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Impressions of competence from faces predict important real-
world outcomes1–5. These impressions have been shown to be 
non-deliberate and triggered by brief exposure1,6–8 (for review, 

see ref. 9). For instance, the perceived competence of faces of win-
ners and runners-up predicted election outcomes when participants 
were exposed to the faces for 100 ms, 250 ms or for an unlimited 
time1. The visual context around a face also affects person percep-
tion: bodily gestures influence the perception of facial emotion10,11 
while cues of social status or culture influence the perception of 
facial ethnicity12,13. Verbally provided social-status information also 
affects face perception14, and clothes suggestive of high-status pro-
fessions (for example, a medical doctor) elicit more attention and 
better face recall than do clothes suggestive of low-status profes-
sions (for example, a fry cook)15.

The present research tests whether subtle economic status cues, 
in the form of ‘richer’- or ‘poorer’-looking clothing, otherwise clean 
and intact, influence perceived competence. People expect individ-
uals of higher socioeconomic status to be more competent16. Social 
status is linked to economic success, job prestige and competence 
across cultures17, and clothing is often diagnostic of socioeconomic 
status18. The following studies presented images of faces appearing 
with upper-body clothes that were independently rated as richer or 
poorer (Fig. 1a; see Supplementary Figs. 1 and 2 for stimuli): par-
ticipants rated the faces for competence (studies 1–8) or chose the 
more competent in a pair of faces (study 9). Importantly, the cloth-
ing manipulation was subtle: when asked to describe them, no one 
in an independent group of participants described these clothes 
as notably rich or poor. Moreover, quantitative analyses found no 
differences in how positively or negatively these clothes—rich or 
poor—were described (F(2,4893) = 1.57, P = 0.208), suggesting that 
the clothing-status effect cannot be attributed to a general valence of 
impressions from these clothes (see Methods and Fig. 1d).

Results
To test whether economic status cues from everyday clothes affect 
competence as judged from faces, participants were presented with 
pictures of individuals’ faces paired with different upper-body 

clothing. Each face occurred once with clothes rated by an indepen-
dent group of judges as richer and once with clothes rated as poorer 
(although not obviously so, as judged by a separate group of respon-
dents; see Methods for details). Participants were asked to judge the 
competence of each face (studies 1–8) or to compare competence 
between faces (study 9). Faces were judged significantly more com-
petent when seen with richer clothes than with poorer clothes. We 
employed various measures in an attempt to attenuate the effect of 
clothing cues, but to no avail (see Methods and Fig. 2 for details).

We first tested whether clothing influences perceived facial 
competence and whether this influence might vary with length of 
exposure to the stimulus (study 1). We then investigated whether 
participants were able to avoid the influence of clothing cues on 
their competence judgements, having been explicitly instructed 
to disregard components “such as clothes” (studies 3 and 6–8). We 
ascertained that the observed effects cannot be attributed to delib-
erate inferences based on the clothing (studies 3–8), appear effort-
less since they arise at extremely short intervals (see, for example, 
Supplementary Table 3) and are hard for respondents to control 
(study 8). We replicated the effects with older participants (studies 
2 and 3c) and reproduced the original effect in the realm of choice 
rather than judgement (study 9).

Across studies 1–8, we found a significant main effect of clothing 
type on competence judgements (Fig. 2 and Supplementary Table 1;  
for the effect for the shortest duration see Supplementary Results 
and Supplementary Table 3). This effect was highly consistent across 
studies and across faces, as shown in Fig. 3. In each study, most 
faces (>83%, median across studies = 94%) were perceived as more 
competent when seen with richer than with poorer clothes (for a 
discussion of why faces may have benefitted to different extents 
from clothing cues, see Supplementary Results and Supplementary 
Fig. 6). We report the full results and the motivation behind each 
study in what follows. In addition to a main effect of clothing type, 
we observed effects of face race (Supplementary Figs. 3 and 4 and 
Supplementary Table 2), presentation time (Supplementary Fig. 3 and 
Supplementary Table 3) and participant age (Supplementary Fig. 4).  
Because these effects were not predicted before data collection,  
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and were smaller and less consistent than the main effect of cloth-
ing, we discuss these in the Supplementary Results.

To assess the effect of clothing-status cues on perceived compe-
tence in studies 1–8, we conducted a repeated-measures analysis of 
variance (ANOVA) with clothing type (richer/poorer) as a within-
subject variable. Face race (black/white) and presentation duration 
(129/553/1,059, 300/600/1,100 or 250/750 ms) were included as 
within-subject variables (except in study 7, where duration was set at 
750 ms). The dependent variable was the mean competence rating. 
Undergraduate student participants (n = 24) rated faces appearing 
in richer clothing as more competent than the same faces in poorer 
clothing (study 1, F(1,23) = 70.52, P < .001, generalized η-squared 
ηG

