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Abstract

Central to emotion science is the degree to which categories, such as awe, or broader affective
features, such as valence, underlie the recognition of emotional expression. To explore the
processes by which people recognize emotion from prosody, US and Indian participants were
asked to judge the emotion categories or affective features communicated by 2,519 speech samples
produced by 100 actors from five cultures. With large-scale statistical inference methods, we find
that prosody can communicate at least 12 distinct kinds of emotion that are preserved across the
two cultures. Analyses of the semantic and acoustic structure of emotion recognition reveal that
emotion categories drive emotion recognition more so than affective features, including valence. In
contrast to discrete emotion theories, however, emotion categories are bridged by gradients
representing blends of emotions. Our findings, visualized within an interactive map (https://s3-us-
west-1.amazonaws.com/venec/map.html), reveal a complex, high-dimensional space of emotional
states recognized cross-culturally in speech prosody.

Emotion recognition is fundamental to human social interaction. Brief emotional displays in
the face and voice by nearby adults guide infants’ and children’s responses to their
environment, and figure prominently in how adults negotiate rank and status, establish trust,
discern affection and commitment, and forgive each other 1-6. Given the centrality of
emotional expression to social life, it should not surprise that the recognition of facial
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expression and emotion-related vocalization is known to be processed in specific brain
regions 711, to be preserved to a considerable extent across many cultures 1216 and to have
evolutionary homologies in a wide range of primate species and even other mammals 17-20,

Early in the study of emotion recognition, empirical studies focused on prototypical facial
expressions of six to eight categories of emotion 1321.22_ More recently, scientists have
begun to document the varied ways in which humans communicate emotion with the voice.
With short bursts of sound, known as vocal bursts, humans can communicate upwards of 15
emotions, a finding now replicated in over a dozen cultures, including two remote cultures
with minimal contact with the West (e.g., 16:23; but see 24 for findings of greater cultural
relativity). With fleeting emotional vocalizations, parents communicate to infants what is
worthy of approach or warranting avoidance 2°, adults infer a person’s rank within a social
hierarchy 4, and singers convey specific emotions in song 26 (for review, see 27). By the age
of 2, children can readily identify at least five positive emotions from brief emotion-related
vocalizations 28,

In the present investigation, we focus on emotional prosody—the non-lexical patterns of
tune, rhythm, and timbre in speech, modulated by the implements of human vocal control:
air pressure from the lungs, tension in the vocal cords, and filtration through the throat,
tongue, palate, cheeks, lips, and nasal passages 2°. (Some definitions of prosody exclude
timbre, but we include it here for simplicity, as described in Supplementary Discussion 1:
Including Timbre in Prosody.) Prosody interacts with spoken words to convey emotional
feelings and attitudes, including dispositions felt toward the objects and ideas described in
speech 30-32 Work in this area suggests that prosodic modulation conveys upwards of 12
emotion categories as well as broader affective features, such as valence and arousal, 33:34

and that these signals are to some degree understood by listeners from different cultures
32-36

In this emerging science, what is not well understood is how people recognize emation in
the voice. That is, what is the mapping from the variations in emotional prosody people hear
to the complex network of words and phrases that people (including scientists) rely on to
represent emotion? How many distinct emations do people recognize in the complex array
of variations in prosody they hear in their daily lives? What drives their recognition of
emotion, emotion categories (e.g., “awe”, “fear”) or broader scales that capture core affect
appraisals (valence, arousal)? What is the structure of the categories that people rely on to
represent emotion inferred from sound: are they discrete or bridged by gradients of

meaning?

In the present investigation we seek new answers to these questions. We do so by examining
how the cross-cultural recognition of prosodic modulations of the voice is explained by their
organization within a semantic space of emotion recognition. A semantic space consists of
the set of dimensions that capture how emotional states are perceived in relation to one
another 7. Such a space is characterized by three properties. The first is the conceptualization
of emotional states in terms of emotion concepts and more general affective features, and
how people use these concepts in representing emotion3”. This property, a central focus in
this investigation, informs theoretical claims about whether distinct emotion categories or
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affective features such as valence and arousal organize the recognition of emotion (see
Supplementary Discussion 2: Emotion Categories, Affective Features, Scales, and
Dimensions for definitions). The second is the dimensionality of the semantic space, or the
number of independent directions in the space, the study of which yields answers to
questions about the number of distinct emotions that can be signaled by expressive behavior.
And the third is the distribution of emotional states along these dimensions, which is
germane to questions concerning the nature of the boundaries between emotion categories
(e.g., are they discrete or not).

To capture a semantic space of any modality of emotion, empirical work should be guided
by several principles. First, it is critical to study a vast array of stimuli to allow for the
emergence a full dimensionality of that space, which potentially might include dozens of
distinct emotions increasingly of interest in the field12.14:33.38 Most studies of emotional
expression, it is of note, have focused on a narrow array of emotions, most typically six
(anger, disgust, fear, sadness, surprise, and happiness). Second, large-scale stimulus
collection approaches should more reliably capture natural, within-category variation in how
each emotion can be elicited or expressed; /39 this stands in contrast to a traditional focus in
the literature on the recognition of prototypical expressions or visual morphs between them
12,40-43 A focus simply on emotion prototypes risks overestimating the degree of
discreteness of emotion categories. Third, to capture the conceptualization of emotion, it is
important to gather independent ratings in terms of emotion categories and affective features
of the behavior of interest — experience or expression, for example. In doing so, studies need
to move beyond foundational work that suggested emotions may be organized within a space
44 defined by its two to three broadest dimensions to include the affective features of
cognitive appraisal theory 344546 and componential theorizing 47. Such theories describe
how affective features other than valence and arousal are needed to account for the wide
array of emotions studied today 4448, Fourth, multidimensional reliability analysis
techniques (techniques that extract dimensions on the basis of reliability across raters, rather
than, for example, variance) can be used to investigate the extent to which judgments of
distinct expressions can reliably be mapped into a high-dimensional space 7 (see also
Supplementary Discussion 3: Multidimensional Reliability Analysis). This large-scale
statistical inference approach contrasts with the reliance of typical emotion recognition
research on either univariate recognition accuracy (reliability) 12:13.16.2143 or factor analysis
454950 jith these methodological advances, researchers can document how many distinct
varieties of emotion are recognized and how these different varieties of emotion may
simultaneously be organized by affective features, emotion categories, and gradients of
relatedness between emotion categories, across different cultures (see Supplementary
Discussion 4: Limitations of Traditional Methods for further detail regarding methodological
limitations of past studies).

A recent examination of the semantic space of reported emotional experience  validated
these methodological approaches, suggesting that they can be fruitfully extended to
understand the semantic space of emotion recognition. In this previous study, participants
reported on the emaotional responses to over 2000 videos in terms of a wide array of emotion
categories and in terms of 14 affective features derived from appraisal and componential
theories of emotion 4450, These responses were analyzed to derive a semantic space of
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reported emotional experience 7. This study documented that (1) at least 27 distinct
dimensions, or what one might think of as distinct kinds of emotion, were reliably elicited
by different videos; (2) categorical labels were more powerful organizers of self-reported
experiences than reports along well-studied scales of affect such as valence; and (3) reported
experiences fell along gradients that blurred the boundaries between categories of emotion.

