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FACIAL STEREOTYPES OF COMPETENCE

(NOT TRUSTWORTHINESS OR DOMINANCE) MOST
RESEMBLE FACIAL STEREOTYPES OF
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Previous research shows that perceivers have distinct mental represen-
tations of ingroups and outgroups even when groups are novel and not
defined by physical attributes. Here, we leverage the minimal group para-
digm, the reverse correlation method, and machine learning to parse the
visual ingredients of group membership. In Study 1, we found that ingroup
faces are trusted more than outgroup faces and that facial stereotypes of
trustworthiness resemble those of the ingroup/outgroup distinction. How-
ever, in Study 2 we showed that such facial stereotypes of group mem-
bership resembled those of competence more than trustworthiness and
dominance. Together, these findings suggest that even though trustworthi-
ness is an important visual ingredient of the ingroup/outgroup distinction,
people may rely on facial cues indicating competence the most to guide
their visualization of novel ingroup and outgroup members, highlighting
the nuanced nature of ingroup bias in face processing.
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Recent applications of reverse correlation image classification methods from
visual cognition to social psychology have proven useful for understanding social
category and person identity representation related to physical attributes, includ-
ing racial groups (Dotsch et al., 2008; Imhoff et al., 2011) and familiar individuals
(Mangini & Biederman, 2004; Oh et al., 2021; Young et al., 2014). In these cases, the
target of representation is one that the perceivers have encountered previously, so

Address correspondence to Youngki Hong, Department of Psychology, Columbia University, New
York, NY 10027. E-mail: youngkih41@gmail.com

© 2023 Guilford Publications, Inc.



FACIAL STEREOTYPES OF GROUP MEMEBERSHIP 563

the representations revealed by the reverse correlation procedure can be explained
by participants populating their mental images with exemplar or prototype infor-
mation retrieved from memory (Nosofsky & Zaki, 2002). However, other research
suggests that visual representations might not always require such memory traces.
Specifically, people can visually imagine the appearance of fellow group members
when these groups are completely novel and not defined by physical appearance
(Hong & Ratner, 2021; Hutchings et al., 2021; Ratner et al., 2014). These studies
suggest that people’s mental image of novel ingroup faces elicits more desirable
trait impressions (e.g., trustworthy) than their outgroup counterparts. However,
it is still unclear whether people rely on facial cues related to trust or other traits
critical to face processing, such as competence or dominance, to guide their visu-
alizations of novel ingroup and outgroup members.

There are a lot of reasons to predict that differences in representations of ingroup
and outgroup faces are driven by facial stereotypes (Chua & Freeman, 2021) spe-
cific to trust. Trustworthiness is considered a central dimension of face percep-
tion for signaling whether someone is perceived to have good or bad intentions
(Oosterhof & Todorov, 2008). Perceived trustworthiness is also related to many
important social outcomes, including financial decision making, personnel selec-
tion, and criminal sentencing (Duarte et al., 2012; Olivola et al., 2014; Wilson &
Rule, 2015). In addition, people trust ingroup members more than outgroup mem-
bers (Foddy et al., 2009; Tanis & Postmes, 2005). People may do so even in novel
group situations because they associate more positive qualities with ingroup
members than with outgroup members (Brewer & Silver, 1978). Recent studies
show that such a bias extends to face processing. For example, people visualize
faces of ingroup members as more trustworthy-looking than faces of outgroup
members (Ratner et al., 2014) and accept more trustworthy-looking faces into their
ingroup (Tracy et al., 2020). Thus, given the central role that trustworthiness plays
in face perception and in intergroup perception, it is plausible that people popu-
late their mental image of novel ingroup members with features that convey trust-
worthiness more than they do for outgroup members. This could be accomplished
because judgments of trustworthiness from faces are strongly related to a face’s
physical resemblance to emotional expressions of happiness, such as joy indicated
by an upturned mouth (Kleisner et al., 2013; Oosterhof & Todorov, 2008; Zebrowitz
et al., 2003).