2 = 0.37 (90% CI = 0.31; 0.45); Figs. 2 and 3 and Supplementary 
Table 1). To ascertain that students were not particularly attuned 
to economic cues in clothing, older participants were recruited 
(n = 52, mean age = 39.16 years) and showed the same effect: 
faces seen in richer clothing were rated as more competent than 
when seen in poorer clothing (study 2, F(1,51) = 73.95, P < 0.001, 
ηG

2 = 0.15 (90% CI = 0.12; 0.18); for further analysis of the effect 
of participant age, see Supplementary Results and Supplementary 
Fig. 5). Even when participants (n = 36) were asked to “focus on 
the person, and ignore other features such as the clothes”, the effect 
for clothing type persisted (study 3a, F(1,35) = 56.52, P < 0.001, 
ηG

2 = 0.14 (90% CI = 0.11; 0.19)). Then, retaining the “ignore the 
clothes” instructions, we applied Fourier phase-scrambled images 
of the faces as visual masks to better control the presentation dura-
tion (Fig. 1c). The effect for clothing type persisted for both young 
(study 3b, n = 36, mean age = 19.78 years, F(1,35) = 82.82, P < 0.001, 
ηG

2 = 0.18 (90% CI = 0.15; 0.22)) and older participants (study 3c, 
n = 51, mean age = 39.39 years, F(1,50) = 51.35, P < 0.001, ηG

2 = 0.07 
(90% CI = 0.05; 0.09)).

Perhaps participants deliberately infer competence from cloth-
ing cues? Poorer clothes may signal lower socioeconomic status—
perhaps a less successful career—whereas richer clothing may signal 
success. To discourage such inferences, participants in the next 
study (n = 36) were provided with information intended to equalize 
expectations. They were told that the pictures were of people who 
“work in sales at a mid-size firm in the Midwest, and earn around 
US$80,000 a year”. This information notwithstanding, the effects 
persisted unchanged (study 4, F(1,35) = 79.32, P < 0.001, ηG

2 = 0.35 
(90% CI = 0.30; 0.40)).

Might some of the effect be attributable to the formal aspects 
of some of the clothes? Suits and ties occurred with some regular-
ity in the higher-economic status condition and may have signalled 
greater competence. We replaced all formal attire (suit or tie) with 
plain, non-formal shirts and topwear (Fig. 1b; see Supplementary 
Fig. 2 for stimuli). The wardrobe change notwithstanding, the 
effect of clothing type persisted (study 5, n = 36, F(1,35) = 36.62, 
P < 0.001, ηG

2 = 0.09 (90% CI = 0.07; 0.12)). To test for robustness 
even further, we used the explicit instructions to ignore the clothes 
(as in study 3) in combination with non-formal clothing (as in 
study 5) and the post-stimulus phase-scramble masking (as in stud-
ies 3b,c, 4 and 5), and we increased the sample size (n = 200). With 
all these added measures, we again found the same effect (study 6, 
F(1,199) = 151.96, P < 0.001, ηG

2 = 0.03 (90% CI = 0.03; 0.04)).
Perhaps our observed effect somehow depends on the unique 

combination of faces and clothes used. Because the same face–
clothes combinations were used in studies 1–6 (see Methods), the 
clothing-status effect might be attributable to the specific faces and 
clothes rather than to richer and poorer status cues more generally. 
To rule this out, we combined faces and clothes randomly, generating 
new person images that existed neither in the stimulus-preparation 
pilot nor in studies 1–6. The new stimuli were 80 images consisting 
of every combination of eight faces (four black, four white) and ten 
clothes (five poorer, five non-formal richer). Participants (n = 50) 
were randomly presented with these new, non-pretested images, and 

the effect of status cues in clothes persisted (study 7, F(1,49) = 35.84, 
P < 0.001, ηG

2 = 0.09 (90% CI = 0.06; 0.12); for the effect’s generaliz-
ability across images, see Supplementary Fig. 7).

How controllable is the effect of clothes-status cues on com-
petence judgements? Although the effect persisted through vari-
ous manipulations (including explicit instructions to ignore the 
clothes), one might argue that these manipulations were simply not 
sufficiently strong to motivate participants to suppress the immedi-
ate bias. To better assess the controllability of the effect, we intro-
duced an added incentive to be accurate. Specifically, in addition 
to the advice to ignore the clothes (as in studies 1–7), participants 
(n = 63) were told that “(the) participant whose ratings are the most 
accurate will receive, in addition to their standard pay, an additional 
US$100 reward”. Accuracy, they were told, would be determined by 
how close a participant’s ratings are to those of participants who 
saw the faces without the same clothes. Despite the added incen-
tive to ignore the clothes, participants’ competence ratings persisted 
in being influenced by clothing cues, as shown in Fig. 3b (study 8, 
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Fig. 1 | Experimental procedure and stimuli in the competence-rating task. 
a, Studies 1–8 presented in each trial an image of a face paired with  
with richer or poorer clothes, followed by a mask and a rating question.  
b, Studies 5–8 replaced all suits and ties with non-formal clothing.  
c, Studies 3b,c and 4–7 replaced a cloud-image mask with phase-scrambled 
masks customized to each image to better control the presentation 
duration. d, Use of both visual inspection and quantitative analyses of 
the descriptions of all clothing items in the stimulus set, elicited from 
independent raters, found that the status-cue manipulation was subtle 
(see Methods). The word clouds represent the description of richer clothes 
including formal clothes (left), richer clothes with formal clothes replaced 
by non-formal clothes (middle) and poorer clothes (right). Descriptions 
given at least five times are shown (>4,700 total responses), with size of 
presentation corresponding to the frequency of mention. The face image in 
a was adapted with permission from ref. 29.
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F(1,62) = 24.29, P < 0.001, ηG
2 = 0.09 (90% CI = 0.06; 0.12)). In fact, 

