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How trait impressions of faces shape 
subsequent mental state inferences

Chujun Lin    1  , Umit Keles    2, Mark A. Thornton    3,4 & Ralph Adolphs    2,4

People form impressions of one another in a split second from faces. 
However, people also infer others’ momentary mental states on the basis 
of context—for example, one might infer that somebody feels encouraged 
from the fact that they are receiving constructive feedback. How do trait 
judgements of faces influence these context-based mental state inferences? 
In this Registered Report, we asked participants to infer the mental states of 
unfamiliar people, identified by their neutral faces, under specific contexts. 
To increase generalizability, we representatively sampled all stimuli from 
inclusive sets using computational methods. We tested four hypotheses: 
that trait impressions of faces (1) are correlated with subsequent mental 
state inferences in a range of contexts, (2) alter the dimensional space that 
underlies mental state inferences, (3) are associated with specific mental 
state dimensions in this space and (4) causally influence mental state 
inferences. We found evidence in support of all hypotheses.

Humans spontaneously form impressions of other people’s general 
characteristics upon seeing their faces1,2. For instance, we judge 
whether people are trustworthy, intelligent or feminine on the basis 
of how their faces look3–5. These trait judgements show high consensus 
across perceivers in different age groups and from different cultures6–8. 
The accuracy of trait judgements from faces is debated: although some 
suggest that personality can be accurately judged from static face 
images9–11, many argue that trait judgements from faces merely reflect 
perceivers’ biases and stereotypes12–14. However valid or invalid they 
may be, these judgements shape consequential decisions in the real 
world15–23. Such influences are most prominent in situations where 
understanding a person’s general traits plays an important role, such 
as evaluating which candidate might be a good political leader15 or 
which individual on a dating site might be the best long-term partner21.

Understanding other people’s enduring dispositions is only one 
contributing factor that guides social judgements and decisions. More 
often, to successfully navigate the complex social world, it is critical 
also to understand a person’s context-dependent mental states in the 
moment24: what is the other person currently thinking about, feeling 
or intending? For instance, our ability to tell whether a friend is joking 
or being serious would make all the difference in selecting appropri-
ate behaviour towards them in that particular situation. As with trait 

inferences from faces, people also make inferences about others’ men-
tal states rapidly and automatically25–30. This ability develops early on, 
with evidence suggesting that infants are able to infer goals and inten-
tions from six months of age31,32. Inferences of momentary mental states 
are based on a range of cues, such as facial expressions, body postures 
and gestures, together with situational information30,33–36.

Little is known about how judgements of relatively stable traits 
from faces might bias or influence judgements of more transient men-
tal states. Studies on the recognition of facial expressions show that 
people perceive faces that are digitally manipulated to look untrust-
worthy as displaying more negative emotions such as anger37. This 
finding suggests that trait judgements from faces may shape emotion 
judgements of isolated faces. However, whether this effect generalizes 
to judging a broader set of mental states (beyond basic emotions) in 
more realistic settings (for example, with situational information) is 
unclear. Studies investigating the relation between a wider range of 
traits and mental states in more naturalistic settings show that trait 
knowledge does shape mental state inferences38,39. However, those 
studies focus on more reliable trait knowledge, such as trait inferences 
of participants’ friends and family members, and famous people about 
whom participants already have substantial biographical and contex-
tual information. It remains unknown whether people rely on trait 
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the location of an object in space. When more information about the 
object is available, we may be able to use fewer, the same, or more and/
or different dimensions to locate the object. For instance, if the new 
information identifies the object’s distance to Earth, then we need only 
two dimensions; if the new information identifies a moving object, then 
we need a fourth dimension (time).

Third, we asked whether (and to what extent) the mental state 
dimensions are associated with trait impressions from faces (Table 1, 
Q3). For example, recent work has shown that how frequently people 
judged the targets to experience positive or negative mental states in 
various situations was most closely related to the trait dimension of 
warmth38. However, that study investigated trait judgements based on 
more information than just faces. It remains an open question how trait 
judgements merely from briefly seeing an unfamiliar face might be asso-
ciated with mental state dimensions. Understanding the association 
between trait impressions and core mental state dimensions (beyond 
individual mental state judgements) would allow for further general-
izability of our findings. Specifically, it would allow us to predict how 
inferences of any mental state—beyond the 60 mental states for which 
we collected data—would be associated with trait impressions of faces.

Finally, we asked whether the associations between trait impres-
sions from faces and mental state inferences might be causal (Table 1, 
Q4). Prior research has shown that changing the trait impressions of 
emotional faces shifted people’s perception of emotions37. Further-
more, changing the trait impressions of target people (beyond faces) 
has a causal effect on people’s mental state inferences of those targets 
across a range of situations38. These results suggest a causal link from 
trait to mental state inferences. However, it remains unclear whether 
changing the trait impressions formed merely on the basis of faces 
would be sufficient to cause people to change their mental state attribu-
tions. We tested this hypothesis by digitally manipulating faces so that 
the same individual generated multiple stimulus images that exhibited 
different traits. We then measured how participants attributed dif-
ferent mental states to the same individual in the same context as a 
function of the experimental manipulation of that individual’s face. 
Understanding the causal effects (Q4) beyond correlations (Q1–Q3) is 
essential to determining the nature of the relation between trait impres-
sions from faces and mental state inferences. Findings of correlations 
without causation would suggest that the observed correlations were 
driven by third variables (for example, inferred social roles that shape 
both inferences of traits and mental states).

Protocol registration
The Stage 1 protocol for this Registered Report was accepted in princi-
ple on 30 March 2022. The protocol, as accepted by the journal, can be 
found at https://doi.org/10.6084/m9.figshare.19664316.v1.

Results
As mentioned in Methods (‘Deviations from protocol’), one devia-
tion from the approved registered Stage 1 protocol occurred in the 
participant recruitment sources for the cross-world-region data. In 
the approved registered Stage 1 protocol, we had planned to recruit 
participants in all five world regions (the USA, Africa, Asia, Europe and 
South America) using the MTurk Toolkit via CloudResearch. We suc-
cessfully collected all data from the USA (n = 5,260), Asia (n = 961) and 
Europe (n = 1,153) as planned. Due to the limited number of participants 
in Africa and South America on MTurk Toolkit, we collected the data in 
these two regions using an additional recruitment option offered on 
CloudResearch, Prime Panels, together obtaining the planned amount 
of data in Africa (n = 1,040) and South America (n = 1,171). We obtained 
permission from the Editors before carrying out the above data collec-
tion. Except for the deviation mentioned above, we adhered precisely 
to the approved registered experimental procedures, data analysis 
procedures and result interpretation procedures as detailed in Table 1 
and Methods.

information to the same extent when it is drawn from solely superficial 
facial judgements.

In the present investigation, we ask: are the diverse mental states 
that people attribute to different individuals in specific situations biased 
by the trait judgements of those individuals’ neutral faces? Answering 
this question would advance our understanding of how people make 
sense of others’ momentary and enduring features, two types of informa-
tion critical for social navigation40. If the answer is yes, then the biases 
and stereotypes in trait impressions from faces41,42 would probably be 
carried over to shape inferences of various mental states in a wide range 
of situations. This may help explain, for instance, why Black males whose 
faces are stereotypically perceived to be aggressive43,44 are wrongly 
attributed the mental state of intending to harm more often in various 
situations even without any evidence45. If trait impressions of faces do 
influence mental state inferences, then this would also suggest that the 
impacts of spontaneous trait judgements of faces are much broader than 
previously thought46. They not only would influence decisions in situ-
ations where temporally stable trait information is patently important 
but also could influence moment-to-moment decisions we make in the 
course of social interactions. Such broader influence could also help 
explain why trait judgements of faces are sometimes accurate9–11. For 
instance, individuals whose faces look like they are introverted may 
be attributed the mental state of being unwilling to interact with other 
people, leading others to reduce interaction with these individuals and 
in turn exacerbating the social isolation of these individuals.

Our present research tested four main hypotheses. First, when a 
photograph of a person’s neutral face is available, we asked whether 
inferences of this individual’s mental states in specific situations are 
associated with the trait impressions that are based on the neutral face 
(Table 1, Q1). As mentioned above, prior research shows that emotion 
recognition from faces (for example, anger, fear or happiness) is associ-
ated with trait judgements of those faces (for example, sociable, domi-
nant or trustworthy)47,48. However, in real life, we do not judge others’ 
mental states from their faces in isolation, as participants in most prior 
studies have done. Instead, we make sense of people’s mental states 
in specific situations. To test this hypothesis, we asked participants 
to infer how much different specific people, whose neutral faces the 
participants saw, would feel a certain mental state in a given situation 
(scenario-state task; Methods). We linked these mental state inferences 
to the first impressions formed from those specific people’s neutral 
faces on a range of traits (face-trait task; Methods).

To increase the comprehensiveness and generalizability of our 
study, we representatively sampled mental state terms using deep 
neural networks and the maximum variation procedure from a com-
prehensive list of putative mental states (Fig. 1a–d). We verified that 
our final selected set of 60 mental states were representative of the 
terms laypeople use in everyday life to describe others’ internal, 
non-pathological, specific mental states (Fig. 2a–c). For each mental 
state, we selected a situation that people thought co-occurred with 
the mental state in real life (Methods). We representatively sampled 
trait terms (Fig. 1e–h) that people spontaneously use to describe faces 
(Fig. 2d–f), and faces that were diverse with respect to gender, race and 
age (Fig. 1i–l) and that populate the facial geometry that people see in 
everyday life (Fig. 2g–i).

Second, we hypothesized that the underlying psychological 
dimensions people use to represent others’ mental states differ when 
face images are available compared with when they are not (Table 1, Q2). 
Prior research has shown that people use three dimensions to represent 
mental states (the 3-D Mind Model dimensions: valence, rationality 
and social impact)49,50. Those studies did not include face information 
when participants made mental state inferences. However, in real life, 
we can usually see the individuals to whom we attribute mental states. 
It remains an open question how adding the information from faces 
might modify the psychological dimensions that characterize mental 
state inferences. By analogy, we need three dimensions to represent 
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Table 1 | Design table

Question Hypothesis Sampling plan Analysis plan Interpretation given to different 
outcomes

Q1. Are trait 
impressions 
from neutral 
faces associated 
with mental 
state inferences 
about those 
same people in 
given scenarios?

H1a. We predicted that 
mental state inferences 
of unfamiliar others 
in given scenarios 
(scenario-state) would 
be associated with 
the trait impressions 
formed from those 
individuals’ neutral 
faces when shown in 
isolation (face-trait).
H1b. We predicted that 
H1a would hold even 
when we controlled 
for the mental states 
that the neutral faces 
displayed (face-state).

