson-Mendenhall et al., 2011, 2015;
Oosterwijk et al, 2015)

Degeneracy: mapping many neurons, regions,
networks or patterns to one emotion category

Human neuroimaging: multi-voxel
pattern analysis

(Clark-Polner, Johnson and barrett, 2016);
compare the different patterns for a given
emotion category across (Kragel and LaBar,
2015; Wager et al., 2015; Saarimaki et al.,
2016)

Degeneracy: mapping many neurons, regions,
networks, or patterns to one emotion category

Intracranial stimulation in humans (Guillory and Bujarski, 2014)

Degeneracy: mapping many neurons, regions,
networks, or patterns to one emotion category

Behavioral observations in humans
with amygdala lesions

(Becker et al., 2012; Mihov et al., 2013)

Degeneracy: mapping many neurons, regions,
networks, or patterns to one emotion category

Optogenetic research showing many
to one mappings for behaviors in
rodents

(Herry and Johansen, 2014)

Neural reuse: Mapping one neural assembly to
many emotion categories

Human neuroimaging: task-related
data

(Vytal and Hamann, 2010; Wilson-
Mendenhall et al., 2011; Lindquist et al.,
2012)

Neural reuse: Mapping one neural assembly to
many emotion categories

Human neuroimaging: intrinsic con-
nectivity data

(Wilson-Mendenhall et al., 2011; Barrett and
Satpute, 2013; Touroutoglou et al., 2015)

Neural reuse: Mapping one neural assembly to
many emotion categories

Optogenetic research and some lesion
research in rodents

(Tovote et al., 2015)

Predictive coding explains aversive (‘fear’)
learning

Optogenetic research and some lesion
research in rodents

(Furlong et al., 2010; McNally et al., 2011; Li
and McNally, 2014)

Emotion concepts are embodied Human neuroimaging: task-related
data

(Oosterwijk et al., 2012, 2015)

Multimodal summaries of emotion concepts are
represented in the default mode network

Human neuroimaging: task-related
data

(Peelen et al., 2010; Skerry and Saxe, 2015)

Default mode and salience network interconnec-
tivity is associated with the intensity of emo-
tional experiences (as distinct from arousal)

Human neuroimaging: task-related
data

(Raz et al., 2016)

Embodied simulations are associated with
increased activity in primary interoceptive
cortex

Human neuroimaging: task-related
data

(Wilson-Mendenhall et al., under review)

14 | Social Cognitive and Affective Neuroscience, 2017, Vol. 0, No. 0



Emozioni di base nel cervello?

Vytal & Hamann (2010)



Wager et al. (2015)