Here, with further large-scale statistical inference advances, we derive a semantic space of
the recognition of emotional prosody. We do so from US and Indian judgments of
prosodically modulated, lexically identical speech samples produced by actors from five
different cultures imagining themselves in an array of emotional scenarios. Samples of vocal
prosody produced in this fashion have been found to resemble the spontaneous emotional
modulations that occur in roughly 2% of everyday speech °1-53 and as much as a quarter of
speech in emotional contexts 24, differing modestly from naturalistic vocalizations in terms
of their average perceptual and acoustic features °>-58, By comparing how participants from
India and the US interpret speech samples richly varying only in their prosodic features, we
can ascertain how the meaning of emotional prosody may be preserved across two very
distinct English-speaking cultures °9:60 within a shared semantic space, including the relative
primacy of emotion categories and affective features.

At stake in the study of semantic space of emotion recognition are answers to questions of
central theoretical import. First, how should emotional expressions be conceptualized: to
what extent do they convey specific categories of emotion, such as awe and fear 40:61-64 and
information about affective features, such as valence and arousal 44:45:47.65.66 (and can one
of these manners of conceptualizing expression be accounted for by the other)? Second, how
many varieties of emotion conveyed by emotional expressions are distinct, thus mapping to
separate semantic dimensions? Third, do emotional expressions occupy discrete clusters—
families of states such as awe, interest, and surprise 46671 or do they lie along continuous
gradients 73941,44.48.729 And finally, to what extent are the aforementioned properties of
emotional expressions preserved across cultures 12:13.15.16,73,749 Tq answer these questions
and derive a cross-cultural semantic space of the recognition of emotion from prosody, we
collected judgments from participants in the US and India of the most extensive stimulus set
of emotional prosody in terms of number of emotions considered and cultures of origin of
speakers, ideal for deriving a semantic space of emotion recognition for reasons we outlined
above.

2345 participants from the US and India were recruited on Amazon Mechanical Turk. Each
participant was asked to judge at least 30 randomly selected speech samples from the
VENEC corpus of 2519 speech samples 33.75. The VENEC corpus consists of two sentences
(“Let me tell you something” and “That’s exactly what happened”) that were spoken by 100
actors from five different English-speaking cultures (US, India, Australia, Kenya, and
Singapore) in tones targeting 18 categories of emotion derived from past studies of emotion-
related vocalization 33, Participants judged the speech samples in one of two randomly
assigned response formats. One group of participants was asked to select a term, from 30
emotion categories, that best matched the emotion expressed in each speech sample. The
emotion categories used for judgment were derived from recent studies of emotion-related
prosody and vocal bursts, and included: ADORATION, AMUSEMENT, ANGER, AWE,
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CONFUSION, CONTEMPT, CONTENTMENT, DES/RE, DISAPPOINTMENT,
DISGUST, DISTRESS, ECSTASY, ELATION, EMBARRASSMENT, FEAR, GUILT,
INTEREST, PAIN, PRIDE, REALIZATION, RELIEF, ROMANTIC LOVE, SADNESS,
SERENITY, SHAME, SURPRISE (NEGATIVE), SURPRISE (POSITIVE), SYMPATHY,
TRIUMPH, and NEUTRAL, italicized categories parallel those targeted with scenarios
presented during the recording of the speech samples (see Supplementary Methods 1:
Recording the Speech Samples).

A second group of participants rated each of the 30 different speech samples they judged in
terms of 23 different affective features. These features were culled from dimensional and
componential theoretical accounts of the appraisal processes proposed to underlie emotion
recognition and experience 44:45.47.66.76,77 and included ABRUPTNESS,
ADJUSTABILITY, APPROACH, AROUSAL, ATTENTION, CERTAINTY,
COMMITMENT, CONTROL, DOMINANCE, EFFORT, EXPECTEDNESS, FAIRNESS,
GOAL RELEVANCY, IDENTITY, IMPROVEMENT, NORMATIVITY TO THE AGENT,
NORMATIVITY TO SOCIETY, NOVELTY, OBSTRUCTION, PROBABILITY, SAFETY,
URGENCY, and VALENCE. (Note that we use these labels only as shorthand for the more
colloquial, literature-derived questions to which raters actually responded. See
Supplementary Methods 2: Judgment Surveys and Supplementary Tables 1-2 for specific
wording of each of these appraisal dimensions and their sources in the theoretical literature.)
Participants judged each speech sample on 9-point Likert scales (1 = negative levels or none
of the feature, 5 = neutral or moderate levels, 9 = extreme levels of the feature).

Based on past estimates of reliability in observer judgment 7, for each speech sample we
collected 10-15 judgments from separate participants in each of the two response formats, in
each culture. Thus, we gathered a total of 1,270,736 individual judgments of all speech
samples (75,461 forced-choice categorical judgments and 1,195,275 nine-point scale
judgments; see also Supplementary Methods 2: Judgment Surveys). The categories used for
judgment included the emotions the actors were instructed to target 33 as well as emotions
previously found to be conveyed by the voice 23:78.79, The collection of a wide range of
judgments of a rich array of lexically identical speech samples allows us to apply large-scale
statistical inference techniques to examine the conceptualization, dimensionality, and
distribution of emotion recognized in prosody across two cultures.

Guided by our semantic space analysis of emotion recognition, past validated methods 7, and
a central design feature of this investigation—data gathered from two cultures—our data
analysis proceeds as follows. First, to explore issues of conceptualization, we examine what
is better preserved across the two cultures, emotion categories or affective features, and
which is more potent in explaining variance in the other across judgments of Indian and US
participants. Then, to address the dimensionality of the space, we rely on statistical
techniques that uncover how many distinct varieties of emotion are required to account for
cross-cultural similarities in the recognition of emotional prosody. Finally, with recently
developed visualization techniques, we explore the distribution of emotions signaled by
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prosody within a high dimensional space. We conclude by looking at the acoustic correlates
of the emotions conveyed in prosody, and address whether these acoustic features better
track emotion categories or affective features across the two cultures.

Verifying the recognition of emotion categories.

Past studies have often relied on accuracy rates that derive from whether participants’
judgments match experimenter expectations to ascertain the cross-cultural similarity in
emotion recognition 1213.16.23.24.38 For reasons we outline in Supplementary Discussion 5:
Interrater Agreement, we operationalized emotion recognition in terms of inter-rater
agreement, a more data driven approach to observer consensus in emotion recognition.
Guided by this conceptual approach, we first analyze the combined data from Indian and US
participants to verify that we obtained reliable judgments of emotion, one way of
determining how many emotions were recognized in the 2519 speech samples. In this
analysis, we found that raters were able to recognize a wide variety of emotion categories
with a moderate degree of reliability. Twenty-two different emotion categories were
recognized with significant interrater agreement from at least one speech sample (g < .05,
Monte Carlo simulation using empirical base rates; see Supplementary Fig. 1 for distribution
of interrater agreement rates and Supplementary Methods 3: Testing Category Judgments
Proportions). Fifty-six percent of the 2519 speech samples elicited significant rates of
interrater agreement for at least one category. On average, 25% of raters chose the most
agreed-upon category of emotion for each speech sample (chance level = 14%, Monte Carlo
simulation of all category judgments matching the same overall proportions of categories
selected by real participants). These levels of interrater agreement are comparable to those
documented in past studies of emotion prosody 33. While interrater agreement rates varied
across the different speech samples, highly recognized examples were found for a number of
emotion categories. For instance, five emotion categories—amusement, anger, desire, fear,
and sadness— were recognized in some speech samples by more than half of raters. Another
five emation categories—adoration, confusion, distress, pain, and relief—were recognized in
some speech samples by at least 1/3 of raters.

The preservation of emotion categories and broader affective features across cultures.