the US$100 reward had no perceptible effect on participants’ judge-
ments: the effect size was almost identical in studies 7 and 8, which 
used the same image set (Fig. 2 and Supplementary Table 1). This 
finding supports the notion that the effect of status cues on per-
ceived competence is indeed hard to control, at least under the con-
ditions tested here.

Study 9 (n = 64) extended our investigation further. Here, we 
employed a choice task: participants saw pairs of faces and chose 
the face that appeared more competent. Faces were drawn from 
three distinct competence levels (16 high-, 16 medium- and 16 low-
competence pairs). Each pair consisted of faces that had been rated 
equally competent. One face appeared with clothes rated richer than 
those of the other. Furthermore, half of the participants (at each 
competence level) were explicitly warned that clothing, although 
not diagnostic of competence, may affect their judgement. Presented 
with faces originally rated equally competent, participants chose the 
face with richer clothes as more competent than its lower-status 
counterpart 69% of the time (Fig. 4; t(63) = 11.56, P < 0.001 (95% 
CI = 66%; 72%)). To assess the effect of the warning—regarding 
no relation between clothing and competence—we ran a mixed-
effect ANOVA with the warning condition (no warning/warning) 
as a between-subject variable and facial competence level (high/
medium/low) as a within-subject variable. The dependent variable 
was the proportion of richer faces chosen. We found no significant 
effects of warning (Fig. 4; F(1,62) = 0.49, P = 0.486), level of com-
petence (F(2,124) = 1.07, P = 0.349) or an interaction between the 
two (F(2,124) = 0.03, P = 0.967). Clothing had a significant effect on 

which face was seen as more competent at all three competence lev-
els, irrespective of the warning regarding clothing’s biasing effects.

Discussion
Across studies, we found that economic status clothing cues influ-
enced competence judgements of faces. The effect persisted when 
faces were presented very briefly (that is, 129 ms), when informa-
tion was provided related to the person’s profession and income, 
when formal clothing was replaced by more casual clothing, when 
participants were advised to ignore the clothing, when they were 
warned that there was no relationship between clothing and com-
petence before choosing rather than rating faces, and when partici-
pants were offered a monetary reward for accuracy. These findings 
support the notion of uncontrollable effects of minor contextual 
cues in face perception, and are consistent with a large body of 
research that finds people spontaneously encode the context sur-
rounding a face when making social judgements10,11,13,19 (while our 
focus has been on competence judgements, similar, if attenuated, 
effects can be observed for other traits, such as trustworthiness; see 
Supplementary Results and Supplementary Fig. 8).

The strong and persistent effects we observed are consistent with 
theoretical work16,18 and empirical findings16,17, showing a robust 
tendency for people of lower economic status to be perceived as less 
competent and to be disrespected20, often leading to social exclu-
sion with detrimental effects on physical and emotional health21. 
Poverty is a place where many challenges—physical, social and 
psychological—converge: being perceived as of lower competence 
and disrespected adds to those challenges, and can exacerbate  
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Fig. 2 | Effect of economic status cues from clothes on competence ratings. Left: mean differences in the competence ratings of faces paired with poorer 
versus richer clothes and their 95% confidence intervals (CIdiff) for all rating studies. The red dashed line represents no-clothing bias. Across studies, faces 
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study 3a, difference = 0.95 (95% CI = 0.70; 1.21); study 3b, difference = 1.12 (95% CI = 0.87; 1.37); study 3c, difference = 0.77 (95% CI = 0.55; 0.98); 
study 4, difference = 1.78 (95% CI = 1.38; 2.19); study 5, difference = 0.76 (95% CI = 0.51; 1.02); study 6, difference = 0.44 (95% CI = 0.37; 0.51); study 
7, difference = 0.78 (95% CI = 0.52; 1.05); study 8, difference = 0.78 (95% CI = 0.46; 1.09). Right: effect sizes of economic status cues from clothes 
(see Supplementary Table 1 for full statistics). The red dashed line represents no-clothing bias. The effect was significant across all studies; study 1, 
F(1,23) = 70.52, P < 0.001, ηG

2 = 0.37 (90% CI = 0.31; 0.45); study 2, F(1,51) = 73.95, P < 0.001, ηG
2 = 0.15 (90% CI = 0.12; 0.18); study 3a, F(1,35) = 56.52, 