Please refer to ‘Sampling plan’ in 
Methods for the details.
H1a. We determined the sample 
size for the scenario-state task 
to be n = 50 participants per 
mental state. This sample size 
was estimated empirically on 
the basis of our pilot data via the 
jackknife resampling procedure.
We determined the sample 
size for the face-trait task to 
be n = 38 participants per trait. 
This sample size was estimated 
empirically on the basis of 
sequential resampling by prior 
research84.
H1b. We determined the sample 
size for the face-state task to be 
n = 31 participants per mental 
state. This sample size was 
estimated empirically on the 
basis of sequential resampling 
by prior research84.

Please refer to ‘Analysis plan’ in Methods 
for the details.
H1a. We tested this hypothesis using ridge 
regression with cross-validations for each 
of the 60 mental states.
Each model regressed the average ratings 
given to the faces for a mental state under 
the specific scenario (scenario-state) on 
the ratings given to the faces for 13 traits 
(face-traits).
Multiple comparisons across the 60 
mental states were corrected for via 
maximal statistic permutation tests.
H1b. We tested this hypothesis using 
variance partition analyses.
We assessed whether the unique variance 
in the scenario-state ratings explained 
by face-traits, when controlling for 
face-states, is significantly greater than 
zero across cross-validation resampling.

H1a. If >80% of the scenario-states 
are significantly predicted by 
face-traits, the evidence for H1a is 
very broad; if 60–80% are predicted, 
the evidence is broad; if 40–60% 
are predicted, the evidence is 
moderately broad; if 20–40% are 
predicted, the evidence is narrow; 
and if <20% (but at least one mental 
state) are predicted, the evidence is 
very narrow. Otherwise, there is no 
evidence for H1a.
H1b. If the unique variance 
explained by face-traits is 
greater than zero in >80% of the 
scenario-states, the evidence for 
H1b is very broad; if greater than 
zero in 60–80%, the evidence 
is broad; if greater than zero 
in 40–60%, the evidence is 
moderately broad; if greater than 
zero in 20–40%, the evidence is 
narrow; and if greater than zero 
in <20% (but at least one mental 
state), the evidence is very narrow. 
Otherwise, there is no evidence for 
H1b.

Q2. What are the 
dimensions that 
underlie mental 
state inferences 
of others when 
we also see their 
faces?

H2a. We predicted that 
mental state inferences 
(scenario-states) 
could be represented 
by a small number 
of dimensions (<10) 
even when faces were 
available.
H2b. We predicted 
that the mental state 
dimensions in H2a 
would at least partially 
overlap with previously 
found mental state 
dimensions when no 
face was available (the 
3-D Mind dimensions: 
rationality, social 
impact and valence)49.

We tested H2a and H2b using 
the same set of data collected 
for testing H1a.

Please refer to ‘Analysis plan’ in Methods 
for the details.
H2a. Since no single method is regarded 
as the best method for determining the 
optimal number of dimensions, we applied 
five distinct methods: Horn’s parallel 
analysis, the optimal coordinate index, the 
empirical Bayesian information criterion, 
Velicer’s minimum average partial test and 
bi-cross-validation.
The optimal number of dimensions was 
the number that most methods agreed 
on; or, if all methods disagreed, it was the 
minimum number that generated the most 
interpretable dimensions that accounted 
for ≥75% variance in the data in exploratory 
factor analysis.
H2b. We measured the Spearman 
correlation between the dimensions in 
our data and the 3-D Mind dimensions49 
using two different methods: one based on 
factor loadings and scores, and the other 
based on participants’ ratings of meaning 
similarity.
We deemed an absolute correlation of 0.2–
0.39, 0.4–0.59 or ≥0.6 to be an indication 
of weak, moderate or strong similarity.

H2a. If the optimal number of 
dimensions was <10, we concluded 
that mental state inferences are 
represented by a small number of 
dimensions even when faces are 
available.
Otherwise, we concluded that 
mental state inferences are no 
longer represented by a small 
number of dimensions when faces 
are available.
H2b. If any dimension in our data 
was at least moderately correlated 
(r ≥ 0.4) with any 3-D Mind dimension 
on the basis of both methods, 
we concluded that mental state 
dimensions when faces are available 
partly overlap with previously found 
mental state dimensions when no 
face was available.
Otherwise, we concluded that there 
is no strong evidence for H2b.

Q3. Are the 
dimensions that 
underlie mental 
state inferences 
of others 
when faces 
are available 
associated with 
trait impressions 
formed from 
those faces?

H3a. We predicted 
that the dimensions 
of mental state 
inferences when 
faces were available 
(scenario-state 
dimensions) would be 
associated with trait 
impressions formed 
from those faces 
(face-trait).
H3b. We predicted that 
H3a would hold even 
when we controlled for 
the mental states that 
those neutral faces 
displayed (face-state).

We tested H3a and H3b using 
the same set of data collected 
for testing H1a and H1b.

Please refer to ‘Analysis plan’ in Methods 
for the details.
H3a. We tested this hypothesis using ridge 
regression with cross-validations as in H1a. 
The only difference is that each model 
here corresponded to each core mental 
state dimension in Q2.
Each model regressed the factor scores 
for a mental state dimension across the 
faces (factor scores of scenario-states) on 
the ratings given to the faces for 13 traits 
(face-traits).
H3b. We tested this hypothesis using 
variance partition analyses as in H1b. The 
only difference is that the dependent 
variable here is the factor scores for a 
mental state dimension across the faces.

H3a. If any mental state dimension 
was significantly predicted by 
face-traits, we concluded that 
the dimension(s) of mental state 
inferences when faces are available 
is (are) associated with trait 
impressions from those faces.
Otherwise, we concluded that there 
is no evidence for H3a.
H3b. If for any mental state 
dimension, the unique explained 
variance of face-traits was 
significantly greater than zero, we 
concluded that there is evidence 
for H3b.
Otherwise, we concluded that there 
is no evidence for H3b.
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Associations between mental state and trait inferences
We found very broad evidence that mental state inferences of unfamiliar 
others in given scenarios were associated with trait impressions formed 
from those individuals’ faces (Table 1, H1a). Inferences of every one of 
the 60 mental states were significantly predicted by inferences of the 
13 traits: ridge regression analysis with cross-validations (for increasing 
generalizability; Methods) showed that the prediction accuracy for the 60 
mental state inferences ranged from r = 0.64 to r = 0.97, with mean r = 0.88 
(multiple comparisons across 60 mental states were corrected for using 
maximal statistic permutations; corrected P values ranged from 0.0005 
to 0.047; see Supplementary Table 2 for the results with detailed statistics 
of all 60 mental states). These results suggest that given the same context, 
how people infer different individuals’ mental states is associated with 
the trait impressions inferred from those individuals’ faces.

The strong associations between context-specific mental state 
inferences and trait impressions from faces remained robust even when 
controlling for the context-irrelevant affective and cognitive states 
inferred from the faces (captured when the photos were taken; Table 1, 
H1b). Using variance partition analysis (three models were fitted per 
mental state with different predictors; Methods), we found that trait 
impressions contributed a significant amount of unique explained 
variance for 47 of the 60 mental state inferences (Fig. 3). Across those 
47 mental states, face-trait impressions on average contributed r2 = 0.39 
explained variance (the lower bound across 2,000 cross-validation 
iterations (that is, the 2.5th percentile) ranged from 0.005 to 0.597 
across mental states; see Fig. 3 for detailed statistics) beyond the vari-
ance that was commonly explained by both face-trait and face-state 
impressions (see Supplementary Table 2 for the results of all 60 mental 
states). These results suggest that given the same context, how people 
infer different individuals’ mental states is influenced by first impres-
sions from faces that are specifically about the individual’s stable 
characteristics beyond momentary states such as emotions (see Sup-
plementary Fig. 3 for how each mental state was differently influenced 
by different trait impressions; we validated this interpretation of the 
ridge regression coefficients with three additional analysis methods 
such as ordinary least squares regressions and LASSO regressions; 
Supplementary Methods and Supplementary Fig. 4).

Trait inferences of faces do not merely influence an isolated mental 
state judgement when that face is seen in a particular context. Trait 
inferences also change the psychological space that characterizes the 
relationships among mental state judgements (Table 1, H2a). We inves-
tigated the dimensions underlying these relationships by analysing 
which mental state inferences were highly correlated with one another 
across different target faces. As preregistered, we first determined 
how many dimensions optimally summarized the common variance 
in the judgements of the 60 mental states. Three of the five planned 
methods indicated that four dimensions optimally represented men-
tal state judgements (agreed by Horn’s parallel analysis, the optimal 
coordinate index and the empirical Bayesian information criterion; 
2 of the 60 mental states were excluded for low factorability: ‘bored’ 
and ‘indecisive’).

The interpretation of these four mental state dimensions is most 
clearly obtained by examining which types of targets were more (and 
less) often attributed the mental states associated with each dimension 
(Figs. 4 and 5). We interpreted the four dimensions as describing senti-
mental mental states (mental states that are stereotypically associated 
with exaggerated or self-indulgent emotions), youthful mental states 
(mental states that are stereotypically associated with youthful peo-
ple), empathetic mental states (mental states that are stereotypically 
associated with people who understand others’ feelings) and compe-
tent mental states (mental states that are stereotypically associated 
with competent people). These four mental state dimensions together 
explained 83% of the common variance in the context-specific mental 
state inferences (each explaining 39%, 19%, 15% and 10%). Since our 
dimension analysis method (exploratory factor analysis) does not force 
the dimensions to be orthogonal, it reveals the natural relationships 
between the dimensions. The sentimental mental state dimension and 
the empathetic mental state dimension were moderately correlated 
(r = 0.47; t98 = 5.32; P = 6.57 × 10−7; 95% confidence interval (CI), (0.31, 
0.61)); correlations between the other mental state dimensions were 
weak (all r ≤ 0.25).

We compared the four mental state dimensions uncovered when 
targets’ faces were available with the three mental state dimensions 
(valence, rationality and social impact) from prior theory50 (Table 1, 

Question Hypothesis Sampling plan Analysis plan Interpretation given to different 
outcomes

Q4. Are mental 
state inferences 
of others in a 
given scenario 
causally 
influenced 
by the trait 
impressions 
formed 
from those 
individuals’ 
neutral faces?

H4. We predicted 
that trait impressions 
formed from neutral 
faces (face-trait) 
causally shape mental 
state inferences 
of those people in 
specific scenarios 
(scenario-state).

Please refer to ‘Sampling plan’ in 
Methods for the details.
H4. We used a set of n = 272 
face images to detect the 
causal effect. This sample size 
was determined via formal 
power analysis, with a paired 
one-sided t-test. See ‘Stimuli: 
Trait-manipulation of face 
stimuli’ in Methods.
We checked each trait 
manipulation. Each subset 
of facial identities with their 
manipulated images were 
rated by n = 38 participants per 
manipulated trait, using a similar 
procedure as in the face-trait 
task in H1a.
We tested causality using the 
trait-manipulated faces via 
a similar procedure as in the 
scenario-state task. Each subset 
of facial identities with their 
manipulated images were rated 
by n = 50 participants per mental 
state as in H1a.