Next, we compared how emotions were recognized from prosody across cultures. In doing
S0, we sought to ascertain whether judgments of emotion categories or affective features
were better preserved across two cultures in the recognition of emotion—one way to address
whether the conceptualization of emotional prosody is driven more by categories or affective
features. In past studies, cross-cultural similarity has most typically been ascertained by
comparing the rates with which members of different cultures label expressive behaviors
with the same emotion terms 12:16.23.24.38 Thjs approach does not capture how members of
cultures also use emotion concepts (either emation categories or affective features) to label
non-target expressions in similar fashion, data critical to understanding cultural similarities
in how individuals recognize emotion in expressive behavior. Given this concern, for each
emotion category and affective feature, we correlated the mean judgments of US raters with
those of Indian raters across all 2519 samples of emotional prosody. This analysis reveals the
extent to which US and Indian participants use the emotion categories and affective features
in similar fashion when labeling the meaning of the 2519 samples of emational prosody. To
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control for error, or noise, in the use of the emotion categories and scales of affect, we then
divided this value by the within-culture explainable variances® of these mean judgments
(see Supplementary Methods 4: Explainable Variance and 5: Testing Cross-Cultural Signal
Correlations for further rationale and details). Dividing by the explainable variances results
in an estimate of what the correlation would be if we averaged an infinite number of ratings
in each culture. We refer to this estimate as a signal correlation:. it captures the degree of
similarity between cultures in the recognition of each emotion category and scale of affect
from prosody while correcting for the sampling error arising from inconsistent judgments
within each culture (see Supplementary Fig. 2 for demonstration that these methods are
effective using simulated data). The cross-cultural signal correlations in emotion judgments
of each emotion category and affective feature are shown in Fig. 1.

If categories of emotion (e.g., “amusement”) are psychologically constructed from more
basic appraisals of “core affect” (valence, arousal), one would expect the recognition of
emotion in prosody along scales such as valence and arousal to be better preserved across
cultures than the recognition of emotion categories. That is, there should be greater
convergence across cultures in how affective features are recognized in emotional prosody
than emotion categories, presumably constructed out of more basic affective appraisals
44,6181 As evident in Fig. 1, our results diverge from this prediction. We find that the
recognition of a number of emotion categories from prosody is better preserved across
cultures than that of any of the 23 affective scales we considered, including valence and
arousal. With cross-cultural signal correlations (r) exceeding .7, the recognition of adoration,
amusement, anger, awe, contentment, desire, fear, interest, pain, realization, romantic love,
sadness, surprise (negative), and surprise (positive) was better preserved across India and the
US than that of valence (r = .67; 90% confidence interval: .55 < r <.78). Further, cross-
cultural signal correlations were significantly greater for anger (r = .94; 90% confidence
interval: .83 <r < 1; p =.001, two-tailed bootstrap test; q < .05, Benjamini-Hochberg false
discovery rate [FDR] correction82; see Supplementary Methods 5: Testing Cross-Cultural
Signal Correlations) than for valence. Furthermore, many emotion categories were
significantly better preserved across cultures than the recognition of arousal (r = .39; 90%
confidence interval: .20 < r < .58), including amusement, anger, contentment, desire, fear,
pain, sadness, and positive surprise (r = .92, .94, .94, .87, .88, .77, .96, and .90; 90%
confidence intervals: .72, .83, .63, .63, .71, .62, .75,61<r<1,1,1,1,1,.90,1,1;allp<.
01, g < .05, two-tailed bootstrap test). The finding that the recognition of certain emotion
categories is better preserved across cultures than that of valence—considered a “basic
building block of emotional life” 81—or arousal, the other putative component of core affect,
contrasts with the claim that the recognition of emotion categories derives from the
recognition of such affective features 44.61.81.83,

The primacy of the recognition of emotion categories over affective features.

That several emotion categories were more robustly recognized across cultures than valence
or arousal raises an intriguing question about the conceptualization of emotion in prosody:
perhaps affective features such as valence and arousal are psychologically constructed from
categories of emotion. In other words, perhaps emotion recognition from prosody involves
the immediate recognition of an emotion category (or categories), and then levels of valence,
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arousal, and other affective features are inferred from these more primary categorical
judgments. If so, the additional stage of inference involved in affective feature judgments
might introduce additional cultural variation, which should be reflected in their lower levels
of cross-cultural similarity (which we have observed), and their reduced power in predicting
categorical judgments across cultures. Given this reasoning, one might expect category
judgments, rather than affective scale judgments, from one culture to be better predictors of
affective scale judgments from another culture. Gathering separate judgments of a full
complement of emation categories and affective scales across 2519 samples of emotional
prosody allowed for a rigorous test of this possibility.

To test these hypotheses concerning the primacy of emotion categories and affective features
in emotion recognition, we used linear regression analyses to derive cross-cultural signal
correlations in the mapping between category and affective scale judgments of prosody
(Supplementary Methods 6: Regression Analyses). These analyses ascertain whether
emotion category ratings are stronger predictors of affective feature judgments across
cultures, or vice-versa, and are represented in Fig. 2. Critical to the present question of the
primacy of categories or affective features in emotion recognition are certain linkages
denoted by letters in Fig. 2. It is first of note that emotion categories are better preserved
than judgments of affective features across India and the US (C > D; correlation of .80 vs. .
59, p = .041, two-tailed bootstrap test; C-D=.21, 90% confidence interval: .041<C-D<.39;
see Supplementary Methods 6: Regression Analyses for details). In keeping with the idea
that the interpretation of prosody in terms of affective features derives from the shared
recognition of emotion categories, we find that (a) Indian category judgments predicted US
affective scale judgments far better than Indian affective scale judgments predicted US
affective scale judgments (D1 > D; correlation of .80 vs. .59, p=.012, two-tailed bootstrap
test; D1-D=.21, 90% confidence interval: .06<D1-D<.35), and that (b) US category
judgments also predicted Indian affective scale judgments nominally better than US affective
scale judgments predicted Indian affective scale judgments (D2 > D; correlation of .65 vs. .
59, p=.12, two-tailed bootstrap test; D2-D=.050, 90% confidence interval: —.01<D2-D<.12).
It is further of note that there is little preserved variation across the two cultures in affective
scale judgments that is independent of the category judgments (see term R in Fig. 2),
suggesting little cross-cultural similarity in how valence, arousal, and other affect features
operate in the recognition of emotion from prosody once emotion category judgments are
accounted for. Additionally, as one might expect, the affective scale judgments from each
country do a poor job of predicting the category judgments from the other (see
Supplementary Fig. 4). Based on these results, it is more plausible that judgments of general
affective features (valence, arousal, etc.) are psychologically constructed from the
recognition of emotion categories (amusement, fear etc.) than vice versa, at least during the
recognition of emotion in prosody.

of distinct varieties of emotion recognized in both cultures.

Thus far we have documented that at least 22 emotion categories were recognized at above
chance accuracy in at least one speech sample, and that the cross-cultural recognition of
emotion from prosody was better represented by these categories than scales of affect. These
findings set the stage for addressing our next question: How many distinct varieties of
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emotion were preserved in the recognition of emotional prosody across the two cultures; that
is, what is the dimensionality of the cross-cultural recognition of emotion from prosody?
More specifically, we have not yet ruled out whether some of the categories were redundant
(e.g., synonyms); for example, there may have been interrater reliability in labeling
emotional prosody with categories such as “awe” and “fear,” but perhaps these categories
ultimately capture the same kinds of emotional prosody. If we reduce the US and Indian
judgments of prosody to a more limited number of statistically independent dimensions,
what is the minimum number of dimensions necessary to account for commonalities in the
recognition of emotion across cultures?