P < 0.001, ηG
2 = 0.14 (90% CI = 0.11; 0.19); study 3b, F(1,35) = 82.82, P < 0.001, ηG

2 = 0.18 (90% CI = 0.15; 0.22); study 3c, F(1,50) = 51.35, P < 0.001, 
ηG

2 = 0.07 (90% CI = 0.05; 0.09); study 4, F(1,35) = 79.32, P < 0.001, ηG
2 = 0.35 (90% CI = 0.30; 0.40); study 5, F(1,35) = 36.62, P < 0.001, ηG

2 = 0.09 (90% 
CI = 0.07; 0.12); study 6, F(1, 199) = 151.96, P < .001, ηG

2 = 0.03 (90% CI = 0.03; 0.04); study 7, F(1,49) = 35.84, P < 0.001, ηG
2 = 0.09 (90% CI = 0.06; 0.12); 

study 8, F(1,62) = 24.29, P < 0.001, ηG
2 = 0.09 (90% CI = 0.06; 0.12). Symbols denoting measures taken to attenuate the effect of clothing cues appear 

between the left and right plots.
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cognitive load and hamper performance, thereby potentially prov-
ing self-fulfilling22,23.

To overcome a bias, one needs not only to be aware of it but to 
have the time, attentional resources and motivation to counteract 

the bias24. In our studies, we warned participants about the potential 
bias, presented them with varying lengths of exposure, gave them 
additional information about the targets and offered financial incen-
tives, all intended to alleviate the effect. None of these interventions 
were effective, however. While it is possible that higher incentives 
and greater experience could reduce the bias, its persistence in the 
face of our various manipulations is impressive.

The present findings demonstrate that economic status cues 
from clothes naturally intervene in people’s assessments of compe-
tence. This is consistent with research showing that people associ-
ate status with competence in stereotypes of social groups16,25. This 
strong status–competence association suggests that any attempt at 
independen manipulation of the apparent competence and eco-
nomic status of a person may need to resort to explicit and salient 
manipulations, rather than fairly subtle cues.

The poor clothing cues in our studies were benign compared to 
real-world poverty signals. Recent work has shown that people can 
accurately guess others’ social class from brief exposure to photos 
or speech recordings26. We might thus expect people wearing truly 
impoverished clothes or exhibiting other peripheral signs of poverty 
to encounter substantial low-competence stereotyping, both when 
perceivers think fast as well as when they have more time to deliberate.

Stereotypes about rich and poor individuals are common, prom-
inent and consequential. Just as the clothing cues in our studies led 
to differential disambiguation of facial competence, views about a 
person’s economic background can lead to notably different inter-
pretations of what is otherwise ambiguous performance27. Beyond 
their immediate impact, an important question for future research 
concerns the extent to which we might be able to transcend first 
impressions.

Methods
The experimental protocol for all studies was approved by the Institutional 
Review Board for Human Subjects of Princeton University (protocol no. 7212). 
We obtained informed consent from all participants. We determined sample size 
before data collection in every study, and we stopped data collection once the 
predetermined sample size was reached. Individuals of different self-identified 
races—white, black and Asian were the most frequent—and genders participated in 
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the red dashed line represents no-clothing bias. Error bars denote s.e.m.
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each study. Data distribution was assumed to be normal and equal in variance, but 
this was not formally tested. All datasets, which include participant demographics 
and all stimuli, are publicly available at Open Science Framework: https://osf.io/
v2j43/). All analyses are based on two-sided tests. Data collection and analysis were 
not performed blind to the conditions of the experiments. Confidence intervals 
(CI) for the main effect sizes (ηG

2) were calculated via bootstrapping.

Studies 1–5. Participants. Princeton University undergraduates and community 
members participated, for either course credit or payment (n = 271 in total; 
study 1, n = 24, mean age = 24.88 years, 17 female, 7 male; study 3a, n = 36, mean 
age = 19.89 years; 25 female, 11 male; study 3b, n = 36, mean age = 19.78 years, 
24 female, 11 male, 1 other; study 4, n = 36, mean age = 19.42 years, 23 female, 
12 male, 1 no response; study 5, n = 36, mean age = 21.97 years, 25 female, 11 male). 
To gauge the replicability of the findings with a non-student, older, population, 
adults at a shopping mall in central New Jersey, USA participated for payment 
(study 2, n = 52, mean age = 39.16 years, 35 female, 16 male, 1 no response; study 3c, 
n = 51, mean age = 39.13 years, 36 female, 12 male, 3 no responses). Power analysis 
using G*Power v.3.1.9 (ref. 28), based on a within-subject ANOVA design (η2 > 0.26) 
with a moderate level of correlation between the within-subject measures (r = 0.5, 
Pearson correlation between richer and poorer face ratings calculated at the 
participant level), suggested more than n = 20 participants. We decided to stop 
collecting data at natural stopping points, such as end of day, at somewhere 
between n = 30 and 60. The observed effect size in studies 1–5 proved smaller than 
initial estimates, and informed sample-size decisions in subsequent rating studies 
(see secction Studies 6–8 for details). The observed subject-level correlations 
between the ratings of richer and poorer faces in studies 1–5 were indeed around 
0.5 (mean r = 0.53, median r = 0.62).