Please refer to ‘Analysis plan’ in Methods 
for the details.
H4. We tested causality for the mental 
states that were strongly correlated 
with trait impressions in H1 (for example, 
the top predicted state(s) from each 
dimension; targeting around six states).
For each mental state, we identified a 
different, strongly correlated trait. For 
each trait, we digitally manipulated each 
face to enhance and reduce that trait, 
generating two versions of face images.
We tested the causal effect for each 
state-trait pair using two methods: one 
based on aggregate scenario-state ratings, 
using paired one-sided t-tests between 
the two versions of faces; and another 
based on individual scenario-state ratings, 
using linear mixed modelling to regress 
the ratings on the face versions while 
controlling for the random effects of 
participants and face identities.

H4. For each state–trait pair, if we 
found a significant effect in the 
expected direction (as discovered 
in H1) using both methods, we 
concluded that there is strong 
causal evidence for that state–trait 
pair. If only one method indicated 
a significant effect, the evidence is 
weak. If neither method indicated a 
significant effect, there is no causal 
evidence for that state–trait pair.
Across all tested state–trait pairs, we 
concluded that the evidence for H4 
is very broad if >80% pairs showed 
strong evidence; broad if 60–80% 
pairs showed strong evidence; 
moderately broad if 40–60% pairs 
showed strong evidence; narrow 
if 20–40% pairs showed strong 
evidence; and very narrow if <20% 
but at least one pair showed strong 
evidence. Otherwise, there is no 
strong evidence for H4.

Table 1 (continued) | Design table
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H2b). The youthful (reversed) mental state dimension found here was 
strongly similar to the previously found valence dimension (Spearman 
ρ = −0.61; P = 1.23 × 10−4; 95% CI, (−0.76, −0.38), on the basis of factor 
scores and loadings; ρ = −0.67; P = 7.53 × 10−9; 95% CI, (−0.78, −0.52), 
on the basis of participant ratings). This result indicates that mental 
states that were stereotypically associated with youthful people were 
high in valence. There was no strong evidence for similarity between 
the other mental state dimensions found here and the other two mental 
state dimensions previously proposed (rationality and social impact; 
see Supplementary Table 3 for similarities between all dimensions).

These dimensional analyses together suggest that, compared 
with prior research where no information on the target individuals was 
available, with more information that is typically present in real-world 
interactions (for example, faces) a greater number of dimensions 
(four instead of three) is needed to represent others’ mental states. 
Importantly, it is not simply that a fourth dimension is added but that 
the dimensions change on the basis of information: only one of the 
dimensions found here overlapped with one previously found dimen-
sion. These findings suggest that the dimensions people use to rep-
resent others’ mental states are exceedingly flexible and are strongly 
influenced by trait information available from faces.

The above associations between mental state dimensions and 
trait impressions from faces remained robust even when we controlled 
for the context-irrelevant affective and cognitive states inferred from 
the targets’ faces (Table 1, H3). Trait impressions from faces explained 

a unique amount of variance beyond that commonly explained 
together with face-state inferences in every one of the four mental 
state dimensions (Supplementary Fig. 6). These results, combined 
with our comprehensive sampling of traits, faces, mental states and 
scenarios, suggest that the associations between context-specific 
mental state inferences and judgements of traits from faces are gen-
eralizable to a wide range of mental states and situations beyond 
those measured here.

Causal effects of trait impressions on state inferences
We confirmed that the associations between context-specific mental 
state inferences and trait impressions from faces are indeed causal; 
furthermore, we tested generalizability across participants from dif-
ferent regions of the world (Table 1, H4). As preregistered, we tested 
causation using a subset of the representatively sampled mental 
states—one from each dimension—and data from participants across 
five different world regions. The four targeted state–trait pairs were 
state embarrassed and trait stereotypically strong, state threatened 
and trait stereotypically white, state jealous and trait stereotypically 
feminine, and state lonely and trait stereotypically leader-like (Sup-
plementary Methods). We first confirmed that our trait manipula-
tions of faces were successful using data from US participants: the 
trait-increased versions of the faces received greater trait ratings from 
participants than the trait-decreased versions (Δ = 0.83 on a seven-point 
Likert scale; Cohen’s d = 2.59; t271 = 42.68; P = 1.37 × 10−122; effect size 95% 
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Fig. 1 | Sampling mental states, traits and faces to generate comprehensive 
sets. a, An extensive list of putative mental state terms was gathered from 
multiple sources in the literature50,72–75, to which seven filters were applied to 
retain internal, non-pathological, specific mental state terms. b, Each term 
was quantified with a vector of 300 semantic features using a natural language 
model76. c, Four filters were applied to systematically sample the state terms: 
(1) terms with unclear meaning were excluded, and (2) for every pair of terms 
with similar meaning, the one with (3) a lower familiarity or, if the same, (4) a 
lower usage frequency was excluded from the pair. d, The final set of 60 mental 
states. e, An extensive list of trait words was gathered from multiple sources in 
the literature4,14,17,19,46,48,85–94. f, Each term was quantified as in b with a vector of 
300 semantic features. g, Three filters were applied to systematically sample the 
trait terms: (1) terms with unclear meaning were excluded, and (2) for terms with 
similar meaning, the one with (3) a higher usage frequency was retained.  

h, Four filters were applied to select a smaller subset of traits that have (1) a 
within-participant test–retest reliability above the mean across all traits, (2) a 
between-participant consensus above the mean across all traits, (3) a variance 
across faces above the mean across all traits and (4) a correlation with any 
other trait below 0.9. i, Clear, frontal, relatively neutral faces of all available 
races (58% white, 26% Black, 16% Asian) were gathered from three popular 
face databases70,71,80; faces with problematic race labels were excluded. j, Each 
face was represented with a vector of 512 facial features using a state-of-the-
art neural network81 that had been pretrained to identify individual identities 
across millions of faces of all different aspects and races. k, Maximum variation 
stratified sampling (regarding gender (50% male, 50% female) and race (58% 
white, 26% Black, 16% Asian)) was applied to select faces with maximum 
variability along the 512 facial features. l, The final set of 100 face images (green 
and orange dots).
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CI, (2.47, 2.71) for stereotypically strong; Δ = 0.13; d = 0.49; t271 = 8.03; 
P = 1.51 × 10−14; 95% CI, (0.37, 0.61) for stereotypically white; Δ = 0.27; 
d = 1.10; t271 = 18.13; P = 5.88 × 10−49; 95% CI, (0.98, 1.22) for stereotypi-
cally feminine; Δ = 0.06; d = 0.27; t271 = 4.43; P = 6.87 × 10−6; 95% CI, (0.15, 
0.39) for stereotypically leader-like).

Modifying the perceived traits of the faces influenced the judge-
ments of mental states made of the same individual given the same 
scenario (Fig. 6): making the same individual look stereotypically 

stronger caused participants to judge that this person would feel 
less embarrassed when noticing that their shirt is on inside out 
(Δ = −0.40 on a seven-point Likert scale; d = −1.73; t271 = −28.53; 
P = 6.42 × 10−84; 95% CI, (−1.85, −1.61) based on aggregate data; β = −0.47; 
t6245 = −15.20; s.e. = 0.03; P = 3.00 × 10−51; 95% CI, (−0.53, −0.41) based on 
individual-level data in linear mixed model); making the same individ-
ual look more stereotypically white caused participants to judge that 
this person would feel less threatened when reading news about stigma 
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Fig. 2 | Representativeness of the selected mental states, traits and face 
images. a, Word cloud of internal, non-pathological, specific mental state terms 
identified by a linear classifier from the most frequent 220,000 words of the 
one-billion-word Corpus of Contemporary American English (220k COCA) (see 
‘Design’ in Methods). Font size indicates frequency (≥100 are shown).  
b, Uniform Manifold Approximation and Projection (UMAP78) of the 141 mental 
states gathered from the literature (orange) compared with those predicted by a 
linear classifier from 220k COCA (blue) on the basis of 300 semantic features76. 
c, Distributions of word similarities (cosine distance) based on 300 semantic 
features (the dashed lines indicate the means). All mental states predicted from 
220k COCA had a similar counterpart in our 60 selected mental states: their 
similarity (red) was greater than the 80th percentile of the similarities among the 
60 selected states (solid blue line), except for 14 mispredicted terms (indicated 
by the red bars to the left of the solid blue line). d, Word cloud of spontaneous 

face descriptions. Font size indicates frequency (≥10 are shown). e, UMAP of the 
94 representatively sampled traits (green; examples are labelled) compared with 
spontaneous face descriptions (grey) based on 300 semantic features.  
f, Distributions of the 94 traits (green dots) and our selected 13 traits (black text; 
eight examples are labelled in each panel) per dimension pair. g, UMAP of our final 
selected 100 faces (stars) compared with a broader set of frontal, neutral faces 
from various databases95–97 (labels are shown to the right of i) (dots, n = 1,009 faces 
from individuals of different genders, races and ages) based on 512 facial features. 
h, Distributions of face similarities (cosine distance) based on 512 facial features. 
All faces from the broader set of databases in g had a similar counterpart in our 
100 selected faces: their similarity (red) was greater than the 95th percentile of the 
similarities among the 100 selected faces (solid grey line). i, UMAP of our 100 faces 
(stars) compared with faces from various databases including faces in naturalistic 
contexts (light blue dots, n = 12,460) based on 512 facial features.
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against their group (Δ = −0.13; d = −0.71; t271 = −11.75; P = 2.51 × 10−26; 
95% CI, (−0.83, −0.59); β = −0.14; t6114 = −4.60; s.e. = 0.03; P = 4.26 × 10−6; 
95% CI, (−0.21, −0.08)); making the same individual look more stereo-
typically feminine caused participants to judge that this person would 
feel more jealous when hearing that their best friend admires another 
new friend (Δ = 0.13; d = 0.66; t271 = 10.82; P = 3.32 × 10−23; 95% CI, (0.54, 
0.78); β = 0.14; t5572 = 4.03; s.e. = 0.03; P = 5.61 × 10−5; 95% CI, (0.07, 
0.20)); and making the same individual look more stereotypically 

leader-like caused participants to judge that this person would feel less 
lonely when being different from everyone else in a group (Δ = −0.10; 
d = −0.42; t271 = −6.96; P = 1.26 × 10−11; 95% CI, (−0.54, −0.30); β = −0.08; 
t6240 = −2.47; s.e. = 0.03; P = 0.014; 95% CI, (−0.14, −0.02)). These results 
show that, given the same context and the same face identity, how 
people infer mental states is shaped by their judgements of the indi-
vidual’s traits based on the face—a specific causal effect of traits on 
mental states that is generalizable to a wide range of mental state 
inferences and situations.