To compute the total number of distinct varieties of emotion that were significantly
preserved across the US and Indian emotion judgments of the speech samples, we introduce
a principal preserved component analysis (PPCA) method. PPCA extracts linear
combinations of attributes (here, emotion judgments) that maximally co-vary across two
datasets measuring the same attributes (US and Indian judgment data). The resulting
components are ordered in terms of their level of positive covariance across the two datasets
(cultures). More technically, PPCA maximizes the objective function Cov[Xa;, Ya;]. It
shares features of partial least squares correlation analysis [PLSC]84, canonical correlation
analysis [CCA]®®, and PCA. Like PLSC and CCA, PPCA examines the cross-covariance
between datasets rather than the variance-covariance matrix within a single dataset.
However, whereas PLSC and CCA derive two sets of latent variables, a and 3, maximizing
Cov[Xaj, Y] or Corr[Xai, YR;], PPCA derives just one, a.. The goal here is to find
dimensions of recognition common to both datasets X and Y. Our method reduces to PCA
when the two datasets to which it is applied are identical, so that the objective becomes
Cov[Xaj, Xaj] = Var[Xai], but PCA and factor analytic methods capture the variance within
a dataset rather the covariance across datasets. Note that we also apply a second kind of
PPCA, correlational PPCA, which performs a whitening transformation within each dataset
and then derives a latent set of variables a that maximizes the correlation Corr[Xynhai,

Y whai] rather than the covariance. See Supplementary Methods 7: PPCA for further details
and discussion.

Given that we previously found the categories explained the cross-cultural preservation of
the affective scales, we applied PPCA to the US and Indian category judgments of the 30
emotions conveyed by the 2519 speech samples to determine the number of independent
dimensions, or kinds, of emotion that are recognized in both cultures. We applied PPCA in a
leave-one-rater-out fashion to determine the statistical significance of each component. More
technically, we iteratively applied PPCA to extract components from the judgments of all but
one of the raters, projected the held-out rater’s ratings onto the components, and assessed the
partial Pearson correlation between the component scores derived from each held-out rater’s
ratings and those derived from the mean ratings from the other culture, partialing out each
previous component. We then tested whether these held-out, statistically independent
correlation values were consistently positive for each component using a non-parametric
Wilcoxon signed-rank test86. We excluded the “Neutral” category from PPCA to avoid
matrix degeneracy, resulting in dimensions that can be conceived as variations from
neutrality. It was not a guarantee that these methods would be effective for sparse data of the
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kind we analyze here. Hence, we established using simulations that they would produce
accurate results given the distribution of responses we observe. See Fig. 3 for results of
simulations.

As we show in Fig. 4, PPCA revealed that 12 distinct semantic dimensions, or kinds, of
emotion, were recognized in prosody and significantly preserved across the US and India
participant judgments (Fig. 4b; out-of-sample r = .066, q < .001 across all held-out raters, g
<.05 across held-out raters from each country individually, ForwardStop sequential FDR
corrected®6 one-tailed Wilcoxon signed-rank test8 [one-tailed because we are only
interested in positive cross-cultural correlations]). We thus find that the pattern of tune,
rhythm, and timbre in speech conveys 12 distinct varieties of emotion across the two
cultures. In Fig. 4, the upper left plot reveals the proportion of variance explained by each
dimension [PPC] uncovered by PPCA, in data from each culture; the bottom left plot reveals
the proportion of preserved covariance for each dimension, as well as the corresponding
correlation and its significance.

Of note, the application of canonical correlation analysis (CCA)® also resulted in 12
significant dimensions (out-of-sample r = .049, g < .05 across all held-out raters, g < .05
across held-out raters from each country individually, ForwardStop sequential FDR
corrected® one-tailed Wilcoxon signed-rank test6; see Supplementary Methods 7: PPCA),
as did the application of correlational PPCA (out-of-sample r = .041, g < .001 across all
held-out raters, q < .05 across held-out raters from each country individually, ForwardStop
sequential FDR corrected® one-tailed Wilcoxon signed-rank test6). Each method resulted
in a latent variable solution for the first 8-12 dimensions relatively similar to that obtained
using PPCA, as demonstrated in Fig. 5 and Supplementary Figs. 5-7. Differences beyond
around the 8t dimension emerge when using PCA methods not designed to extract
preserved components.

The preserved categories of emotional prosody.

To find the 12 patterns (dimensions) of emotion recognition within the categorical
judgments that were preserved across participants from the USA and India, we applied
factor rotation (varimax) to the 12 significant components extracted using PPCA. Here,
factor rotation extracts a simplified representation of the space by attempting to find
dimensions constituted of only a few categories each, if possible. After factor rotation, we
find that each of the 12 resulting dimensions (PPCs) loaded maximally on a distinct category
(see Fig. 4c). These categories include adoration, amusement, anger, awe, confusion,
contempt, desire, disappointment, distress, fear, interest, and sadness. We can infer that these
12 categories correspond to distinct prosodic modulations of speech that are preserved in
India and the US. Note that some dimensions involve multiple categories, such as awe and
surprise (dimension D), indicating that they were used similarly across cultures to label
speech samples. These findings replicate past studies’ conclusions that several emotions can
be conveyed across cultures with prosody (anger, contempt, fear, interest, desire, relief,
sadness33-36), but also reveal other emotions—adoration, amusement, awe, confusion,
disappointment, and distress—that can be reliably communicated with prosody. (It is also
worth noting that three of the categories—awe, confusion, and disappointment—were not
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among those targeted with scenarios during the recording of the speech samples [see
Supplementary Methods 1: Recording the Speech Samples], illustrating that the induction
procedure was compatible with rich variation in emotional responses.)

The distribution of categories of emotional prosody within a semantic space.

Having thus far examined the dimensionality and conceptualization of the semantic space of
emotion recognition in prosody, we now ask: how are these categories of emotion
recognized from prosody distributed within a semantic space? Do they lie within discrete
clusters, as predicted by basic emotion theories 49:66-71 or along continuous gradients
between emotion categories, as recently documented in our investigation of reported
emotional experience 7? As one can see in Fig. 6, we find that the emotional states conveyed
by prosody lie along continuous gradients between categories rather than discrete clusters
(as with emotional experience). These gradients between categories are evident when we
visualize smooth variations in the categorical judgment profiles of the 2519 speech samples
using a method called t-distributed stochastic neighbor embedding, or t-SNE 88, t-SNE
projects data into a two-dimensional space that largely preserves the local distances between
data points. A limitation of t-SNE is that it will generate a different result each time it is run.
We thus conducted t-SNE 100 times, identified the instance that resulted in the lowest loss
of information (Kullback-Leibler divergence), and fine-tuned this map using more iterations
of t-SNE. See Supplementary Methods 8: Maps for further details. In Fig. 4, t-SNE is used
to visualize the smooth gradients between emotion categories, represented in different
colors, and the extent to which they are preserved across cultures. To allow further
exploration of the categories of emotion signaled by prosody and the smooth gradients
between them, we also provide an online, interactive version of Fig. 6 in which each speech
sample can be played while viewing its categorical and affective scale ratings: https://s3-us-
west-1.amazonaws.com/venec/map.html.