Materials. We used 36 images of faces. To arrive at this final set of faces, we began 
with 50 photographic images—25 self-identified and universally perceived as 
Black men and 25 self-identified and universally perceived as white men—taken 
from a standardized face stimulus set29. The faces were of amateur actors with 
no distinct facial hair, accessories or make-up. We combined each face once with 
richer clothes selected from images displayed by online modern US-style apparel 
retailers, and again with poorer clothes, selected from product images of online 
vintage clothing stores. The 50 faces, combined with richer and poorer clothes, 
were rated (How rich or poor does this person look?) by a group of judges (n = 31, 
mean age = 22.8 years, 24 female, 7 male) before the studies. Each judge saw each 
face once, combined with either richer or poorer clothing, counterbalanced across 
participants. Based on those ratings, we selected the 18 black and 18 white face–
clothing pairs (see Supplementary Fig. 1 for stimuli) that showed the largest rich–
poor rating differences (t > 3.00, P < 0.001).

To ascertain the subtlety of the manipulation (that is, that no clothes 
portrayed excessive wealth or poverty), we collected verbal descriptions of the 
clothing items in the stimulus set. A separate group of judges (n = 15, mean 
age = 37.13 years, 7 female, 8 male) were asked to provide three descriptive 
words for each item of clothing presented with no face. The descriptions showed 
only mild differences (see Fig. 1d): extremely positive or negative words were 
rare, and negative descriptions, although infrequent, were found for both richer 
(for example, ugly, cheap, dull, rugged) and poorer clothes (for example, ugly, 
cheap, dull, dated). The words ‘rich’ or ‘poor’, or their synonyms (determined 
by WordNet30, a large English-language lexical database) occurred exactly once 
out of total 4,725 words. To further test for potential differences across clothing 
types, we computed the ‘valence score’ of all descriptive words. The valence score 
was computed using R package affectr31, a validated English-language dictionary 
developed on fastText, a text analysis tool that represents words as the sums 
of vectors32. The affectr dictionary spans two million words and provides the 
emotional valence score of any given word on a continuous scale (for example, 
adventurous 0.54, comfortable 0.38, tweed –0.03, unstylish –0.11, ugly –0.64—
sample words from the description responses). This allowed us to calculate the 
levels of positivity and negativity expressed in the clothes’ descriptions, not 
just the frequency of the positive versus negative words. Before the analysis, we 
corrected all typos and removed unintelligible responses as well as names (for 
example, ‘Mr Rogers’). We found no evidence of difference in valence across 
clothes descriptions (formal richer, n = 1,617, mean = 0.13, s.d. = 0.25; informal 
richer, n = 1,663, mean = 0.15, s.d. = 0.30; poorer, n = 1,616, mean = 0.13, 
s.d. = 0.31; F(2,4893) = 1.57, P = 0.208). In summary, clothing showed no apparent 
difference in general positivity or negativity, despite its ensuing significant effect 
on perceived competence.

Procedure. Participants were told that the researchers were interested in how people 
evaluate others’ appearance and were encouraged to rely on their ‘gut feeling’. 
Following two practice trials with faces that were not part of the experimental 
set, each participant rated the 36 target faces in random order, each occurring 
exactly once. For each participant, half the faces were presented with richer upper-
body clothing and the other half with poorer clothing (Fig. 1). Clothing was not 
mentioned, and clothing type and presentation duration were counterbalanced 
across raters. Faces were presented at three durations, randomly assigned via 
a Latin square design: in each duration, every face occurred once with richer 

clothes and once with poorer clothes, randomly divided between two groups and 
counterbalanced across participants.

Following a 500-ms fixation point presentation, each face was presented 
for either 129, 553 or 1,059 ms on an 85-Hz cathode ray tube (CRT) monitor 
(studies 1, 3a,b, 4 and 5, which took place in a behavioural study laboratory 
setting at a university) or for about 300, 600 or 1,100 ms on a liquid crystal display 
(LCD) monitor (studies 2 and 3c, which took place outside the laboratory on 
portable laboratory computers). Presentation on the CRT monitors occurred in 
multiples of 11.75 ms, the duration of a single frame on an 85-Hz screen (that 
is, 1/85 × 1,000). On the LCD monitors, presentation durations were increased 
because display time cannot be controlled precisely: stimulus presentation as 
brief as 129 ms, for instance, would not result in an exact 129-ms presentation on 
an LCD. Each face presentation was followed by a 1-s greyscale mask. Following 
the mask, participants were asked, “How competent is this person?” on a scale 
ranging from 1 (Not at all competent) to 9 (Extremely competent). The question 
and the scale remained on the screen until the participant responded with a 
keyboard press (see Fig. 1a).