We replicated the above findings in four other world regions 
beyond the USA: Africa, Asia, Europe and South America (Fig. 6). As 
preregistered, we first tested whether the associations between the 
above four target mental-state–trait pairs remained robust in these 
different world regions. All mental-state–trait pairs were significantly 
correlated except for feeling jealous and looking stereotypically femi-
nine in the African sample (r = 0.013; t98 = 0.13; P = 0.899; 95% CI, (−0.18, 
0.21)) and feeling lonely and looking stereotypically leader-like in the 
Asian sample (r = 0.12; t98 = 1.20; P = 0.232; 95% CI, (−0.08, 0.31)); these 
causal relations were thus not tested (we preregistered to test causality 
only if the association was significant). This cross-regional variability 
in the correlations between mental state inferences and trait impres-
sions from faces suggests that how people understand the conceptual 
relations between mental states and traits may vary across cultures.

Similar to the US sample, making a face look stereotypically 
stronger reduced the inference that the individual would feel embar-
rassed in the given situation by all participant samples (Supplementary 
Table 4). Making a face look more stereotypically white decreased the 
inference that the individual would feel threatened in the given situa-
tion by all participant samples. Making a face look more stereotypically 
feminine increased the inference that the individual would feel jealous 
in the given situation by all participant samples. Making a face look 
more stereotypically leader-like decreased the inference that the indi-
vidual would feel lonely in the given situation by most samples except 
for South America. These results suggest that the causal effects of trait 
impressions from faces on context-specific mental state inferences are 
generalizable across a wide range of populations.

Discussion
In the present large-scale, cross-regional investigation (total n = 9,585), 
we showed that mental state inferences are sensitive not only to the 
context but also to judgements of the individual’s traits inferred from 
their face. By systematically sampling stimuli that were more diverse 
(Figs. 1 and 2), we showed that a wide range of mental state inferences 
in various situations are associated with trait impressions from faces 
(Fig. 3 and Table 1, Q1). Moreover, by selectively manipulating the per-
ceived traits of the faces, we demonstrated that the above associations 
are indeed causal (Fig. 6 and Table 1, Q4): how people attribute mental 
states to others in given contexts is influenced by trait impressions from 
faces. Importantly, we showed that this causal effect is generalizable 
across perceivers in five different world regions (Fig. 6). Together, 
these findings demonstrate that how people attribute momentary 
thoughts, intentions and feelings to other people is biased by their 
facial appearance, and in particular by the durable traits people infer 
from the face alone.

Understanding others’ moment-to-moment thoughts and feel-
ings is key to navigating the social world51,52. Prior work has revealed 
how people use momentary cues such as facial expressions53,54, 
behaviour55–57 and contexts58–60 to infer each other’s mental states. 
Some recent studies have looked beyond momentary cues and inves-
tigated how knowledge or inferences of others’ more stable char-
acteristics (for example, whether someone is a good or bad social 
partner in general) shape mental state inferences, and vice versa38,39,61. 
However, the trait knowledge and inferences used in prior work were 
predominantly based on more comprehensive information (for exam-
ple, participants’ knowledge of their families and friends’ traits or 
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Fig. 3 | Variance partition results of mental state inferences in given 
scenarios. The y axis indicates different dependent variables, one for each 
mental state. For each mental state, three models were fitted for variance 
partition: one with face-traits as predictors, the second with face-states as 
predictors and the third with both as predictors. All models were fitted to the 
ratings across the n = 100 faces. Different types of explained variance for each 
mental state, indicated along the x axes, were computed on the basis of the 
combination and subtraction of the explained variances returned by the three 
models. The bar length indicates mean explained variance averaged across 2,000 
cross-validation iterations. The error bars indicate the 95% CI (that is, 2.5th and 
97.5th percentiles) across these iterations. The boxes span from the 25th to the 
75th percentiles, and the mid-lines in the boxes indicate the median values across 
these iterations. The bar colours indicate different types of explained variance 
(blue indicates uniquely explained by 13 trait ratings inferred from faces, red 
indicates uniquely explained by 8 state ratings inferred from faces and orange 
indicates commonly explained by the 13 trait ratings as well as the 8 state ratings 
inferred from faces); desaturated colours indicate non-significant results (that is, 
2.5th percentile below zero).

http://www.nature.com/nathumbehav


Nature Human Behaviour

Registered Report https://doi.org/10.1038/s41562-024-02059-4

famous people’s traits, and inferences of targets’ traits based on their 
behaviour). Here we showed that trait inferences based on relatively 
superficial information—judgements from faces alone—also shape 
mental state inferences. These findings provide a new framework for 
understanding how mental state inferences are formed in a more natu-
ralistic context—that is, when both context-specific and person-specific 
information is available62 and the processes of mental state inferences 
and trait inferences are not artificially isolated.

We found substantial variability among the 60 representatively 
sampled mental states in their associations with face-trait impres-
sions (Table 1, Q1, Fig. 3 and Supplementary Table 2). For example, 

face-traits explained almost none of people’s judgements of whether 
a target person felt satisfied in a given situation (1%) but most of peo-
ple’s judgements about whether a target person would feel threatened 
(84%). At least three factors may contribute to this variability. First, 
the conceptual connection between mental state and trait may differ 
across mental states. For instance, greater trait-explained variance 
suggests that people may think that the experiences of those mental 
states (for example, threat, hesitation or embarrassment) are more 
heavily driven by one’s enduring traits than the experiences of mental 
states with lower trait-explained variance (for example, satisfaction, 
agitation or glee)63. Second, the salience of context may differ across 
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Fig. 4 | Exploratory factor analysis results of mental state inferences in given 
scenarios. Factor loadings of mental state inferences (rows) on the four mental 
state dimensions (columns) across the 58 representatively sampled mental states 
(2 mental states, ‘bored’ and ‘indecisive’, were excluded from this analysis as 
preregistered due to low factorability) using their aggregate ratings across the 

n = 100 representatively sampled faces. The bar lengths indicate absolute loading 
strength; the bar colours indicate the sign of the association (orange for positive 
and purple for negative). Top-scored faces received greater ratings on positively 
loaded mental states (orange); bottom-scored faces received greater ratings on 
negatively loaded mental states (purple).
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mental states. For instance, two mental states may be conceptually 
thought of as equally likely to be driven by one’s enduring traits (for 
example, feeling satisfied and threatened). However, the scenario for 
one mental state may be more predictive than the other (for example, 
‘getting back home from a long vacation’ may be thought to strongly 
predict ‘feeling satisfied’ for everyone in general, whereas ‘reading 
news about stigma against his/her group’ may be less predictive of 
‘feeling threatened’). It is likely that when the scenario is predictive, 
people rely more on the scenario and less on other cues such as trait 
impressions from faces for mental state inferences64. Finally, the 
unique explained variance of face-trait impressions is constrained by 
the signal quality in the scenario-state ratings. A greater consensus 
in participants’ scenario-state ratings for a mental state allows for a 
greater upper bound of the unique explained variance by face-trait 
impressions65. Regardless of which factors underlie the variability in 
the trait-explained variance, these results confirm the importance of 
investigating a diverse set of mental states and scenarios (Figs. 1a–d 
and 2a–c) for understanding the comprehensive relations between 
mental state inferences and trait impressions from faces.

We also found a large amount of shared variance in mental state 
inferences (Fig. 3 and Table 1, Q1) that was commonly explained by 
both the impression of others’ stable traits and their photo-captured 
affective and cognitive states (mean r2 = 0.46 across 60 mental 
states; shared variance was significant for 51 of the mental states, 
mean r2 = 0.51; Supplementary Table 2). These results suggest that 

context-specific mental state inferences use overlapping cues that 
are relevant to both trait and state inferences from faces. This find-
ing is consistent with prior research showing bidirectional causal 
effects between face-trait and face-state inferences (for example, a 
neutral face’s structural resemblance to emotional expressions shapes 
trait inferences)37,48. As expected, the unique explained variance of 
face-state inferences was minimal across all scenario-state inferences 
(Fig. 3; mean r2 = 0.03; none was significant). This is probably because 
all face images used in the present research were neutral. Thus, once 
the face’s structural resemblance to affective- and cognitive-state 
expressions is taken into account, there is no useful information for 
mental state inferences beyond those already reflected in trait infer-
ences (for example, facial structure).

Prior work using diverse trait words and white faces showed that 
the trait impressions people formed from faces are optimally rep-
resented by four dimensions (warmth, competence, femininity and 
youth)3. Here we showed that when faces are available, mental states are 
organized along four dimensions: sentimental mental states, youthful 
mental states, empathetic mental states and competent mental states 
(Figs. 4 and 5 and Table 1, Q2). These findings suggest that people may 
spontaneously use trait information along the four trait dimensions 
when inferring others’ mental states in given scenarios: people may be 
influenced by the stereotypical femininity of the face when inferring 
mental states that are stereotypically associated with sentimental 
people, the youthfulness of the face when inferring mental states that 
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Fig. 5 | Ridge regression coefficients of 13 traits for four mental state 
dimensions. Each radar plot shows the result for one mental state dimension. For 
each mental state dimension, we regressed their factor scores across the n = 100 
faces on the face’s 13 traits while controlling for the face’s 8 states (that is, the full 
model in the variance partition analysis). The dots indicate the mean coefficient 
values averaged across 2,000 cross-validation iterations. The colours the of 

dots indicate the sign of the coefficient (red for positive and blue for negative; 
more saturated colours indicate stronger associations; coloured labels indicate 
the trait with the strongest effect). We have validated these interpretations of 
the ridge regression coefficients with three additional analysis methods such 
as ordinary least squares regressions and LASSO regressions (Supplementary 
Methods and Supplementary Fig. 5).
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are stereotypically associated with younger people, the warmth of the 
face when inferring mental states that are stereotypically associated 
with people who are aware of others’ feelings and the competence of 
the face when inferring mental states that are stereotypically associated 

with competent people (Fig. 5 and Table 1, Q3). These findings suggest 
that the mind represents social information in an integrative manner: 
when the faces of the targets are available, mental state represen-
tation integrates both the target information and the mental state 
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Fig. 6 | Causal effects of trait impressions on mental state inferences in 
given scenarios. Each panel plots the results for one mental state (specified 
in the title, with its scenario). As preregistered, causal effects were only tested 
in regions where the state-trait pairs showed significant correlations (the 
correlation between state-jealous and trait-stereotypically-feminine was not 
significant in the African sample; the correlation between state-lonely and trait-
stereotypically-leader-like was not significant in the Asian sample). The dots 
indicate the mean scenario-state ratings (y axis) averaged across all participants 

(ns ranging from 31 to 50 participants per region per mental state after 
preregistered data exclusion) and faces (n = 272 images) for the two versions (x 
axis; version examples for two facial identities are shown). The error bars indicate 
the 95% CIs of the mean ratings for each version. The colours indicate data from 
different world regions as labelled on the maps. The text indicates the Cohen’s d 
effect sizes calculated using aggregate data (that is, ratings per face and version 
averaged across participants) using one-sided paired t-tests as preregistered.
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prediction66. This also suggests that, to understand social cognition 
in more naturalistic contexts, investigating each domain in isolation 
(for example, mental states alone or faces alone) may not provide 
a complete or ecologically valid picture; instead, more integrative, 
naturalistic designs may be necessary64,67,68.