To verify that the smooth gradients between categories correspond to smooth differences in
emotional meaning, we determined whether judgments of the affective scales, such as
valence and arousal, also varied smoothly along these gradients. First, we ascertained
whether the raw proportions of category judgments assigned to each speech sample were
more predictive of its affective scale judgments than its discrete, modal category assignment
alone. We found that this was indeed the case, with the 12 dimensions (PPCs) predicting
86% of the variance in the affective scales (90% confidence interval: .82 < r? < .89), a fully
discrete model (with 12 indicator variables denoting the maximal dimension each speech
sample loaded on; i.e., one variety of emotion at a time) predicting 68% of the variance in
the affective scales (90% confidence interval: .65 < r2 < .71), and a discrete model with
intensity (keeping only the top non-zero score per speech sample) predicting 76% of the
variance in the affective scales (90% confidence interval: .72 < r2 < .79). Both discrete
models performed significantly worse than the full 12-dimensional model (p<.001, two-
tailed bootstrap test; see Supplementary Methods 9: Continuous vs. Discrete Models for
details). This result confirms that the affective scales vary along category gradients rather
than just being a function of the most recognized category. Furthermore, to ascertain
whether these results could be explained by correlations in perceptual ambiguity across the
category and affective scale judgments (e.g., some subjects perceiving a sample as awe and
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others perceiving it as adoration), we correlated the mean standard deviation across
participants of the category judgments with that of the affective scale judgments of each
speech sample, finding that they were slightly inversely correlated (Pearson’sr=-.21,p <.
001, two-tailed bootstrap test, 90% confidence interval: —.25 < r < -.18; Spearman’s p = —.
16, p <.001, two-tailed bootstrap test, 90% confidence interval: —.19 < p < -.12). Hence the
smooth gradients between categories most likely cannot be explained by ambiguity of
recognition—rather, they point to intermediate blends of emotion categories traditionally
thought of as discrete.

Fig. 7 presents the number of prosody samples that loaded significantly on each of the 12
dimensions that we uncovered, and on each combination of two dimensions. This analysis
reveals the varieties of emotion that can be blended together in prosodic modulations of a
single sentence, and suggests that the gradients tend to bridge distinct, conceptually-related
emotional states. Careful inspection of Fig. 7 reveals, for example, that prosodic
modulations traverse gradients from fear to sadness, from amusement to adoration, from
confusion to interest, and from anger to contempt. But these gradients were specific to
particular category pairs; for example, sadness overlapped heavily with fear (51 speech
samples) but did not overlap at all with desire. Thus, the emotions conveyed by prosody are
neither entirely discrete nor entirely independent, but are rather distributed along continuous
gradients between particular pairs of emotion categories.

The preservation of acoustic correlates of emotion recognition across cultures.

Theorists have long claimed that certain acoustic features drive the recognition of emotion in
prosody 30:32:33.89 jithin this theorizing, emotion recognition from vocalization is posited
to rely on lower-level processing of acoustic signals, which undergo complex, multistage
neural processing to yield appraisal feature and categorical judgments such as those that we
have considered thus far 10.11:47_ past work has examined how broad, lower-level acoustic
properties (e.g., fundamental frequency) are associated with emotion judgments 30.32:33,90,
To what extent are associations between acoustic features of prosody and emotion category
and appraisal feature judgments preserved across cultures? Answers to this question trace
the preserved recognition of emotion categories and affective features across two cultures to
a more basic level of auditory processing, central to thinking about the mechanisms of
emotion recognition from prosody.

Broad acoustic properties such as the fundamental frequency (FO—the lowest and loudest
frequency of sound, corresponding to perceived pitch), spectral centroid (the center of the
frequency spectrum, corresponding to perceived “brightness™), pitch saliency (corresponding
to the perceived tonality and sound), and rate of speech are known to correlate with the
recognition of emotional and affective features 30:32:33.57 To interrogate the emotional
correlates of these acoustic properties in each culture, we computed them for the 2519
speech samples, correlated them with our 12 principal preserved components (PPCs) as well
as the raw category and affective scale judgments in each culture, and measured the extent to
which these associations were preserved across cultures (see Supplementary Methods 11:
Measuring Cross-Cultural Acoustic Correlates for details).
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The top row of Fig. 8 presents the correlations between low-level acoustic features and
emotion category or affective scale judgments. The bottom row of Fig. 8 presents the extent
to which the associations between low-level acoustic features and emotion category or
affective scale judgments are preserved across India and the US. As one can see, the low-
level acoustic correlates of the 12 PPCs — the 12 emotions that Indian and US participants
reliably recognized in the speech samples — were very well preserved across cultures.
Namely, the cross-cultural Spearman correlation in acoustic correlates exceeded .95 for 5 of
the PPCs and exceeded .8 for all but distress and contempt. By contrast, the correlations
between acoustic features and the recognition of valence—considered a “basic building
block of emotional life”81—were considerably less well preserved across cultures (p = .40,
90% confidence interval: .02 < p <.76; significantly lower than p for 5 of the 12 PPCs
[amusement, anger, awe, desire, and disappointment; p = 1, .99, .99, .99, .95; p =.002, .
004, .002, .004, .008], q < .05, two-tailed bootstrap test; see Supplementary Methods 11:
Measuring Cross-Cultural Acoustic Correlates). Acoustic correlates of many of the raw
category judgments were also better preserved than valence, as were the acoustic correlates
of several less typically studied affective features; see Supplementary Fig. 8 for breakdown
by category and affective scale. These findings reveal that acoustic parameters thought to
contribute to emotion recognition are more robustly associated with emotion category
judgments than with valence judgments in terms of how they are preserved across the US
and India.

Low-level auditory features are likely to support inferences made at early stages of
processing. Thus, the finding that the low-level acoustic correlates of most emotion
categories (amusement, fear etc.) were much better preserved across cultures than those of
valence lends further support to the hypothesis that the recognition of emotion categories
occurs at earlier stages of processing.

Discussion

Recent studies have documented that the voice is a rich medium of emotional
communication, one with cross-cultural similarities and early developmental onset in terms
of what emotions are conveyed in the voice. What is less well understood is the taxonomy of
emotions recognized from prosody—that is, how the emations recognized from prosody are
arranged within a semantic space—and how this taxonomy of emotion may be preserved
across cultures.

Using mathematically-based approaches 737, we examined the shared semantic space of the
recognition of emotion from speech prosody in participants from the US and India. Our
focus was to test hypotheses related to three properties of this semantic space: its
conceptualization, focusing explicitly on how emotion categories and scales of affect
contribute to the recognition of emotion in prosody; its dimensionality, or number of distinct
kinds of emotion conveyed in prosody; and its distribution of states, here focusing on the
nature of the boundaries between emotion categories.

Guided by this conceptual framework, over 2000 US and Indian participants judged 2,519
prosodically modulated speech samples produced by 100 actors from five distinct English-
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speaking cultures. They either judged each prosody sample in terms of which emotion
category, from a list of 30, was expressed, or they rated the prosody sample on scales that
capture 23 affective features theorized in appraisal and componential theories to account for
emotion recognition. Applying large-scale statistical inference techniques, we compared the
preservation of the recognition of 30 categories and 23 scales of affect across cultures,
modeled the latent space that captured the shared variance in judgments between cultures,
and interrogated the boundaries between the 12 categories that were found to underlie this
latent space.

With respect to the dimensionality of the semantic space of emaotion recognition, many
studies of expressive signaling have focused on 6-8 categories of emotion and relied on
either interrater agreement rates 12:13.21:43 or factor analysis 4°49:50 to characterize the
recognition of emotion. Applying statistical modeling techniques to judgments of a vast
array of stimuli, we uncovered 12 distinct emotions that were recognized in India and the
US. Twelve emotions—adoration, amusement, anger, awe, confusion, contempt, desire,
disappointment, distress, fear, interest, and sadness—emerged in our analyses, were highly
correlated across India and the US, and most were found as well to have distinct acoustic
correlates that were also preserved robustly across the two cultures (Fig 6). It will be
important to examine whether these emotions emerge in studies of other kinds of emotional
vocalization—e.g., vocal bursts, song —and whether they emerge in other cultures, and in
particular among non-English speakers. We note that this investigation yields evidence of the
shared recognition not only of commonly studied emotional states, such as anger, fear,
sadness, and surprise, but also of less commonly studied emotional states, including
traditionally understudied varieties of positive emotion such as adoration, amusement, awe,
desire, and interest (Fig. 4). Understanding the rich variety of emotions conveyed in prosody
may be particularly useful for studies of the physiological and neural representations of
distinct emotions (especially considering that conversation with subjects is already
commonplace in most studies).