However, many consequential judgments about ingroup others that on the sur-
face could be attributed to trust have been most directly linked to inferences of
competence, not trust. For instance, facial competence is related to election results
and leadership attainment (Antonakis & Eubanks, 2017; Todorov et al., 2005). Relat-
edly, according to the Stereotype Content Model, ingroups are often stereotyped
as competent (Cuddy et al., 2009; Fiske et al., 2002, 2007), indicating that compe-
tence may be an important social cue that distinguishes ingroups from outgroups.
Critical to the current investigation, competence seems to be related to trustwor-
thiness (Oliveira et al., 2019) and also to dominance (Anderson & Kilduff, 2009).
Dominance has been conceptualized as the other central dimension in face percep-
tion (in addition to trustworthiness) and signals someone’s perceived ability to
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enact good or bad intentions (Oosterhof & Todorov, 2008). Although dominance is
often associated with negative attributes such as aggression, low intelligence, and
untrustworthiness (Carré et al., 2009; Stirrat & Perrett, 2010), dominance is some-
times preferred in ingroup members (Hehman et al., 2015) and may be perceived
as competence in these members (Anderson & Kilduff, 2009).

In the current research, we started with the prediction that visual signals of
trustworthiness differentiate facial stereotypes of ingroups versus outgroups. To
test this idea, in Study 1 we used publicly available reverse correlation participant-
level classification images (Cls) of novel ingroup and outgroup members (Hong
& Ratner, 2021) in an economic trust game. We then used machine learning to
test whether facial stereotypes of trustworthiness and group membership share
any similarities. In Study 2, we used multiple regression to pit facial stereotypes
of trustworthiness, dominance, and competence against each other in their con-
tributions to facial stereotypes of group membership. Overall, we showed that
although trustworthiness is an important cue that people use to guide their visual-
ization of novel ingroup and outgroup faces (Study 1), unique facial stereotypes of
competence (more than trustworthiness or dominance) resemble facial stereotypes
of group membership (Study 2).

All data, study materials, and analysis scripts are publicly available at https://
osf.io/8fzgj/.

STUDY 1

METHOD

The current research used publicly available CI data from Hong and Ratner (2021;
https:/ /osf.io /9243 / ?view_only=92afae84a38548e8a9412e8353f30905) as stim-
uli. This stimuli set included two samples of participant-level Cls of novel ingroup
and outgroup faces. The two samples were identical except for the version of the
minimal group paradigm used (Tajfel et al., 1971). For information about how
these ClIs were generated, please see Studies 1 and 2 in Hong and Ratner (2021).

Part 1: Assessing Perceived Trustworthiness of Novel Ingroup
and Outgroup Faces

Participants. To remove any confusion regarding the source of participant-level
ClIs, we use Sample 1 to refer to data from Study 1 and Sample 2 to refer to data
from Study 2 of Hong and Ratner (2021). We recruited two samples of Ameri-
can college students to participate in an economic trust game designed to assess
perceived trustworthiness of each participant-level CL' The first sample played
trust games with 362 participant-level Cls from Sample 1 (N =108, M, = 18.77,

1. While this version of the economic trust game successfully captured perceived trustworthiness
of the ClIs, there is no clear advantage to it over simple trustworthiness ratings, given that the
participants played the games with artificial partners represented by the CIs and no stakes.
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SD =1.37; 67 female, 41 male). Racial and ethnic breakdown of this sample was 40
White, 32 Asian, 20 Latinx, 1 Black, 10 multiracial, and 5 other. Up to four partici-
pants were run simultaneously. The second sample played trust games with 200
participant-level Cls from Sample 2 (N = 148, M, = 19.16, SD = 1.44; 94 female, 54
male). The racial and ethnic breakdown of this sample was 50 Asian, 38 Latinx, 38
White, 16 multiracial, 3 Black, 1 Pacific Islander/Hawaiian, 2 other, and 1 uniden-
tified. We did not predetermine our sample size, but instead we ran as many par-
ticipants as possible in a single 10-week academic quarter. All the analyses were
conducted after data collection concluded.

Procedure. In this study, participants played an economic trust game with various
interaction partners. The interaction partners were the participant-level Cls of novel
ingroup and outgroup face images from Hong and Ratner (2021). We instructed par-
ticipants to imagine that they had $10 on each trial and that they could choose either
to keep this money or to share a certain amount with their interaction partners. On
each interaction trial, participants made a choice to share a portion of $10 (i.e., $0,
$2, $4, $6, $8, or $10). Participants were informed that any money they shared would
be quadrupled and given to the interaction partner. The interaction partner would
then have the option to return half of the sum to the participant who had shared
the money. In this way, it was possible for the participant to make more money
than if they had not shared. Participants simply indicated how much money they
would like to share with each partner and did not receive any feedback. The amount
of money shared was therefore indicative of the extent to which the participants
trusted the interaction partners. A total of 108 participants played the trust game
with 362 different partners from Sample 1, and 148 participants played the trust
game with 200 different partners from Sample 2. The order of presentation of differ-
ent ClIs was randomized across participants.