By putting trait impressions in a broader context (that is, for infer-
ring mental states in given situations), our findings provide insights 
into how judgements from faces may influence real-world outcomes. 
Prior work investigating the real-world impacts of face impressions has 
predominately focused on contexts where understanding the target’s 
traits is particularly informative, such as predicting whether someone 
will be a good leader, partner or employer in the long run18,19,21,22. Here we 
focused on contexts where the target’s traits should be less informative 
than other information such as the scenario or situation—that is, infer-
ring others’ mental states in the moment. Our findings suggest that the 
real-world impacts of trait impressions from faces may be broader than 
previously believed46. They probably shape people’s real-time social 
interactions with each other through influencing momentary judge-
ments of each other’s thoughts and feelings. This broader impact helps 
explain why certain trait judgements of faces have been found to be 
accurate9–11. For instance, perceivers who judge a target to be introverted 
on the basis of the face may attribute the mental state of not willing to 
interact to the target and thus avoid approaching the target in social 
events. This in turn reduces the likelihood of the target interacting with 
others in social events and reinforces the perceivers’ initial trait impres-
sion that the target is introverted (that is, a self-fulfilling prophecy).

We found both variabilities and similarities between world regions 
(Fig. 6 and Table 1, Q4). While perceived stereotypical femininity was 
associated with and causally shaped the mental state attribution of 
jealousy in the USA, Asia, Europe and South America (Supplemen-
tary Table 4), this association was not significant in the Africa sample 
(r = 0.01, P = 0.899). This null result in the Africa sample suggests a lack 
of evidence for the stereotypical conception of feminine people being 
prone to feeling jealous in Africa69. However, we note that the face femi-
ninity ratings by participants in Africa were extremely similar to those 
made by participants in other regions (r ranged from 0.95 to 0.99). 
While perceived stereotypical leader-likeness was associated with and 
causally shaped the mental state attribution of loneliness in the USA, 
Africa, Europe and South America (Supplementary Table 4), this asso-
ciation was not significant in the Asian sample (r = 0.12, P = 0.232). This 
may be a result of the conceptual difference in how the leader-like trait 
is linked to various mental states in Asia compared with other regions. 
This may also be a result of the perceptual difference in how people 
judge leader-likeness from faces in Asia compared with other regions, 
given that the correlations between leader-like ratings in the Asian 
sample and those in other samples were only moderate (mean r = 0.38).

Several limitations constrain the conclusions of this research. First, 
although we increased the generalizability of our research by repre-
sentatively sampling stimuli (faces, mental state terms and trait terms), 
we used only one scenario for each mental state. As discussed above, 
the predictiveness of the scenario may influence how much perceiv-
ers rely on the context versus the face-trait information when making 
mental state inferences. We systematically selected the scenario for 
each mental state to be relatively predictive (that is, above average and 
below ceiling; Methods). However, using a greater variety of scenarios 
per mental state may provide a more complete picture of the rela-
tionship between mental state inferences and face-trait impressions. 
Second, although we increased the ecological validity of our research 
by integrating information streams that tend to be naturally present 
in everyday life mentalizing (that is, information on the target and the 
context), our designs were still artificial. For instance, we presented the 
face of the target statically in isolation from other contextual informa-
tion (such as clothing), and we presented the context using text. This 
may limit our conclusions from generalizing to real-world situations 
where target people are observed dynamically and naturally integrated 

with the complex context, which requires more than verbal processing 
to comprehend. Relatedly, all participants in the present research were 
recruited over the Internet. This approach allowed for participants 
with more diverse demographic backgrounds (see the laboratory log 
at https://osf.io/8ynzj/?view_only=f29e741904354cd9919da9b43a2
609b7 for demographics) and large-scale data collection in different 
world regions. However, it compromises the naturalistic aspect of the 
research, which could be addressed by in-person research that uses an 
interaction paradigm rather than mere observation.

In conclusion, this investigation provides insights into how people 
make mental state inferences in more naturalistic contexts and the 
broader real-world impacts of first impressions from faces. People 
rely on trait impressions of the targets inferred from their faces for 
context-specific mental state inferences even though this informa-
tion is probably invalid and biased14. By bridging four different types 
of social information (faces, contexts, trait inferences and mental 
state inferences) and using more generalizable designs (representa-
tive stimuli and diverse participants), our research provides a more 
comprehensive understanding of how the mind flexibly integrates 
different social information to navigate the social world.

Methods
Ethics information
The present research complied with all relevant ethical regulations 
and has been approved by the Committee for the Protection of Human 
Subjects of Dartmouth College (00032195) and the Institutional Review 
Board of the California Institute of Technology (21-1141). Informed con-
sent was obtained from all human participants. The participants were 
compensated at an hourly rate of no less than US$9.50. (Editor’s com-
ment: this paragraph was added to the Methods section at Stage 2 at 
our request.) The face stimuli used in our experiments were drawn from 
three publicly available databases: Chicago Face Database, London Face 
Database and Oslo Face Database. All three datasets were originally 
obtained with participant consent as follows. Chicago Face Database: 
“Upon arrival, participants were asked to carefully read a consent/
release form, allowing us to use their photos for research purposes”70. 
London Face Database: “All individuals gave signed consent for their 
images to be ‘used in lab-based and web-based studies in their original 
or altered forms and to illustrate research (e.g., in scientific journals, 
news media or presentations).’ Images were taken in London, UK, in 
April 2012”71. Oslo Face Database: “Participants gave verbal consent 
to be photographed for a database of face images for use in research”.

Deviations from protocol
We adhered precisely to the approved registered experimental proce-
dures, data analysis procedures and result interpretation procedures 
detailed in Table 1 and Methods. The only deviation from the approved 
registered Stage 1 protocol was the participant recruitment sources for 
the cross-world-region data. In the approved registered Stage 1 proto-
col, we had planned to recruit participants in all five world regions (the 
USA, Africa, Asia, Europe and South America) using the MTurk Toolkit 
via CloudResearch. We successfully collected all data from the USA 
(n = 5,260), Asia (n = 961) and Europe (n = 1,153) as planned. Due to the 
limited number of participants in Africa and South America on MTurk 
Toolkit (through which we collected data from n = 707 participants in 
South America and n = 21 participants in Africa), we collected the data 
in these two regions using an additional recruitment option offered on 
CloudResearch, Prime Panels, together obtaining the planned amount 
of data in Africa (n = 1,040) and South America (n = 1,171). This deviation 
was carried out with permission from the Editors.

All data collection details and summaries of participant demo-
graphics have been documented in the laboratory log available via 
the Open Science Framework at https://osf.io/8ynzj/?view_only=f2
9e741904354cd9919da9b43a2609b7. There is no unregistered post 
hoc analysis.
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Pilot data
To demonstrate the feasibility of our experimental design and analysis 
method for our main hypothesis, H1a, we collected pilot data for five 
randomly selected mental states (attentive, gleeful, mad, panicked and 
sorrow) from 300 participants via Amazon Mechanical Turk (MTurk; 
60 participants per mental state). These pilot data were collected 
following the same experimental procedures that were applied in our 
planned scenario-state task (see ‘Design’). Each participant completed 
one experiment module. Each experiment module corresponded to 
one mental state and one scenario. The participants viewed 100 faces 
(from a previously published study3) one by one in randomized order 
and imagined each of those individual people in the given scenario 
(for example, listening to safety instructions). The participants rated 
how much each person would experience the given mental state (for 
example, attentive) in that given scenario, using a seven-point Likert 
scale anchored at 1 = not at all and 7 = extremely (Supplementary Fig. 1).

Participant-wise and trial-wise exclusion criteria were applied to 
the pilot data (see ‘Sampling plan’; for example, excluding participants 
who failed more than one attention check), resulting in a remaining 
sample size ranging from 45 to 57 participants across the five pilot 
mental states (for details of the pilot data, see Supplementary Meth-
ods). Given that the corresponding scenario for each mental state 
was selected to elicit that mental state (see ‘Design’), as expected, 
participants’ ratings for each of the five mental states across the 100 
faces were heavily skewed to high ratings, with a long tail (all means 
were >4, skewness ranged from −0.28 to −0.14 and kurtosis ranged 
from −0.71 to −0.40 across the five mental states). These pilot data 
also suggested minimal floor or ceiling effects (ratings of 1 occurred 
no more than 2% and ratings of 7 no more than 7% of the time across 
all five mental states).

To test whether these mental state inferences would be associated 
with the trait impressions formed from the individuals’ faces (Table 1, 
H1a), we performed ridge regression with cross-validation analyses as 
planned. For each mental state, we regressed the aggregated mental 
state ratings (averaged across participants per face) from our pilot data 
on the aggregated ratings of those faces on 100 different traits from 
the previously published study3. The results showed that inferences of 
all five mental states in the corresponding scenarios were significantly 
associated with the trait impressions of the faces: model prediction 
accuracy was r = 0.77 (95% CI, (0.56, 0.90); P = 1.67 × 10−4) for attentive, 
r = 0.91 (95% CI, (0.83, 0.96); P = 1.67 × 10−4) for gleeful, r = 0.89 (95% 
CI, (0.77, 0.96); P = 1.67 × 10−4) for mad, r = 0.58 (95% CI, (0.30, 0.79); 
P = 0.004) for panicked and r = 0.60 (95% CI, (0.27, 0.83); P = 1.63 × 10−3) 
for sorrow. The CIs were the 2.5th and 97.5th percentiles of the empiri-
cal distribution of the prediction accuracies generated over 2,000 
train/test splits in cross-validations. The P values were computed and 
corrected for multiple comparisons via maximal statistic permutation 
tests. The pilot data and analysis code are available via the Open Science 
Framework (see ‘Data availability’ and ‘Code availability’).