Study 6. Participants. We observed a small main effect of stimulus duration 
in two studies, and a fairly modest clothing-status effect size, ranging from 
ηG

2 = 0.07 to ηG
2 = 0.37 in studies 1–5 (Fig. 2 and Supplementary Table 1). This 

raises the possibility that earlier studies might have failed to detect a main 
effect of stimulus duration, or an interaction with clothing status. To test the 
robustness of our effects, we substantially enlarged our sample size. Power analysis 
using G*Power indicated that 199 participants would afford a power of 0.8 for 
a 2 × 2-interaction across within-subject variables (Status × Duration) with an 
extremely small effect size (η2 = 0.01). We did not consider a three-way interaction 
(Status × Duration × Race), because we had no relevant hypothesis and any effect 
would be hard to interpret. Participants recruited on Amazon Mechanical Turk 
(MTurk) participated for payment (n = 405, mean age = 38.16 years; 178 female, 
224 male, 3 other). To maintain precision in stimulus duration (over which we 
had limited control), 202 participants who saw the stimuli for durations shorter 
or longer than specified by the study were excluded from the main analysis. 
Three participants who used a single rating response throughout were also 
excluded. Participants were recruited until the intended sample size was reached 
(n = 200, mean age = 38.16 years, 86 female, 111 male, 3 other). Inclusion of all 
405 participants’ responses yields the same results (see Supplementary Results).

Materials. We used the same set of 36 faces from study 5 (formal attire removed).

Procedure. Participants followed the same instructions as in study 3. They were 
explicitly asked to ignore the clothing when rating the competence of the target 
individuals. To simplify the study design, images were presented at two durations 
rather than three, and participants performed the study on their computers. Within 
each presentation duration, every face occurred once with richer clothes and once 
with poorer clothes, randomly divided between two groups and counterbalanced 
across participants. In each trial, following a 500-ms fixation point, each face was 
presented for either 250 or 750 ms. Each face presentation was followed by a 1-s 
phase-scramble mask crafted specifically for each face image, as in studies 3–5.

To assure control over stimulus presentation, we used Inquisit 5 Web.  
Before launching an experiment, the Inquisit Web system downloads the 
experiment on the participant’s computer and records the computer’s native  
timing information to obtain stimuli presentation and response times in 
milliseconds. Based on those time records, we excluded from the formal  
analysis all participants who were presented with any stimuli for an inaccurate  
time duration (see Participants, above).

Study 7. Participants. Having conducted power analyses based on participant-level 
means, s.d.s in competence ratings (Fig. 2 and Supplementary Table 1) and the 
correlation between richer and poorer face ratings in study 6 (r = 0.84), we decided 
to collect data from 50 participants; collection was stopped after we obtained about 
n = 50. We did not consider an interaction effect because we did not find any in 
study 6, which had a sample size sufficiently large to detect any existing interaction. 
Paid participants were recruited on MTurk (n = 52, mean age = 34.25 years, 
19 female, 32 male, 1 other). Two participants who used a single rating response 
throughout were excluded from further analysis (n = 50, mean age = 34.20 years, 
19 female, 31 male).

Materials. We used a new set of 80 person images that featured all combinations 
of eight face images (four black, four white) and ten clothing images (five poorer, 
five richer). To generate the new stimuli, we randomly chose eight faces used 
previously. We then selected the five richer and five poorer clothes, excluding 
jackets, ties and dress shirts, that elicited, respectively, the highest and the lowest 
mean competence ratings in study 5.

Procedure. Each participant saw all eight faces (four black, four white), four of 
which were randomly paired with richer clothing and four with poorer clothing, 
evenly across face races. Stimuli were randomly assigned to participants. As in 
studies 3 and 6, participants were told to ignore the clothes. In each trial, following 
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a 500-ms fixation point, each face was presented for 750 ms. As in studies 3–6, a 
phase-scramble mask customized for each face image followed the stimulus.

Study 8. Participants. Having conducted power analyses based on participant-level 
means, s.d.s of competence ratings (Fig. 2 and Supplementary Table 1) and the 
correlation between richer and poorer face ratings in study 7 (r = 0.63), we decided 
to collect data from about 60 participants; collection was stopped after we obtained 
n = 63. Study 8 used the same stimuli and a procedure similar to that in study 7—it 
differed only in the ‘incentive’ provision and a slightly revised scale (see Procedure, 
below). Paid participants were recruited on MTurk (n = 63, mean age = 33.53 years, 
25 female, 38 male).

Materials. We used the same 80 images (8 faces × 10 clothes) as in study 7.

Procedure. As in study 7, each participant saw all eight faces (four black, four 
white), four randomly paired with poorer clothing and four with richer clothing. 
Participants were instructed to rate the competence of target faces while ignoring 
the clothes, and told, “the participant whose ratings are the most accurate will 
receive, in addition to their standard pay, an additional US$100 reward”. To 
suppress the temptation to cheat (by trying to simulate the viewing conditions 
of the reference group), accuracy was defined somewhat vaguely (“(another 
participant) group rated these faces under slightly different conditions, without 
the same clothes. Your accuracy will be determined by how close your ratings 
are to those of people who saw the faces under those different conditions”). The 
monetary reward was mentioned twice before the main task, with the first incentive 
instruction slide staying up for 20 s before participants were able to proceed.