Our second interest was to examine one property of the distribution of emotional states
within the semantic space of emotion recognition—the boundaries between emotion
categories. In contrast to discrete theories of emotion 40:66-71 we find that emotional
prosody is characterized not by discrete clusters of states, but by smooth gradients between
emotion categories. Prosodic signals occupy gradients from adoration to amusement,
sadness to distress, interest to confusion, and between many other categories (Figs. 4 and 5).
These findings may help explain past findings of interrater variability in the perception of
emotional signals 12.73.91 suggesting that disagreement across raters in forced-choice rating
tasks may reflect the intermediacy of states between categories signaled by expressive
behavior as opposed to just the indistinctness of the categories or individual differences in
recognition 61, Furthermore, these findings support a shift from the predominant scientific
focus on how discrete patterns of expression, physiology, and neural activation distinguish
discrete emotion states 92-98 toward an understanding of the continuous variability and
blending together of emotion categories by continuously varying patterns of expression,
physiology, and neural activation 394172,
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Our final interest was to examine one critical issue related to the conceptualization of
emotion in prosody: whether the recognition of emation in prosody is explained at a more
basic, cross-cultural level by categorical labels or scales of affect. It has been posited that in
the recognition of emotion, the signaling of valence, usually along with arousal, is a core,
low-level interpretive process from which specific emotion categories are constructed 44:81.
In contrast to this claim, we find empirically that the recognition from prosody of categories
such as amusement and desire is better preserved across cultures than that of valence (Fig.
1). Judgments along scales of affect, including valence, are better predicted by category
judgments from another culture than by the identical scale-of-affect judgments from another
culture (Fig. 2, Supplementary Fig. 4). Finally, the low-level acoustic correlates of the
recognition of many emotion categories are extremely well preserved across cultures,
whereas those for valence are not at all well preserved (Fig. 8), suggesting that the
recognition of emotion categories may occur at earlier stages of processing. Taken together,
these results suggest that categories such as amusement and desire may be recognized more
directly from prosody, and that judgments of broader affective features may subsequently be
inferred in a more culture-specific manner from these categories.

It is important to note that the pattern of results observed in this investigation was potentially
influenced by the kind of prosody we studied, the emotion recognition response formats, and
the cultures—both English speaking—that we included. Given this, it will be important to
extend the present study’s methods to other kinds of prosody captured in contexts in which
speakers are not directed to communicate specific emotions as in the present study 32:97. It
will be important to study more naturalistic, spontaneous forms of prosody, and the range of
emotions such forms of prosody communicate and the potentially broader semantic space of
emotion that captures such signals 555658,

We note that the present results pertain to similarities in the recognition of emotional
prosody between two English-speaking cultures, the US and India. By examining distinct
English-speaking cultures (see Supplementary Discussion 7: Cultural Differences), we were
able to interrogate the relative preservation of distinct emotional signals in prosodically
modulated speech samples, while holding constant the effects of interpretations of the
phonetic and semantic content of the sentences. However, cultures that adopt the English
language may acquire certain prosodic conventions in addition to its lexicon, which may
shape the prosodic communication of emotion, in part accounting for the high degrees of
similarity across the US and India in conveying distinct emotions through prosody. It will be
important for future research to use similar methods to examine the structure of emotional
prosody in other languages, such as French and Chinese, that have different prosodic
conventions32,

More generally, our findings fit with two general interpretations: that they are explained by
the innate psychological basicness of varieties of emotional prosody in all humans, or by the
acquired psychological basicness of varieties of emotional prosody in English-speakers.
Both interpretations point to the primacy of signals of emotion categories, such as
amusement, over signals of affective features, such as valence. Nevertheless, it remains
unclear whether the specific categories recognized from emotional prosody in the US and
India are universal to all human languages.
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Recent studies of the recognition of nonverbal expressive signals in remote cultures do,
however, point to broader universals in the recognition vocal emotion categories. Cordaro
and colleagues 23 assessed the recognition of nonverbal vocal bursts targeting 16 emotion
categories in a remote culture in Bhutan, finding moderate to strong recognition (around
50% accuracy or greater, with chance = 25%) of more than half of the targeted categories,
including 7 of the categories found by the present study to be distinguished from prosody in
the US and India (amusement, anger, awe, desire, interest, fear, and sadness). Sauter and
colleagues 16 assessed the recognition of 9 emotion categories from vocal bursts among
Himba listeners from remote Namibian villages, also reporting moderate to strong
recognition (around 75% accuracy or greater, with chance = 50%) of more than half of the
targeted categories, including 4 found to be recognized from prosody in the present study
(amusement, anger, fear, and sadness). In the same study, English listeners were found to
strongly recognize (>90% accuracy) 8 of the 9 targeted categories of emotion from recorded
Himba vocalizations (but see 73). While the overlap in the mechanisms of recognizing vocal
bursts and prosody is not well understood, these recent findings offer early clues that the
recognition of signals of many distinct categories of emotion from the human voice may be
universal as opposed to unique to English-speaking cultures.

Finally, it is worth noting how the present findings dovetail with recent research on reported
experiences of emotion. Cowen and Keltner 7 found that the subjective feelings people
report in response to viewing a wide range of evocative videos, 2185 in total, reliably
distinguish among 27 distinct varieties of emotion. As with the present findings regarding
emotional prosody, categories emerged as more primary in determining the structure of
experience, and these reported experiences were found to be organized along continuous
gradients bridging categories of emotion, such as interest and awe. Together, these results
converge on a taxonomy of emotion consisting of a rich array of distinct categories bridged
by smooth gradients.

Debates over the structure of expressive signals are foundational to the science of emotion.
They bear upon central theoretical claims about emotion and exert a profound influence on
fields ranging from affective neuroscience to machine learning. Our method of interrogating
how the varieties of emotional prosody are situated within a semantic space reveals a more
complex taxonomy of expressive states than is typical in existing accounts of how emations
are organized. Prosodic signals reliably convey at least 12 distinct dimensions of emotion
and are distributed along continuous gradients between them.

Speech samples.

2519 speech samples were drawn from the VENEC (Mocal Expressions of Nineteen
Emotions across Cultures) corpus, a large cross-cultural database33. Actors from Australia,
India, Kenya, Singapore, and the USA were provided with scenarios describing typical
situations in which each of 18 emotions may be elicited and were instructed to enact finding
themselves in similar situations. The emotion categories targeted by the VENEC corpus
were affection, anger, amusement, contempt, disgust, distress, fear, guilt, happiness, interest,
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lust, negative surprise, positive surprise, pride, relief, sadness, serenity, and shame. See
Supplementary Methods for further details.

Emotion judgments.

Emotion judgments of the speech samples were obtained using Amazon Mechanical Turk.
Three separate survey formats were used to obtain emotion judgments: one for the category
judgments and two for the affective scale judgments. Each individual survey presented a
subset of speech samples (30 for the category judgments, 12 for the affective scale
judgments, assigned randomly) in an order randomized for each participant. A total of 2345
English-speaking participants, including 1969 US participants (1095 females, mean age = 36
y) and 376 Indian participants (123 females, mean age = 30 y), took part in the study. For
each judgments format, 10-15 judgments were collected of each speech sample from each
culture. (No statistical methods were used to pre-determine sample sizes, but our sample
sizes are similar to those in a previous study in which similar methods captured over 90% of
the systematic variability in judgments of emotional videos 7). US participants rated 71.6
speech samples on average and Indian participants rated 249.2 speech samples on average.
The experimental procedures were approved by the Institutional Review Board at the
University of California, Berkeley. All participants gave their informed consent. See
Supplementary Methods for further details.