Stimuli
Selection of mental state terms. To increase generalizability, we 
representatively sampled a set of mental state terms from a large, 
inclusive initial set. We defined a mental state as a person’s internal, 
mental, temporally changeable characteristics. Our goal was to sam-
ple a comprehensive set of mental state terms that describe people’s 
non-pathological and specific mental states. We first gathered an 
extensive list of putative mental state terms from the literature50,72–75 
(n = 404). We then applied seven criteria to exclude terms that (1) 
describe other people’s actions or attitudes towards a person, which 
were instead substituted with terms that describe the person’s own 
mental state (for example, ‘social exclusion’ and ‘ostracized’ were 
substituted by ‘lonely’); (2) describe pathological states (for example, 
‘insane’ or ‘hallucinating’); (3) describe non-specific mental states 
that were instead substituted with more specific terms (for example, 

‘unhappy’ was substituted by ‘sad’ or ‘angry’ or ‘afraid’); (4) describe 
generic psychological processes (for example, ‘thinking’ or ‘feeling’); 
(5) have unclear meanings (for example, ‘interconnected’ or ‘objec-
tive’); (6) describe physical states or behaviours (for example, ‘hungry’ 
or ‘subordinate’); and (7) could describe both mental states and traits 
but were derived from traits (for example, ‘neurotic’ or ‘serious’). On 
the basis of these seven exclusion criteria, two authors independently 
judged whether each mental state term should be excluded or included 
or was debatable. A mental state term was excluded if both authors 
labelled it as to be excluded or debatable. After exclusion, 141 terms 
remained (Fig. 1a).

We verified that the 141 mental state terms selected from the 
literature were representative of the mental state terms laypeople use 
in everyday life to describe others’ internal, non-pathological, specific 
mental states. To this end, we quantified each of the 141 mental state 
terms with a vector of 300 semantic features using a state-of-the-art 
neural network that had been pretrained to assign words to their con-
texts across 600 billion words76. We then trained a linear classifier76 
using our manual labels (141 ‘included’ and 263 ‘excluded’ from our 
putative list of 404) and applied it to 220k COCA77. COCA is “the only 
corpus of English that is large, up-to-date (1990–2020), and balanced 
between many genres”77, including spoken, fiction, popular maga-
zines, newspapers, academic texts, TV and movie subtitles, and blogs. 
The linear classifier performed well (precision = 1.00, recall = 0.89, 
F1 = 0.95 for ‘included’ states; precision = 0.95, recall = 1.00, F1 = 0.97 
for ‘excluded’ states). This linear classifier identified 252 words from 
220k COCA as internal, non-pathological, specific mental state 
terms (Fig. 2a). UMAP78 of the 141 literature-selected and the 252 
corpus-identified mental state terms onto the same two-dimensional 
space showed that the former were a fairly representative sample of 
the latter (Fig. 2b).

After verifying that the list of mental state terms we selected from 
the literature were representative and valid, we next aimed to reduce 
the ambiguity and redundancy of the list. To this end, we applied four 
filters (Fig. 1b,c): (1) we excluded terms with unclear meaning (n = 19) 
according to an independent sample of MTurk participants (n = 32); 
(2) we computed the cosine similarity between each pair of terms on 
the basis of their vectors in the 300-dimensional semantic space76; 
for each pair with a similarity greater than two standard deviations 
from the mean, we (3) excluded the term with a lower rated familiarity 
(that is, people are less likely to feel that mental state in everyday life) 
according to an independent sample of MTurk participants (n = 34) 
or (iv) if they had the same familiarity, we excluded the term with a 
lower rated usage frequency (that is, people are less often to use that 
word in everyday life) according to an independent sample of MTurk 
participants (n = 31). These four filters eliminated 81 terms, resulting 
in our final set of 60 mental state terms that are clear and minimally 
redundant (Supplementary Table 1). These 60 mental state terms were 
used in the scenario-state task (see ‘Procedures’).

Selection of mental state scenarios. To understand how people infer 
another individual’s mental states in specific scenarios, we chose one 
scenario for each of the 60 selected mental states. We aimed to choose 
one short text scenario (with three to eight words) per mental state 
that would (1) prompt the intended mental state in an average person, 
(2) do so without introducing ceiling effects (that is, preventing all 
faces receiving high ratings because the scenario is too stereotypical 
or strong) and (3) elicit sufficient variability in terms of the intensity 
with which different people might feel that mental state. To this end, 
we generated four putative scenarios for each of the 60 selected mental 
states. All scenarios were then rated (on a five-point Likert scale) by an 
independent sample of MTurk participants (n = 60) on how much each 
scenario would elicit the intended mental state in an average person.

Data from participants who passed all attention checks, were 
native English speakers and had at least high school education (n = 47) 
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were used for scenario selection. As expected, most scenarios (97%) 
received a high mean rating (>3, which was the midpoint of the rating 
scale). That is, participants agreed that the scenarios would elicit the 
intended mental state in an average person. Aiming for a scenario that 
would probably elicit ratings with a sufficient variance across faces for 
the target mental state, we selected the scenario with the largest rat-
ing variance across participants and an average rating >3. We further 
confirmed that all selected scenarios were not specific to salient social 
categories such as any specific gender or race. See ‘Data availability’ 
for all mental state terms, putative scenarios and selected scenarios. 
These selected scenarios, one for each of the 60 mental states, were 
used in our scenario-state task (see ‘Procedures’).

Selection of face-trait terms. To increase generalizability, we sys-
tematically selected a representative set of trait terms on which 
participants rated the faces. We defined a trait broadly as a person’s 
temporally stable characteristic, which could include age, gender, race, 
socio-economic status, social evaluative qualities and personality. Our 
goal was to sample a small set of trait terms that (1) can be reliability 
inferred from faces (in terms of within-participant test–retest reliability 
and between-participant consensus), (2) can elicit a range of ratings 
across our face stimuli and (3) are representative of the comprehensive 
space of trait impressions from faces3,4,79.

We began with a comprehensive and representative list of 94 traits 
from a previously published study3. That study selected these traits 
from an inclusive set of traits of all important categories for person 
perception (demographics, physical appearance, social evaluative 
qualities, personality and emotional traits) from the literature (n = 482). 
That study systemically sampled these 94 traits according to mean-
ing clarity, semantic similarity and usage frequency (Fig. 1e–g). That 
study also provides the ratings on the 94 traits for a representative set 
of faces. On the basis of those ratings, we selected the traits that have 
(1) a good within-participant test–retest reliability (within-participant 
Spearman’s correlation averaged across all participants was greater 
than the mean across all traits (0.42)), (2) a good between-participant 
consensus (between-participant Spearman’s correlation averaged 
across all participant pairs was greater than the mean across all traits 
(0.14)) and (3) a sufficient variance across faces (the variance of the 
aggregated ratings across faces was greater than the mean across all 
traits (0.49)). These three filters selected a subset of 22 traits. Some of 
these 22 traits were extremely highly correlated in their face ratings. 
Therefore, for any pair of extremely highly correlated traits (with a 
Pearson correlation >0.9), we retained only the trait with a higher 
within-participant test–retest reliability. These procedures selected a 
subset of 13 traits. We made a slight modification to one of the selected 
traits for balancing the valence across the 13 traits (substituted ‘healthy’ 
with ‘unhealthy’; Supplementary Table 1). These 13 traits were used in 
our face-trait task (see ‘Procedures’).

Selection of face-state terms. We measured the faces’ current mental 
states (when the photos were taken) to control for their effects on the 
association between trait impressions from faces and subsequent 
mental state inferences in specific scenarios. We aimed to representa-
tively sample a wide range of mental states that the face owners might 
have felt at the moment the photos were taken. We therefore included 
both affective states such as emotions and cognitive states such as 
contemplation. We based our selection on a previously published 
study50, which investigated a comprehensive set of 60 affective and 
cognitive mental states. That study found that these mental states 
could be represented by three dimensions. We selected eight mental 
states from the 60 terms in that study along those three dimensions. 
These eight mental states were at the extremes (that is, the corners) as 
well as in the middle of this comprehensive three-dimensional mental 
state space (Supplementary Table 1). These eight mental states were 
used in our face-state task (see ‘Procedures’).

Selection of face stimuli. We focused on faces from high-quality 
studio photographs (clear, frontal, direct gaze, plain background), 
of relatively neutral expression (not depicting any blatant emotions). 
Factors such as angle, lighting, gaze direction, background and facial 
expression have been shown to shape mental state and trait inferences 
from faces; however, the interactions of these factors with the relation-
ship between mental state and trait inferences were beyond the scope 
of our present study, and so we selected stimuli that do not exhibit 
noticeable variance in these factors.

We began with three large and popular publicly available 
high-quality face databases70,71,80, which included face images of indi-
viduals from both genders, different races (white, Black and Asian) 
and different age groups. We included the variance from these three 
factors because they represent the important dimensions of diversity 
in the individuals that people see in everyday life. We applied three 
filters to exclude faces that (1) were not frontal, (2) were not neutral 
and (3) had objects obscuring the face, resulting in 764 faces. We aimed 
to sample a subset of faces that maximally vary in facial geometry. 
We therefore quantified each face with a vector of 512 facial features 
using a state-of-the-art neural network that had been pretrained to 
identify individual identities across millions of faces81. These features 
identify individuals by their facial structures and are not sensitive to 
factors such as angle, lighting, background, facial expression, race and 
makeup. We then computed the cosine distance between each pair of 
faces using their vectors in the 512-dimensional face space. Stratified 
maximum variation sampling was then applied to sample 50 female 
faces (58% white, 26% Black, 16% Asian) and 50 male faces (58% white, 
26% Black, 16% Asian) that were most distinct from each other within 
each gender and race (Fig. 1i–l).

We determined the sampling method and race ratio on the basis 
of two considerations. First, we used maximum variation sampling 
to select faces that were most different in terms of facial geometry 
to increase the generalizability of our results. Specifically, the more 
distinct the faces we sampled, the larger the portion of the face space 
our samples covered. This allowed for greater generalizability to all 
diverse faces within the larger sampled space via interpolation. Oth-
erwise, if we only sampled faces that covered a small subspace of the 
face space (for example, faces that are close to the average faces that 
people would see in everyday life), then to generalize results to more 
diverse faces, one would need to rely on extrapolation to faces that 
are outside of the small sampled space. Such extrapolation is known 
to be less accurate than interpolation82,83. Second, we determined the 
race ratios on the basis of the proportion of each race in the 764 faces. 
Basing the race ratios on the sampling database instead of other ref-
erences (for example, equal ratios or the US population) ensures that 
the maximum variation sampling procedures do not bias any one of 
the races. Specifically, the number of faces of different races in the 
sampling database differs largely (444 white, 198 Black, 122 Asian). 
Selecting faces proportional to the base rate in the database instead 
of, for instance, selecting an equal number of faces per race ensures 
that the selected white faces are no more heterogeneous with respect 
to each other than the selected Black or Asian faces.

These 100 selected faces were used as stimuli in our scenario-state 
task, face-trait task and face-state task (see ‘Procedures’). They were 
used as reference images for digitally manipulating the trait impres-
sions of new faces (see ‘Stimuli: Trait manipulation of face stimuli’).