As in previous studies, on each trial participants were asked, “How competent 
is this person?” The stimulus remained until the participant responded. To allow 
for more fine-grained responses, participants used a mouse click-and-drag on a 
slide bar scale ranging from 1 (Not at all competent) to 100 (Extremely competent) 
before clicking to continue to the next trial.

A separate group of MTurk participants (n = 23, mean age = 32.52 years, 9 
female, 14 male) rated the same faces, cropped around the neck, showing no 
clothes. The procedure was the same as in the main study, except that no extra 
reward was offered and faces were presented twice so as to diminish measurement 
error. We excluded three participants whose test-retest reliability (calculated by 
correlating faces’ repeated ratings) was ≤0. Using the remaining data (n = 20, 
mean age = 32.75 years, 9 female, 11 male), we calculated each face’s mean ratings 
to compute its ‘pure’ perceived competence. We then Pearson-correlated the 
eight faces’ pure ratings with those of each participant (participants on average 
performed poorly—median r = 0.20). The participant with the highest coefficient 
(r = 0.90) received the US$100 reward.

Study 9. Participants. Power analyses based on a between-subject ANOVA design 
with a large main effect (d = 0.8) suggested a total of 30 participants. We aimed for 
twice that number and decided to recruit about 60 subjects (30 for the warning 
condition and 30 for the no-warning condition). Data collection was stopped after 
we obtained n = 64. Princeton University undergraduates and community members 
participated for either course credit or for payment (n = 64, mean age = 19.87 years, 
45 female, 18 male, 1 other).

Materials. We averaged each face’s competence ratings across richer and poorer 
clothing conditions in studies 1–4, to obtain each face’s ‘average competence’. The 
eight faces with the highest average competence scores were categorized as high 
competence, the eight in the middle of the range as medium competence and the 
eight with lowest average competence scores as low competence. Ratings across 
competence levels were significantly different (t > 10.70, P < 0.001).

Procedure. Each participant saw all eight faces within a competence level, 
four arbitrarily paired with richer clothing and four with poorer clothing, 
counterbalanced across participants. This yielded 16 binary choices within 
competence level (4 faces × 4 faces) and 48 choice trials per participant overall 
(16 face pairs × 3 competence levels), each trial presenting a choice between two 
faces of equal competence level, one with richer and one with poorer clothing (the 
logic underlying this construction of stimuli was not known to participants).

Each choice trial was displayed for 1 s around the vertical centre of the screen. 
The horizontal distance between the centres of the faces was about 410 pixels or 
15 visual degrees. The display of the faces was followed by a question, “Which face 
looked more competent?”, which remained on the screen until the participant 
responded with a keyboard press. Following two practice trials with faces that were 
not part of the experimental set, a random one-half of the participants (n = 32, 
mean age = 19.87 years, 22 female, 10 male) received the following warning text: 
“One of the things that have been found to affect our judgements of competence 
are the clothes that people wear. When we see people wearing certain clothes, we 
think of them as more competent. There is, however, absolutely no evidence that 
a person’s clothes are related to their actual competence. So please keep in mind: 
the clothes a person wears may not reflect how competent they are”. The remaining 
participants (n = 32, mean age = 19.88 years, 23 female, 8 male, 1 other) did not 
receive this warning.

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

Data availability
All data and stimuli are available on Open Science Framework: https://osf.io/v2j43/.
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Data collection Experiments in studies 1-5 and 9 were built and run on E-Prime 2.0. Experiments in studies 6 and 7 were written and run on Inquisit 5 
Web. Two experiments in study 8 were built and run on Qualtrics. Two experiments for stimulus preparation (described in Methods) 
were written in and run on Python 2.7. One online experiment for stimulus description data collection (described in Methods) was 
written in and run on JavaScript with the jsPsych library. One experiment for the face-only stimulus rating (described in Methods) was 
built and run on Qualtrics.

Data analysis All analyses were carried out in the R 3.4 Environment with the dplyr, plyr, reshape2, ez, stringr, tm, SnowballC, wordcloud, 
RColorBrewer, pwr, lme4, lmerTest, lsmeans, geepack, FactoMineR, factoextra, affectr, and ggplot2 packages, or in Python 2/3 
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Study description All data that were collected and analyzed were quantitative. Human participants responded to visual stimuli presented to them on the 
computer screen after giving informed consent.

Research sample For studies 1-5 and 9 and two experiments for stimulus preparation, convenience samples of Princeton students and community 
members and visitors of a shopping mall in central New Jersey were recruited. For studies 6-8, the experiments for stimulus description 
data collection, and the experiment for the face-only stimulus rating (described in Methods), Amazon Mechanical Turk users were 
recruited. All participants were adults. These facts are clearly described in the main text.