Part 2: Assessing Facial Stereotypes of Trustworthiness
and Group Membership and Their Similarity

Next, we used machine learning to classify each image as ingroup or outgroup
and to predict the amount of money each image received in the trust game based
on pixel intensity data. If the machine learning algorithm could successfully learn
the association between pixel intensity data and each image’s ingroup /outgroup
status, as well as the amount of money received in the trust game, it would sug-
gest that there are representational differences between ingroup and outgroup
participant-level Cls and that perceived trustworthiness is reflected in each image.
We then compared the importance of each variable (i.e., pixel) used in the algo-
rithm for classifying between ingroup and outgroup and for predicting perceived
trustworthiness for each sample.

First, we replicated the machine learning analyses from Hong and Ratner (2021)
to classify participant-level Cls as either ingroup or outgroup, incorporating
a few improvments. We (a) extracted faces from each CI using OpenFace’s face
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- Facial feature landmarking
- Affine transformation

- Masking non-face regions

- Downsampling to 64 X 64

FIGURE 1. An example of face extraction of a participant-level Cl using OpenFace (https:/
github.com/TadasBaltrusaitis/OpenFace).

extraction tool (see Figure 1; Amos et al., 2016); (b) applied an affine transforma-
tion so that each face’s eyes, nose, and mouth appear in approximately the same
location; (c) down-sampled pixel intensity data of each image from 512 x 512 to
64 x 64; (d) standardized the pixel intensity data; and (e) performed classification
using support vector machines (SVM) with a linear kernel. We then used 10-fold
cross-validation with our SVM model to minimize overfitting our data. Each fold
yielded a training set (90% of the data) and a testing set (10% of the data), both
evenly divided between ingroup and outgroup images. The SVM algorithm then
learned the relationships between 64 x 64 pixel intensity data of each image and
class labels (ingroup or outgroup) from the training set and classified images from
the testing set that were not part of the training set for a given fold. We repeated
this step 10 times until every instance of data was in both the training and testing
sets at some point. We then computed accuracy scores by averaging classification
accuracies across these 10 folds. Next, we used permutation tests to determine
whether the accuracies of our machine learning algorithm significantly differed
from chance (Ojala & Garriga, 2010). For each permutation, class labels (ingroup
or outgroup) were randomly permuted for every image, removing any systematic
relationship between pixel intensity data and class labels if there were any, fol-
lowed by the classification steps described above. We repeated the same procedure
1,000 times (i.e., 1,000 permutation tests), allowing us to estimate the p value (i.e.,
the percentage of permutation tests that had higher accuracy than the accuracy
with true labels).

For predicting perceived trustworthiness from each participant-level CI, we
used a special type of SVM called support vector regression (SVR; Drucker et al.,
1997) because perceived trustworthiness is a continuous outcome variable (i.e., the
average amount of money each image received in the trust game). The SVR follows
the same logic as the SVM and is thus better suited for analyzing data with high
dimensionality (i.e., high number of predictors) such as images (e.g., a participant-
level CI contains 64 x 64 = 4,096 predictor variables) compared to the ordinary
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least-square linear regression. We used the SVR to predict the amount of money
each participant-level CI received during the trust game based on pixel intensity
data, following the similar steps described above, including 10-fold cross-valida-
tion and 1,000 permutation tests. Instead of classification accuracy, however, the
model performance was measured by taking the mean absolute deviation (MAD;
i.e., the average absolute value of predicted perceived trustworthiness minus
actual perceived trustworthiness). Because smaller MAD values indicate better
performance, we estimated the p value from the proportion of permutation MADs
that were smaller than the true MAD.