Trait manipulation of face stimuli. To test the causal effect of face-trait 
impressions on mental state inferences (H4), we manipulated the trait 
impressions of new faces. We focused on a subset of the 60 mental 
states that were strongly associated with trait impressions and that 
spanned multiple mental state dimensions, ideally around six mental 
states (10%). Specifically, for each of the mental state dimensions in 
H2a, we identified the mental states that were (1) most strongly associ-
ated with this dimension, and among these, those that were (2) most 
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strongly and significantly associated with trait impressions in H1b. The 
selected mental states were the targets for causality testing. For each 
target mental state, we identified a target trait that was strongly associ-
ated with this mental state in H1b (greatest absolute model weight in 
the full model). In the case where the same target trait coincides with 
multiple target mental states, we diversified the target traits by select-
ing the state–trait pairs that have the greatest average association.

For each target trait, we selected two sets of base faces (B+ and B−) 
from our 100 faces, which were used to digitally increase and decrease 
the impressions of the target trait in any new face image. The two sets 
of base faces met the following three criteria: (1) the B+ set had a mean 
rating on the target trait that was maximally greater than the mean 
rating of the B− set; (2) the B+ set had a mean rating on face-states that 
was similar to that of the B− set, to control for the effect of face-states; 
and (3) the B+ and B− sets included a similar number of faces, ideally 
around ten. We digitally averaged the faces within the B+ set and the 
B− set. The B+ average and B− average faces were used to manipulate 
the impressions of the target trait in new faces.

We selected 272 new faces to which we applied trait manipulation. 
This sample size of faces was determined by formal power analysis. 
Our aim was to test whether digitally manipulating a face to look more 
versus less prominent in a trait would cause participants to shift mental 
state inferences in the direction that is consistent with our correlational 
findings in H1. We therefore estimated the number of face images 
needed on the basis of paired one-sided t-tests. The results indicated 
that to detect a small effect (d = 0.2) with 95% power and a significance 
level of 0.05, we needed to use 272 face images. These 272 new faces 
were sampled from the three databases70,71,80 we used before (Fig. 1i), 
excluding the 100 already selected faces (Fig. 1l). We used the same 
stratified maximum variation sampling method as before to sample 
these new faces of different gender, race and age. For each of the 272 
new faces and each target trait, we created two versions of the face 
image: one with increased target trait impression, by digitally adding 
a proportion of the difference between the B+ average and B− average 
faces (in shape and texture) to the original face image; and the other 
with decreased target trait impression, by subtracting the same pro-
portion of the difference from the original face image. The maximum 
proportion without distorting the faces was used, ideally above 50%. 
The resulting 544 face images were used in our scenario-state task 
for understanding the causal relation between the target trait and 
target mental state (see ‘Procedures: Scenario-state task with trait 
manipulation’).

Procedures
Scenario-state task. In the scenario-state task, participants imagined 
different individuals in specific scenarios and inferred the individu-
als’ mental states in those scenarios. Each participant was randomly 
assigned to one experiment module. Each experiment module corre-
sponded to one of the 60 mental states and its scenario (see ‘Stimuli’). In 
each module, the participants saw the scenario (for example, ‘listening 
to safety instructions’) and rated how much (1) an average person, (2) 
100 specific people (our face stimuli) and (3) the participant themselves 
would feel the corresponding mental state (for example, ‘attentive’) in 
that scenario (Supplementary Fig. 1a).

For each of the 100 specific people (shown in random order), the 
participants first saw their face. Subsequently, the participants saw the 
text scenario and imagined the person whose face they were looking at 
in that scenario (for example, ‘imagine this person is listening to safety 
instructions’). In particular, the participants were instructed that when 
those people took the photos, they were told to keep a neutral face and 
not to show any smile or other facial expressions; those people’s faces 
might look different when they are in the given scenario. The partici-
pants then saw a question asking how much the person would experi-
ence the given mental state in that scenario (for example, ‘how attentive 
would this person feel?’). The participants entered their answers by 

pressing number keys 1 to 7 on their computer keyboard, with 1 = not 
at all and 7 = extremely (Supplementary Fig. 1a). Participants received 
an alert message if they mistakenly pressed other keys than the number 
keys 1 to 7. They saw an alert message if their response time (from when 
the question appeared to when a response was entered) was too short 
(under 200 milliseconds) or too long (over 10,000 milliseconds). The 
participants had the option to take a short break after every 20 trials. 
There were also seven attention checks randomly scattered between 
the 100 trials, in which the participants were asked to press a certain 
number key on their keyboard.

After the experiment, the participants filled out a questionnaire 
about their understanding of the mental state term and the scenario, 
demographics, traits (self-report on the 13 traits used in the face-trait 
task) and mental states (self-report on eight mental states used in 
the face-state task). The participants provided ratings for the 13 
traits and the eight mental states using a seven-point Likert scale. 
The experiment code is available via the Open Science Framework 
(see ‘Code availability’).

Face-trait task. In the face-trait task, participants viewed different 
individuals’ face images and judged those individuals’ traits solely on 
the basis of their face images. Each participant was randomly assigned 
to one experiment module. Each module corresponded to one of the 
13 traits (see ‘Stimuli’). In each module, the participants viewed the 
100 faces one by one in random order and rated how much each face 
fitted the description of the given trait. For each face, the participants 
first saw a fixation cross. Subsequently, they saw the question, the face 
and the rating scale. The participants entered their answers using a 
seven-point Likert scale (anchored at 1 = not at all and 7 = extremely) by 
pressing number keys 1 to 7 on their computer keyboard (Supplemen-
tary Fig. 1b). They received an alert message if their response time was 
too short or too long. The participants had the option to take a short 
break after every 20 trials.

Face-state task. In the face-state task, participants viewed differ-
ent individuals’ face images and inferred the mental states that the 
individuals were currently displaying solely on the basis of their face 
images. Each participant was randomly assigned to one experiment 
module. Each module corresponded to one of the eight mental states 
(see ‘Stimuli’). In each module, the participants viewed the 100 faces 
one by one in random order and rated how much each face looked 
like it was currently displaying the given mental state. For each face, 
the participants first saw a fixation cross. Subsequently, they saw 
the question, the face and the rating scale. The participants entered 
their answer using a seven-point Likert scale (anchored at 1 = not at all 
and 7 = extremely) by pressing number keys 1 to 7 on their computer 
keyboard (Supplementary Fig. 1c). They received an alert message if 
their response time was too short or too long. The participants had the 
option to take a short break after every 20 trials.

Scenario-state task with trait manipulation. In the scenario-state task 
with trait manipulation, participants imagined different individuals in 
specific scenarios and inferred the individuals’ mental states in those 
scenarios. This task aimed to test the causal effect of trait impressions 
on mental state inferences (H4). Since we used 272 face identities to test 
this causal effect, each with two manipulated versions (see ‘Stimuli’), 
it would take too long for each participant to rate all 544 face images. 
We therefore shuffled the 272 face identities and randomly assigned 
them to four different subsets (n = 68 face identities, with 136 face 
images per subset). Each participant was randomly assigned to one 
experiment module. Each experiment module corresponded to rating 
a subset of 136 face images for one mental state in the correspond-
ing scenario. In each module, the participants viewed the 136 faces 
one by one in random order, with the constraint that the images of 
the same identity appeared at least one trial apart. For each face, the 
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participants imagined the face owner in the given scenario and rated 
how much the person would feel the corresponding mental state, as 
in the scenario-state task (Supplementary Fig. 1a).

Sampling plan
Recruitment plan. We recruited participants who satisfied our inclu-
sion criteria listed below via MTurk through the CloudResearch plat-
form (formerly known as TurkPrime). All participants completed our 
study online using desktop or laptop computers. In most studies, we 
recruited participants who were located in the USA.

To promote participant diversity and increase the generalizabil-
ity of our study, we also included participants from different world 
regions. Given our current budget, we collected data from different 
world regions only for testing hypothesis H4. Specifically, besides 
the participants located in the USA, we recruited participants from 
four different continents (South America, Europe, Africa and Asia) via 
MTurk and Prime Panels through CloudResearch. From each of these 
international samples, we collected data for testing the correlations 
between the target state–trait pairs identified from the US samples (see 
‘Stimuli: Trait manipulation of face stimuli’). That is, we repeated data 
collection for H1 but only for the target mental states and traits in these 
international samples. For each significantly correlated state–trait pair 
in each international sample, we further collected data for testing the 
causal effect of this state–trait pair.

Inclusion criteria. For the US samples, we included participants  
who satisfied the following criteria: (1) were age 18 or older, (2) had 
normal or corrected-to-normal vision, (3) had a good performance 
history in terms of approval rate (greater than or equal to 99%) and 
the number of previous submissions (more than 100 tasks), (4) were 
native English speakers, (5) were located in the USA and (6) had at least 
high school education.

For each of the international samples across the four continents, 
we included participants who satisfied the following criteria: (1) were 
age 18 or older, (2) had normal or corrected-to-normal vision, (3) 
had a good performance history in terms of approval rate (greater 
than or equal to 99%) and the number of previous submissions (more  
than 100 tasks) for participants on MTurk and all active participants  
on Prime Panels, (4) were fluent in English, (5) were located in  
countries that are within the targeted continent and (6) had at least 
high school education.

We maintained a good balance between participants who 
self-identified as women and men for each sample, and we included 
participants from a wide range of age groups.

In the case where there were not enough participants who satisfied 
the above inclusion criteria in an MTurk sample, we relaxed the criterion 
of performance history to include participants with an approval rate 
of greater than or equal to 90% and a number of previous submissions 
more than or equal to 10 tasks.

Sample size. We determined the sample size for the scenario-state task 
based on our main hypothesis H1a via jackknife resampling of empiri-
cal data. Using the pilot data we collected on five randomly selected 
mental states, we performed the ridge regression with cross-validations 
as planned (see ‘Analysis plan’). The results showed that the sample 
size we had in the pilot data was sufficient for detecting an accurate 
prediction in all five mental states. To empirically examine how the 
predication accuracy for each mental state would change as a function 
of the sample size of participants, we reduced the sample size one by 
one using the jackknife resampling procedure. In each iteration, we 
removed one randomly selected participant and computed the new 
aggregate ratings on the mental state for all faces using data from the 
remaining participants; these new aggregate ratings were then used 
to train and test the model. We repeated these steps 40 times at each 
sample size (that is, a different participant was randomly selected to 

be removed each time). The results showed that the minimum sam-
ple size for detecting a reliably above-chance prediction accuracy 
(that is, the 95% CI of the prediction accuracies was above the chance 
level) in any randomly selected pilot mental state was 37 participants 
(Supplementary Fig. 2). On the basis of these results and assuming a 
participant exclusion rate of 25%, we determined the sample size to be 
50 participants for each mental state. In the case where the actual par-
ticipant exclusion rate turned out to be greater than what we expected, 
we recruited participants until the sample size after data exclusion 
reached 37 participants per mental state, the minimum sample size 
indicated by our empirical power analysis.