Sampling strategy Convenience samples of Princeton students and community members, visitors of a shopping mall in central New Jersey, and Amazon 
Mechanical Turk users were recruited (see Research Sample). For studies 1-5, power analysis using G*Power 3.1.9 based on a within-
subject analysis of variance (ANOVA) design (η^2 > .26) with a moderate level of correlation between the within-subject measures (r = .5, 
Pearson correlation between “richer” and “poorer” face ratings calculated at the participant level), suggested over 20 participants. We 
decided to stop collecting data at natural stopping points, such as end of day, at somewhere between N = 30 and 60. The observed effect 
size in studies 1–5 proved smaller than initial estimates, and informed sample-size decisions in subsequent rating studies (see studies 6–8 
Methods sections for details). The observed subject-level correlations between the ratings of “richer” and “poorer” faces in studies 1–5 
were indeed around .5 (mean r = .53, median r = .62). We observed a small main effect of stimulus duration in two studies, and a fairly 
modest clothing status effect size, ranging from ηG^2 = .07 to ηG^2 = .37 in studies 1–5. This raises the possibility that earlier studies 
might have failed to detect a main effect of stimulus duration, or an interaction with clothing status. So, in study 6, to test the robustness 
of our effects, we substantially enlarged our sample size. Power analysis using G*Power indicated that 199 participants would afford a 
power of .8 for a 2 × 2 interaction across within-subject variables (Status × Duration) with an extremely small effect size (η^2 = .01). In 
study 7, having conducted power analyses based on participant-level means, s.d.’s in competence ratings, and the correlation between 
“richer” and “poorer” face ratings in study 6 (r = .84), we decided to collect data from 50 participants, and collection was stopped after 
we obtained about N = 50.  We did not consider an interaction effect, because we did not find any in study 6, which had a sample size 
large enough to detect any existing interaction. In study 8, having conducted power analyses based on participant-level means, s.d.’s of 
competence ratings and the correlation between “richer” and “poorer” face ratings in study 7 (r = .63), we decided to collect data from 
about 60 participants, and collection was stopped after we obtained N = 63. Study 8 used the same stimuli and a similar procedure as 
study 7. In study 9, power analyses based on a between-subject ANOVA design with a large main effect (d = .8) suggested 30 total 
participants. We aimed for twice that and decided to recruit about 60 subjects (30 subjects for the warning condition and 30 subjects for 
the no-warning condition). Data collection was stopped after we obtained N = 64. 

Data collection Participants responded to visual stimuli presented to them on the computer screen. In all cases, a researcher was not in the same space 
with participants during the experiment except for studies 2 and 3c, in which the studies were run in a semi-open space in a shopping 
mall and a researcher sat across each participant during the experiment. Even in these two studies, the researcher could not see what 
was happening on the computer screen, nor did they engage in any conversation with the participants during the study.

Timing Data were collected from during the following time periods: July - November 2015, May - June 2016, November - December 2016, and  
January - March 2019.

Data exclusions In studies 1-5 and 9 (in-person participation), no data points were excluded except for the data with incomplete responses (presumably, 
the participants left without noticing that they didn't complete their task). In studies 6-8 (online participation), no data points were 
excluded except for the data with identical single rating response throughout all trials. Additionally, in study 6, data points from 
participants who were presented with any stimulus for an inaccurate amount of time were excluded; however, the results with all 
participants' data are reported in Supplementary Results. In any rate, all data exclusion criteria and the number of excluded participants 
per study are reported in details in the main text.

Non-participation No in-person participants dropped out or declined participation, to our knowledge. We do not have access to how many online 
participants  dropped out or declined participation, because the study advertisements were publicly available and participants could 
voluntarily quit the experiments any time in the middle of participation on their local computer, and this was not logged.

Randomization Studies 1-6 and 9 assigned each subject in either of the between-subject stimulus group (one of the six conditions in a Latin square 
design in studies 1-5; one of the four conditions in a Latin square design in study 6; one of the two conditions (warning/no warning) in 
study 9). Studies 7-8 randomly selected eight stimuli per subject.

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



3

nature research  |  reporting sum
m

ary
O

ctober 2018

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology

Animals and other organisms

Human research participants

Clinical data

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Human research participants
Policy information about studies involving human research participants

Population characteristics See above. Demographic data, which include participant age, self-identified race, and sex, are made available alongside with 
participant response data for every study for any interested reader on Open Science Framework: https://osf.io/v2j43/).

Recruitment Convenience samples of Princeton students and community members and visitors of a shopping mall in central New Jersey were 
recruited in studies 1-5 and 9 and two experiments for stimulus preparation. Amazon Mechanical Turk users were recruited in 
studies 6-8 and the experiments for stimulus description data collection. We do not expect any biases induced by a demographic 
variable that would seriously impact our main results, although according to recent empirical data regarding online study 
participants, these samples might be more highly educated and consist of more individuals from middle socioeconomic statuses 
than the general population in the US. 

Ethics oversight Princeton University IRB has approved the study protocol (protocol no. 7212).

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