Lastly, we performed feature selection using the variable ranking method
(Guyon & Elisseeff, 2003) on the two SVMs for ingroup/outgroup and the two
SVRs for predicting perceived trustworthiness. This method ranks feature impor-
tance based on ¢ statistics (for regression) or the area under the ROC (receiver oper-
ating curve; for classification) associated with each variable (i.e., pixel). It indicates
that features with higher values are more important than those with lower values
in classifying between labels or predicting continuous outcome values. We con-
structed a variable importance matrix for each analysis and then overlaid them on
the base image to visualize any clusters of regions on the face that were important
for classifying between groups or predicting perceived trustworthiness (see Fig-
ure 2). Variable importance values were scaled to range between 0 and 100, mak-
ing the analyses comparable across classification and prediction, with a greater
number representing greater importance. Finally, we computed Pearson correla-
tions between every pair of variable importance analyses to examine the similarity
between facial stereotypes of perceived trustworthiness and group membership.
If participants indeed relied on facial cues signaling trustworthiness to guide their
decisions during the face categorization task, then the variables important for
classifying between ingroup and outgroup images should be significantly corre-
lated with the variables important for predicting the perceived trustworthiness of
images.

RESULTS

Trust Game. We first averaged the amount of money each participant-level CI
received in the trust game and conducted independent-samples t tests to examine
whether participant-level Cls of novel ingroup faces received more money than
outgroup faces. The results of Sample 1 showed that ingroup Cls received signifi-
cantly more money (M = 2.98, SD = .64) than outgroup CIs (M = 2.82, SD = .69),
t(360) = 2.32, p = .02, Cohen’s d = .24. The results of Sample 2 replicated the finding:
ingroup Cls received significantly more money (M = 3.10, SD = .82) than outgroup
CIs (M =2.17,SD = .55), #(198) = 9.40, p < .001, Cohen’s d = 1.33. These results indi-
cate that ingroup face images were more trustworthy-looking than their outgroup
counterparts.

Based on sensitivity analyses conducted using G*Power (Faul et al., 2007), Sam-
ple 1 (n = 362) required a minimum effect size of Cohen’s d = .295, and Sample 2
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FIGURE 2. Variable importance maps of group membership classification and trustworthiness
prediction. Note that only top 95th percentile of variables is shown.

(n =200) required a minimum effect size of Cohen’s d = .398, with a power of 80%
and an alpha level of .05. This indicated that Sample 1 fell short of the minimum
effect size requirement, whereas Sample 2 greatly exceeded the required minimum
effect size.

Machine Learning. We classified between ingroup and outgroup images based
on pixel intensity data of masked Cls better than chance (50%) for both samples
(Sample 1 accuracy = 57.48%, p = .01; Sample 2 accuracy = 71.00%, p < .001). We
predicted perceived trustworthiness of each CI significantly better than chance
for both samples (Sample 1 MAD = .29, p < .001; Sample 2 MAD = .34, p < .001).
Permutation test results are shown in Figure 3.

Similarity Analysis. Next, the correlation analysis showed that variable impor-
tance of the ingroup/outgroup classifications from the two samples was signifi-
cantly correlated, r(1745) = .18, p < .001. Not surprisingly, the variable importance
of the perceived trustworthiness of the two samples was also significantly corre-
lated, r(1745) =.79, p < .001. More critically, we also found that variable importance
for ingroup/outgroup classification and perceived trustworthiness prediction
were significantly related for both Sample 1, 7(1745) = .17, p < .001 and Sample 2,
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FIGURE 3. Permutation test results for (a) group membership classification, trust game
prediction (Study 1), and (b) trait prediction (Study 2). The dotted lines indicate true accuracy/
MAD scores.

r(1745) = .66, p < .001. All the correlation coefficients, p values, and confidence
intervals are presented in Table 1. These results indicate that facial regions related
to classifying ingroup and outgroup faces are similar to facial regions related to
predicting perceived trustworthiness, which provides initial evidence that facial
stereotypes of group membership are constructed in part with facial features
related to trustworthiness.

STUDY 2

Although Study 1 demonstrated some commonality across facial stereotypes of
group membership and trustworthiness, it is possible that facial stereotypes of
group membership consist of multiple traits, and trustworthiness may not be at
the core of the ingroup face representation. Furthermore, we cannot rule out the
possibility that machine learning algorithms simply picked up on “signals” in the
face images rather than clusters of regions meaningfully related to group mem-
bership or trustworthiness. In other words, representational differences, whether
between ingroup and outgroup or trustworthy and untrustworthy faces, may
exhibit similar regions of importance (e.g., eyes, mouth). This is particularly true
because differences in the extent of holistic processing of faces in intergroup con-
texts (Hugenberg & Corneille, 2009) and trait impressions (Abbas & Duchaine,
2008) might be represented in similar facial regions related to both group member-
ship and trustworthiness. Thus, in Study 2, we examined two additional traits,
competence and dominance, both of which are important in face perception and
intergroup perception.
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TABLE 1. Correlation Matrix of Variable Importance Across Classifications and Regressions