We determined the sample size for the face-trait task and the 
face-state task on the basis of the point of stability for aggregate data 
via sequential resampling of empirical data. Given that we only used 
the aggregate data of face-trait ratings and face-state ratings for our 
planned analyses, we targeted a sample size that would generate a 
stable average—that is, additional samples do not meaningfully change 
the average. Prior data84 on face judgements on a variety of traits 
and mental states (emotions) collected on a seven-point Likert scale 
showed that the mean sample size needed for generating a stable 
average with a corridor of stability of ±0.5 and 95% confidence was 28 
participants across traits, and 23 participants across mental states. 
On the basis of these results and assuming a participant exclusion rate 
of 25%, we determined the sample size to be 38 participants for each 
trait and 31 participants for each mental state. In the case where the 
actual participant exclusion rate turned out to be greater than what 
we expected, we recruited participants until the sample size after 
data exclusion reached 28 participants per trait and 23 participants 
per mental state.

Exclusion criteria. For the scenario-state task (with the original faces 
as well as the trait-manipulated faces), participant-wise exclusion was 
done if a participant (1) reported that the meaning of the mental state 
was not clear, (2) reported that the meaning of the scenario was not 
clear, (3) gave a rating of 1 to any of the two questions about an average 
person (indicating that our scenario did not work for the participant 
or was misunderstood by the participant), (4) failed more than one 
attention check, (5) gave more than 90% of the faces the same rating 
(indicating inattention to the traits of the faces) or (6) had more than 
10% of the trials excluded per trial-wise exclusion criteria. Trial-wise 
exclusion was done if a trial (1) had a rating of 1 while the average rat-
ing across participants for the same face and mental state was above 
6 (suggesting the participant flipped the rating scale on that trial) or 
(2) had a response time shorter than 200 milliseconds or longer than 
10,000 milliseconds.

For the face-trait task and the face-state task, participant-wise 
exclusion was done if a participant (1) gave more than 90% of the faces 
the same rating or (2) had more than 10% of the trials excluded per the 
trial-wise exclusion criterion. Trial-wise exclusion was done if a trial 
had a response time shorter than 400 milliseconds or longer than 
10,000 milliseconds.

Analysis plan
Contingency of analysis. Analysis decisions of hypotheses H1–H3 
were independent of each other. Given any findings about the associa-
tions between scenario-states and face-traits in H1, we carried out the 
analyses for H2 and H3 about the dimensionality of scenario-states 
as planned. For dimensionality analysis, we excluded mental states 
that had low factorability (see below). On the basis of our pilot data 
of scenario-state ratings for five randomly selected mental states, 
only one of them was excluded from the dimensionality analysis. 
We therefore expected to have a non-empty set of factorable mental 
states. Given any non-empty set of factorable mental states, there is a 
non-empty set of factors—therefore, we carried out the analyses for 
H2 and H3 as planned.
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Analysis decisions of all sub-hypotheses within each hypothesis 
were independent of each other. Given any findings about the asso-
ciations between scenario-states and face-traits in H1a, we carried 
out the analysis of H1b to examine the unique variance explained by 
face-traits as planned. Similarly, given any findings about the associa-
tions between scenario-state dimensions and face-traits in H3a, we car-
ried out the analysis of H3b to examine the unique variance explained 
by face-traits as planned. Given any dimensions found in H2a, we carried 
out the analysis of H2b to compare these dimensions to previously 
discovered mental state dimensions as planned.

Analysis decisions of hypothesis H4 were contingent on the find-
ings from H1 and H2 in two aspects. First, we tested causal effects (H4) 
only if there were correlational effects (H1). Second, the state–trait 
pairs for which we tested causal effects were selected on the basis of 
the findings from H1 and H2: we focused on a subset of mental states 
that were strongly associated with trait impressions (H1b) and that 
spanned multiple mental state dimensions (H2a). On the basis of our 
pilot data, all of the randomly selected mental states were found to be 
significantly correlated with face-traits. We therefore expected to find 
significant correlational effects for a large number of different mental 
states—thus, we expected to carry out the analyses for H4 as planned.

Statistical analysis. For all analyses, we first processed the data accord-
ing to our planned exclusion criteria. For testing hypotheses H1–H3, we 
used the aggregate ratings averaged across participants for each face 
on each mental state, face-trait and face-state. For testing hypothesis 
H4, we used both aggregate ratings and individual-level ratings.

To test hypothesis H1a, we performed ridge regression with 
cross-validations for each of the 60 mental states. Ridge regression was 
chosen for its ability to handle multicollinearity and low-importance 
predictors. Each model regressed the scenario-state ratings (depend-
ent variable) on the 13 face-trait ratings (independent variables) across 
the faces. In each cross-validation iteration, we trained the model on a 
randomly selected set of 80% of the data and tested the model on the 
other 20% of the data; model hyperparameter λ (the weighting of the 
penalty to the loss function) was tuned using nested cross-validation. 
Model prediction accuracy in each cross-validation iteration was 
assessed with Pearson correlation (r) in the test data. We assessed 
the significance of the prediction accuracy and corrected for multi-
ple comparisons (over the 60 mental states) using maximal statistic 
permutation tests.

To test hypothesis H1b, we constructed three ridge regression 
models for each of the 60 mental states. The three models regressed 
the scenario-state ratings (dependent variable) on (1) the 13 face-trait 
ratings, (2) the 8 face-state ratings and (3) both the 13 face-trait rat-
ings and the 8 face-state ratings. The explained variance by each set 
of independent variables equals the squared prediction accuracy 
of the corresponding model as assessed with Pearson correlation. 
The unique variance explained by face-traits equals the explained 
variance of model 3 minus the explained variance of model 2. In 
each cross-validation iteration, the three models were trained on 
a randomly selected set of 80% of the data and tested on the other 
20% of the data, with the hyperparameter λ being tuned using nested 
cross-validation. Over the 2,000 cross-validation iterations, we 
obtained an empirical distribution of the unique variance explained 
by face-traits. We deemed the explained variance to be significantly 
greater than zero if the 2.5th percentile of the empirical distribution 
was greater than zero.

To test hypothesis H2a, we first computed the Pearson correla-
tion between each pair of mental states using their aggregate-level 
scenario-state ratings across the 100 faces. We then excluded any 
mental state that had a low factorability (that is, an average absolute 
correlation with all other mental states below 0.20). For the remaining 
mental state data, we employed five different methods to determine 
the number of underlying dimensions: Horn’s parallel analysis, the 

optimal coordinate index, the empirical Bayesian information crite-
rion, Velicer’s minimum average partial test and bi-cross-validation. 
If multiple methods agreed on the number of dimensions, we deemed 
the number that most methods agreed on to be the optimal number of 
dimensions that describe our data. If none of the five methods agreed 
on the optimal number of dimensions, we performed exploratory fac-
tor analysis to extract different numbers of dimensions. We deemed 
the minimum number of dimensions for which all dimensions had the 
clearest interpretation (with oblimin rotation) and that accounted 
for at least 75% of the common variance in the data to be the optimal 
number of dimensions.

To test hypothesis H2b, we first extracted the optimal number 
of dimensions determined in H2a using exploratory factor analysis 
with oblimin rotation. We then measured the similarity between these 
dimensions in our data and the 3-D Mind dimensions using two dif-
ferent methods. One method computed the Spearman correlations 
between the dimensions in our data and the 3-D Mind dimensions 
using factor loadings and scores. Specifically, a subset of 37 mental 
state terms that were used in our present study overlapped with those 
used in the discovery of the 3-D Mind Model49. That study collected 
human participant ratings of various mental states on 16 psychologi-
cal scales and found that those mental states could be summarized 
by only three dimensions (valence, rationality and social impact). We 
used the factor scores on those three dimensions from that study in 
our present analysis. For each pairwise combination between the 3-D 
Mind dimensions and our dimensions, we computed the Spearman 
correlation between the 3-D Mind dimension’s factor scores and our 
dimension’s factor loadings across the 37 overlapping mental states. 
We deemed an absolute correlation of 0.2 to 0.39, 0.4 to 0.59 or 0.6 and 
above to be an indication of weak, moderate or strong factor similarity, 
respectively. The second method asked an independent set of MTurk 
participants to rate how well each of our 60 mental states could be 
described by the 3-D Mind dimension labels (that is, how positive, 
rational and socially impactful the mental states are). For each pairwise 
combination between the 3-D Mind dimensions and our dimensions, 
we then computed the Spearman correlation between participants’ 
average ratings for the 60 mental states on the 3-D Mind dimension 
label and the 60 mental states’ factor loadings on our dimension. We 
deemed an absolute correlation of 0.2 to 0.39, 0.4 to 0.59 or 0.6 and 
above to be an indication of weak, moderate or strong factor similar-
ity, respectively.

To test hypotheses H3a and H3b, we used the same methods as 
for testing H1a and H1b. The only difference was that the dependent 
variable per model was no longer the scenario-state ratings across the 
faces per mental state, but instead the factor scores across the faces 
per mental state dimension.

To test hypothesis H4, we first performed manipulation checks. 
For each trait manipulation, we computed the aggregate face-trait rat-
ings averaged across participants per face image. We assessed whether 
the trait-increased versions of the face images elicited higher face-trait 
ratings on the manipulated trait than the trait-decreased versions, 
using paired one-sided t-tests across face identities. If a trait manipula-
tion was successful, we tested its causal effects on the corresponding 
mental state inferences. We used two different methods: one based 
on the aggregate-level ratings and the other on the individual-level 
ratings. For the aggregate data analysis, we computed the aggregate 
scenario-state ratings averaged across participants per image version 
for each face identity. To assess whether the scenario-state ratings 
for the trait-increased version and the trait-decreased version were 
significantly different in the expected direction according to our cor-
relational findings from H1, we performed paired one-sided t-tests 
across face identities. For the individual data analysis, we regressed 
the individual-level scenario-state ratings on the face versions (binary 
coded) while controlling for the random effects of individual partici-
pants and face identities using linear mixed modelling.
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Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All experiment materials, the raw and processed data, the data usage 
guidance, and the laboratory log documenting the details of data col-
lection are available via the Open Science Framework at https://osf.
io/8ynzj/?view_only=f29e741904354cd9919da9b43a2609b7. No data 
for any preregistered study (other than pilot data included at Stage 
1) were collected prior to the date of acceptance in principle. All data 
files were collected after acceptance in principle and appropriately 
time-stamped according to the approved registered Stage 1 protocol 
(except that data collection in Africa and South America used a second 
CloudResearch platform, Prime Panels, beyond the preregistered 
platform, MTurk Toolkit, with the Editors’ permission). Source data 
are provided with this paper.

Code availability
All experiment code and analysis code are available via the Open Sci-
ence Framework at https://osf.io/8ynzj/?view_only=f29e741904354c
d9919da9b43a2609b7.
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