Statistical analyses.

Our statistical analyses are outlined briefly below. Data were analyzed primarily using
custom code in Matlab% . Acoustic properties were computed using the BioSound Toolbox
in Python (http://github.com/theunissenlab/BioSoundTutorials). Analyses were not
performed blind to the conditions of the experiments. For detailed description of each
method, see Supplementary Methods.

Category judgment proportions.

For each speech sample, we computed (1) the proportion of participants who chose each
category and (2) the average judgments of each affective scale. To estimate the significance
of the category judgment proportions of each speech sample we constructed a null
distribution of category judgment proportions using a Monte Carlo simulation.

Signal correlations.

To derive signal correlations between cultures for each judgment, we correlated the mean
judgments from each culture across all speech samples and divided by the estimated
explainable variance. Explainable variance was estimate by dividing the mean of the squared
standard errors (estimated using bootstrapping) by the total variance and subtracting this
quantity from 1. To calculate standard errors and p-values for signal correlations, it was
necessary to account for potential non-independence across ratings of different speech
samples due to the fact that each rater rated multiple samples. To do so, we applied a non-
parametric bootstrap approach, using stratified resampling across individual raters rather
than individual ratings. We validate these methods by demonstrating that signal correlations
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accurately estimate the respective population-level correlations in Monte Carlo simulations
(Supplementary Fig. 2).

Regression between category and affective scale judgments.

PPCA.

Maps.

We predicted affective scale judgments from category judgments using ordinary least
squares (OLS) linear regression. Here, it may be worth acknowledging that methods
specialized for sparse data could potentially have produced better prediction correlations.
However, this only provides for a more conservative interpretation of our findings that
category judgments explain the preservation of affective scale judgments across cultures.

We determined the number of dimensions necessary to explain the preservation of emation
category recognition across cultures by introducing a method called principal preserved
component analysis (PPCA), which has two versions, correlational and covariational.
Covariational PPCA maximizes the objective function Cov(Xa, Y a) whereas correlational
PPCA maximizes the objective function Corr(X[XTX] Y2a, Y[YTY] 2a). We tested the
significance of each component by applying each version of PPCA in a leave-one-rater-out
fashion, determining whether held-out ratings projected onto each component were
consistently positively correlated with component scores of ratings from the other country
using a non-parametric Wilcoxon signed-rank test8. After determining the number of
significant PPCs, we applied varimax rotation, generating more interpretable components.
To compute p- and g-values for the scores of each individual speech sample on each
component, we used a Monte Carlo simulation of the category ratings.

It is worth acknowledging that we do not establish here that PPCA is applicable to all
distributions of data. However, we do establish that PPCA generates accurate results on
randomly simulated data distributed identically to those of the present study, but with
varying numbers of underlying dimensions (Fig. 3).

To visualize the distribution of speech samples within the multidimensional space derived
using PPCA, we applied a method called t-distributed stochastic neighbor embedding (t-
SNE). We then assigned a color to each speech sample in the map corresponding to a
weighted average of the unique colors of its top two scores on the 12 categorical judgment
dimensions.

Continuous versus discrete category models.

We compared how well continuous versus discrete category models predicted affective scale
ratings using ordinary least squares (OLS) regression. For the discrete models, we used OLS
to predict the affective scale judgments from the maximally loading PPC, which was
converted to a dummy variable (1 for the maximally loading PPC, 0 otherwise) to form a
fully discrete model, and to a continuous intensity (keep the maximally loading PPC, convert
others to 0) to form a discrete model with intensity. For these analyses, we averaged across
ratings from the US and India. To test for a difference in variance explained between the
continuous and discrete category models, we used across-rater bootstrap resampling.
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Acoustic measures.

To analyze the acoustic correlates of emotion recognition, we computed twelve acoustic
measurements of each speech sample. (1) Duration, (2) Pause Time, (3) FO, (4) Maximum
FO, (5) Minimum FO, (6-8) F1-3 (9) Spectral Q1 (10) Spectral Centroid, (11) Spectral Q3,
and (12) Pitch Saliency.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. Correlationsin the meaning of emotional prosody across cultures.
The cross-cultural signal correlation (r) for each category (orange bars) and affective scale

(green bars) captures the degree to which each judgment is preserved across India and the
US across all 2519 speech samples. It is found by correlating the mean responses by Indian
participants with the mean responses by US participants across the 2519 speech samples,
then dividing by the explainable variance8C in responses from each culture. Error bars
represent standard error estimated by bootstrapping across raters. (For category surveys,
participant sample size nysa = 525, ningia = 152, and for the two affective scale surveys,
Nysa=927 and 827 and njngia=242 and 205. See Supplementary Methods 4: Explainable
Variance and 5: Supplementary Methods 5: Testing Cross-Cultural Signal Correlations for
details regarding explainable variance and standard error estimation; Supplementary Fig. 2
for confirmation that these results accurately recover population-level correlations; and
Supplementary Fig. 3 for similar results using Spearman correlations and/or binary affective
scale ratings.)
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Fig. 2. The preserved recognition of emotion categories accounts for the preservation of affective
feature judgments across cultures.

Each circle (or ellipse) represents a matrix of estimators relevant to the recognition of
emotion attributes—categories or affective features—in the US (on the left) and India (on
the right). In the first row, for example, US mean category judgments are compared to Indian
mean category judgments. Relationships between circles are described using the symbols at
the top left. For example, US category judgments are multiplied by a set of category-to-
affective-scale weights, estimated using ordinary least squares regression, to predict US
affective scale judgments. Signal correlations between the Indian and US matrices of
emotion judgment data are given in the small black circles, signified by adjacent letters, and
plotted on the top right. Category judgments are significantly better preserved than affective
scale judgments (C>D, p=.041, two-tailed bootstrap test; C-D=.21, 90% confidence

interval: .041<C-D<.39). Moreover, category judgments are better than affective scale
judgments at predicting affective scale judgments from another culture (D1>D, p=.012, two-
tailed bootstrap test; D2>D, p=.12; D1-D=.21, 90% confidence interval: .06<D1-D<.35; D2-
D=.050, 90% confidence interval: —.01<D2-D<.12). The variance in the affective scale
judgments left over after removing the predictions of the categories is less correlated across
cultures (R=.25 between residuals, 90% confidence interval: .024<R<.47). Taken together,
these results are consistent with the hypothesis that categories of emotion are recognized
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from prosody, and then subsequently used to construct affective scale judgments in a more
culture-specific process of inference. (All signal correlations have been divided by
explainable variance80 for each matrix [see Supplementary Methods 6: Regression
Analyses]. Error bars in the top right plot represent standard error estimated by
bootstrapping across raters (for category surveys, nysa=525, Nindia=152, and for the two
affective scale surveys, nysa=927 and 827 and njngia=242 and 205). Also note that due to
limitations in model fitting, estimates D1, D2, and P are biased downward, such that the
preservation of dimensional judgments is likely even better explained by the preservation of
categorical judgments than indicated here.)
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Fig. 3. Verifying that PPCA accurately estimates the number of shared dimensions.
To test whether leave-one-rater-out PPCA would accurately estimate the number of