Type 1 2 3
1. Group (Sample 1)
2. Group (Sample 2) RE
[.13,.23]
3. Perceived trustworthiness 7 364
(Sample 1)
[.12, .21] [.32, .40]
4. Perceived trustworthiness 22 wkk 66FF* Atk
(Sample 2)
[.17,.26] [.63, .68] [.77,.80]
w5 <001
METHODS

Participants. We recruited two groups from Prolific to participate in an online
study about how people make social judgments. We aimed to collect n = 50 per
trait per sample based on similar studies examining trait impression differences
(Ratner et al., 2014). The first group rated participant-level Cls from Sample
1 on one of three traits (trustworthiness, dominance, competence) (N = 159,
M, = 4223, SD = 15.26; 86 female, 70 male, 3 other). Racial and ethnic break-
down of this sample was 101 White, 19 Latinx, 11 multiracial, 10 Asian, 10 Black,
and 8 other. The trait breakdown of this sample was 54 trustworthiness, 54 domi-
nance, and 51 competence. The second group rated participant-level Cls from
Sample 2 (N = 151, Mage =38.49, SD = 11.51; 58 female, 93 male). The racial and
ethnic breakdown of this sample was 101 White, 19 Asian, 14 Latinx, 10 Black,
6 multiracial, and 1 other. The trait breakdown of this sample was 49 trustwor-
thiness, 53 dominance, and 49 competence. All analyses were conducted after
data collection concluded.

Procedure. In this study, participants rated participant-level CIs on one of three
traits, trustworthiness, dominance, or competence (e.g., “How trustworthy is this
person?”), using a 7-point Likert scale (1 = not at all, 7 = very much). A total of 159
participants rated all 362 CIs from Sample 1, and 151 participants rated all 200 CIs
from Sample 2. The order of presentation of different CIs was randomized across
participants.

Next, we used machine learning to predict trustworthiness, dominance, and
competence ratings for each image using pixel intensity data. We used the same
method used in Study 1 for predicting perceived trustworthiness, involving face
extraction with OpenFace, SVR, cross-validation, permutation tests, and feature
selection. For a detailed explanation of this method, see Part 2 of the Study 1 Proce-
dure. To discern the unique contribution of each trait, we used multiple regression
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FIGURE 4. Variable importance maps of group membership classification and contrasted
variable importance maps of trait prediction. Note that only top 95th percentile of variables
is shown.

to predict variable importance for group membership classification. This involved
a linear combination of variable importance scores for trustworthiness, domi-
nance, and competence predictions. Before proceeding, we compared each vari-
able’s importance against the other traits, considering the high correlations among
trait ratings (absolute r > .8). Any variable smaller than the corresponding vari-
ables of the other two traits was scored as 0 (of no importance), highlighting the
unique contribution of a given trait (trustworthiness, dominance, or competence).
We then incorporated these contrasted variable importance scores into the mul-
tiple regression models to predict facial stereotypes of group membership, illus-
trating the unique contributions of trustworthiness, dominance, and competence
in relation to the variable importance for group membership in Figure 4.

RESULTS

Trait Rating. We first averaged ratings of each participant-level CI for each trait
and ran independent-samples ¢ tests to examine whether participant-level Cls of
novel ingroup and outgroup faces elicited different trait impressions. For Sample
1, the results showed that ingroup CIs were seen as more trustworthy (M = 3.50,
SD = .55) than outgroup ClIs (M = 3.37, SD = .63), t(360) = 2.11, p = .04, Cohen’s
d = 22. Ingroup CIs were also perceived as more competent (M = 4.07, SD = .41)
than outgroup Cls (M =3.92, SD = .47), t(360) = 3.11, p = .002, Cohen’s d = .33. There
was no significant difference in dominance ratings of ingroup (M = 4.22, SD = .57)
and outgroup (M = 4.33, SD = .61), t(360) = 1.80, p = .07, Cohen’s d = .19.