preserved dimensions of emotion recognition across cultures, we ran Monte Carlo
simulations of our experiment in which the ratings were drawn from distributions varying
systematically in their underlying dimensionality. In 100 separate simulations, five each for
dimensionalities between 1 and 20, category ratings of each speech sample in each culture
were drawn at random from multinomial distributions parameterized by X, the 2519x30
probabilities of selecting each category for each speech sample, and N, the number of raters
who rated each speech sample in each country. X was computed by applying PPCA to the
proportion of times each category was actually selected for each speech sample in each
culture, Xysa and X;np, projecting Xysa onto the first 1-20 dimensions extracted by
PPCA, back-projecting these scores into the space of categories (asim ' Xusadsim), and
normalizing the result by subtracting the minimum from each row and dividing by the sum
of each row. This resulted in 1-20 preserved dimensions in each simulation, each repeated
five times. We used the same X for both cultures to maximize the similarity in ratings. N was
set to the number of ratings actually obtained of each speech sample in each culture. Each
rating was randomly assigned to a “rater” with probability given by the percentage of ratings
each rater actually contributed. Finally, we applied leave-one-rater-out PPCA to determine
the p-values for extracted dimensions (Supplementary Methods 7: PPCA). Plotted here are
the actual numbers of preserved dimensions used to generated the data in each simulation (x-
axis) versus the estimated number of dimensions (y-axis) using two criteria (a: g <.001
across all held-out raters; b: g < .05 across held-out raters from each country individually;
ForwardStop sequential FDR corrected8® one-tailed Wilcoxon signed-rank test8). We can
see that leave-one-rater-out PPCA accurately estimates the number of preserved dimensions
and generates conservative g-values. (Note that there was less power to detect later
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dimensions given that these carried less covariance; dimensions 21+ carried negative
covariance [see Fig. 4] and are therefore excluded.)
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Fig. 4. 12 distinct varieties of emotional prosody are preserved across culturesvia category
recognltlon.

(a) The in-sample proportion of variance explained within US and Indian ratings by the 29
principal preserved components (PPCs) of the mean categorical ratings of 30 emotions
across cultures. (b) The square root of the in-sample covariance of each PPC across cultures,
scaled by total positive covariance, is plotted alongside the out-of-sample cross-cultural
correlation derived from a cross-validation analysis (see Supplementary Methods 7: PPCA
for details). The test correlation was significant for 12 PPCs (out-of-sample r = .066, q < .
001 across all held-out raters, g < .05 across held-out raters from each country individually,
ForwardStop sequential FDR corrected®’ one-tailed Wilcoxon signed-rank test86). Error bars
represent standard error (participant sample size nysa = 525, Ningia = 152). Note that these
correlations are not adjusted for explainable variance, so it is safe to assume that the
corresponding population-level correlations are substantially higher. (¢) The 12 distinct
varieties of emotional prosody that are preserved across cultures correspond to 12 categories
of emotion—adoration, amusement, anger, awe, confusion, contempt, desire,
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disappointment, distress, fear, interest, and sadness. By applying factor rotation (varimax) to
the 12 significant PPCs, we find 12 preserved varieties of emational prosody that each load
maximally on a distinct emotion category. Thus, we refer to each component as a distinct
category (not to be confused with the raw categorical judgments).
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judgments using different methods.

Each method was used to extract 29 components after excluding the “Neutral” category. The
actual component coefficients on each category are shown in Supplementary Fig. 5. Here,
each pixel in each plot represents a correlation between coefficients of components derived
using two different methods. The components are ordered in a matter appropriate for each
method: in terms of descending explained variance for Stacked/Mean PCA, in terms of
descending canonical correlation for CCA, and in terms of descending correlation/
covariance for correlational/covariational PPCA. Note that CCA extracts an entirely separate
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latent space for each culture, and correlational PPCA extracts a slightly modified latent
space for each culture ([XTX]"Y2a4 and [YTY]™Y2a;). In general, early components (the
first seven to ten) are similar across the different methods. The solution derived using
covariational PPCA, our primary focus, shares similarities with those derived both by PCA
and CCA, whereas the correlational PPCA solution was more similar to the CCA solution.
See also Supplementary Fig. 6 for US-India correlations between the scores of categorical
judgments projected onto the components derived using each method.
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Amusement B®

Fig. 6. Visualizing the 12-dimensional structure of emotion conveyed by prosody.
To visualize the categories of emotion conveyed by prosody, maps were generated of

average emotional categorical judgments of the 2,519 speech samples within a 12-
dimensional categorical space of recognized emotion. 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 concatenated US and Indian scores of the 2,519 speech samples
on the 12 categorical judgment dimensions, generating coordinates of each speech sample
on two axes (this does not mean the data is in fact two-dimensional; see Supplementary
Discussion 6: Visualization Along Two Dimensions). The individual speech samples 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
average of colors corresponding to their scores on the 12 categorical judgment dimensions
(see Supplementary Methods 8: Maps for details). The resulting map reveals gradients from
amusement to adoration, anger to contempt, and more. For an interactive version of this
map, see https://s3-us-west-1.amazonaws.com/venec/map.html. The smaller maps, colored
using projections of the mean US or Indian judgments alone onto the same 12 dimensions,

Nat Hum Behav. Author manuscript; available in PMC 2019 September 11.


https://s3-us-west-1.amazonaws.com/venec/map.html

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Cowen et al.

Page 34

demonstrate that the recognition of categories and smooth gradients between them is largely
preserved across the two cultures.
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A. Adoration

C. Anger
D. Awe

F. Contempt
G. Desire

H. Disappointment
l. Distress

L. Sadness
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Fig. 7. The 12 distinct categories can be blended together in a number of ways.
Represented here are the number of speech samples that loaded significantly on each

dimension, or kind, of emotion (diagonal) and on pairwise combinations of dimensions (q
<.05, Monte Carlo simulation using rates of each category judgment, Benjamini-Hochberg
FDR corrected82; see Supplementary Methods 10: Testing PPC Scores for details).
Categories are often blended together, combining adoration with amusement, anger with
contempt, awe with interest, sadness with fear, and more.
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Cross-Cultural Preservation of Acoustic Correlates of Emotion Recognition
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Fig. 8. Low-level acoustic correlates of emotion recognition and their preservation across
cultures.

(a) Correlations (p) between each acoustic property and judgments from eachculture
acr oss the 2519 speech samples. Acoustic correlates of the 12 emotion dimensions (PPCs)
are similar in both cultures. For example, judgments of awe correlate with fundamental
frequency (FO) in both cultures. However, the acoustic correlates of the affective scale
judgments are less similar across cultures. Supplementary Fig. 8 shows results for every
category and dimension. (b) Cross-cultural signal correlationsin acoustic correlates of
emotion category and affective feature recognition. Each colored bar represents the
Spearman correlation between a given column of the above acoustic correlation matrices
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across cultures (individual dimensions A-F, valence/arousal/dominance), between entire
matrices (All PPCs, All Categories, All Affective Scales; see full category/affective scale
matrices in Supplementary Fig. 8), or between rows (Duration, FO, and the 10 other acoustic
properties). The acoustic correlates of many of the emotion dimensions, or distinct kinds, are
extremely well preserved across cultures, whereas those of valence are considerably less
well preserved. Error bars represent standard error (participant sample size nyga = 525,
Nindia = 152 for emation categories, and nysa=927 or 827, nyngia=242 or 205 for the
different affective scales). F1, F2, and F3 represent the first, second, and third formants. Q1
and Q3 are the first and third spectral quartiles. See Supplementary Methods 11: Measuring
Cross-Cultural Acoustic Correlates for details.
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