For Sample 2, ingroup CIs were seen as more trustworthy (M = 4.13, SD = .47)
than outgroup Cls (M =3.56, SD = .40), (198) =9.17, p <.001, Cohen’s d = 1.30, more
competent (ingroup M = 4.54, SD = .26) than outgroup Cls (M = 4.13, SD = .34),
£(198) = 9.62, p < .001, Cohen’s d = 1.36, and less dominant (ingroup M = 4.09,
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SD = .50) than outgroup Cls (M = 4.60, SD = .34), t(198) = 8.41, p < .001, Cohen’s
d=1.19.

The same sensitivity power analyses reported in Study 1 applied to the current
analyses: Sample 1 (n = 362) required a minimum effect size of Cohen’s d = .295,
and Sample 2 (n = 200) required a minimum effect size of Cohen’s d = .398, with a
power of 80% and an alpha level of .05. This indicated that only the competence
ratings for Sample 1 met the minimum effect size requirement, whereas all three
trait ratings for Sample 2 met the minimum effect size requirement.

Machine Learning. For both samples, we successfully predicted all three trait rat-
ings of each CI significantly better than chance. This is indicated by true MAD
values that are smaller than permutation MAD values (Sample 1 trustworthi-
ness = .20, p < .001, dominance = .20, p < .001, competence = .18, p < .001; Sam-
ple 2 trustworthiness = .20, p < .001, dominance = .19, p < .001, competence = .17,
p <.001). Permutation results are shown in Figure 3.

Multiple Regression. For Sample 1, multiple regression showed that unique vari-
able importance of competence prediction is a significant predictor of variable
importance of group membership classification, 3 = .34, SE = .04, t(1743) = 14.27,
p <.001, and so was trustworthiness, 3 = .05, SE = .05, #(1743) = 2.28, p = .02. Domi-
nance was not a significant predictor, 3 = .01, SE = .03, £(1743) = .36, p = .72. We con-
ducted linear hypothesis testing to test whether trustworthiness and competence
were significantly different from each other and found that competence predicted
group membership significantly better than trustworthiness, F(1, 1743) = 55.11,
p < .001. For Sample 2, all three measures of unique variable importance were
significant predictors of variable importance of group membership classification:
trustworthiness, 3 = .32, SE = .03, #(1743) = 20.10, p < .001; competence, (3 = .80,
SE =.02, t(1743) = 48.04, p < .001; and dominance, 3 = .28, SE = .02, £(1743) = 17.22,
p < .001. Linear hypothesis testing showed that competence was the best predictor
of group membership [against trustworthiness F(1, 1743) = 214.61, p < .001; against
dominance F(1, 1743) = 475.72, p < .001], followed by trustworthiness [against
dominance F(1,1743) = 17.91, p < .001] and dominance.

Lastly, we cross-validated our results by predicting variable importance of
group membership classification from one sample using variable importance of
trait predictions from the other sample. For Sample 1 group membership classifi-
cation, all three traits from Sample 2 were significant predictors: trustworthiness,
[p=.14, SE=.04, t(1743) = 5.96, p < .001; competence, § = .22, SE = .03, (1743) =9.01,
p <.001; and dominance, [3 = .05, SE = .04, (1743) = 2.16, p = .03. Linear hypothesis
testing showed that both trustworthiness, F(1, 1743) = 11.38, p < .001, and compe-
tence, F(1,1743) = 25.53, p < .001, were better predictors than dominance. However,
trustworthiness and dominance were not significantly different from each other,
F(1,1743) = .57, p = .45. For Sample 2 group membership classification, all three
traits from Sample 1 were significant predictors: trustworthiness, 3 = .19, SE = .05,
t(1743) = 8.71, p < .001; competence, 3 = .46, SE = .04, t(1743) = 20.58, p < .001; and
dominance, = .19, SE = .03, #(1743) = 8.43, p < .001. Linear hypothesis testing
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showed that competence was the best predictor of group membership [against
trustworthiness F(1, 1743) = 37.57, p < .001; against dominance F(1, 1743) = 153.75,
p < .001)], followed by trustworthiness [against dominance F(1, 1743) = 8.77,
p =.003] and dominance.

Together these results show that the facial regions associated with predicting
trustworthiness and competence uniquely relate to facial regions associated with
classifying ingroup and outgroup faces, but competence is a better predictor of
group membership, indicating that facial stereotypes of group membership con-
sist of facial stereotypes of multiple traits, with the strongest contribution from
competence.

GENERAL DISCUSSION

In two studies, we examined the mechanisms underlying mental representations
of novel ingroup and outgroup faces. Specifically, we tested whether facial ste-
reotypes of group membership (i.e., facial features that most distinguish ingroup
and outgroup faces) consist of visual cues signaling trustworthiness, dominance,
and competence. Study 1 suggested that facial stereotypes of group membership
indeed resemble facial stereotypes of trustworthiness. Study 2 provided a more
complex picture: Facial stereotypes of group membership consist of multiple
traits, with the strongest contribution coming from competence. These findings
suggest that people can visually imagine the appearance of fellow group members
even when these groups are completely novel and not defined by physical appear-
ance. They can do so by relying on attributes that are related to distinct physical
characteristics.

Researchers have used the reverse correlation method to understand how people
mentally represent social categories and person identities based on physical attri-
butes (Dotsch et al., 2008; Imhoff et al., 2011; Mangini & Biederman, 2004; Young
et al., 2014). Other research suggests that people can also imagine the appearance
of novel group members even if they have never encountered them before (Hong
& Ratner, 2021; Hutchings et al., 2021; Ratner et al., 2014). Although this past work
seems to challenge the idea that visual representations require existing memory
traces to produce them, our work shows that the visualization of novel group
members may be constructed from memory traces of physical attributes that are
consistently associated with certain trait impressions (i.e., facial stereotypes). Not
surprisingly, facial stereotypes of trustworthiness closely resembled facial stereo-
types of group membership. This finding is consistent with previous research sug-
gesting that trust is an important component of intergroup perception (Brewer
& Silver, 1978) and that facial trustworthiness predicts whether a novel target
will be accepted into the ingroup (Tracy et al., 2020). Our work also shows that
facial stereotypes of group membership are determined by multiple traits, with
the strongest contribution from competence. This finding indicates that compe-
tence, which relates to someone’s perceived ability to enact good or bad intentions
(Fiske et al., 2007), is an important cue that people rely on to guide visualization
of novel ingroup and outgroup members. It is interesting that dominance, which
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also similarly signals someone’s perceived ability to enact good or bad intentions
(Oosterhof & Todorov, 2008), was not consistently associated with facial stereo-
types of group membership. Previous research shows that dominance, compared
to competence, resembles negative emotion and is perceived as a threat (Said et al.,
2009). Perhaps the distinction between novel ingroups and outgroups was driven
more by positivity toward the ingroup concept than negativity toward the out-
group concept (Brewer, 1999), and thus trustworthiness and competence, which
signal prosociality of the ingroup (but not the outgroup), contributed more to
facial stereotypes of group membership.

Although we did not formally examine the meaning of clusters that are impor-
tant for different facial stereotypes, a visual inspection of the figures (see Figures 2
and 4) clearly shows that important variables are clustered around the eyes, brows,
and mouth, corroborating previous research showing that variations in these facial
features are associated with trait impressions (e.g., Oosterhof & Todorov, 2008;
Zebrowitz et al., 2003). Furthermore, our findings that facial stereotypes of differ-
ent traits contribute to the visual representation of ingroup and outgroup faces
provide a window into how they might indirectly influence face perception. For
example, people may focus on the eyes of a face when judging the leadership
quality of an ingroup member, whereas they may focus on the brows or lips of
a face when judging an outgroup member, which in turn may lead to divergent
perception even if they may have similar overall facial features (e.g., high domi-
nance = competence for the ingroup vs. high dominance # competence for the
outgroup). Relatedly, recent studies have shown that judgments of facial trustwor-
thiness and facial dominance are more similar for ingroups relative to outgroups
(Hong & Freeman, 2023), providing evidence for such a possibility that people
may spontaneously look for different facial features when judging the same trait of
different groups. It is important to note, however, that it remains unclear whether
people are aware of specific strategies and mechanisms for visualizing and making
judgments of faces of different social categories. Future research can examine the
conscious accessibility of facial stereotypes, which will pave the way for further
research on ways to mitigate any potential harmful effects of relying on face char-
acteristics to make dispositional and mental state inferences (Hong et al., 2023).
Overall, our findings of biased representation of even novel ingroup and outgroup
members have implications for many important social outcomes, including lead-
ership attainment (Todorov et al., 2005) and criminal sentencing (Wilson & Rule,
2015). This is especially true because previous studies have shown that biased
representations as measured by reverse correlation methods mediate behavioral
outcomes (Lloyd et al., 2020; Ratner et al., 2014).

It is important to note that our results pertain to people’s abstract representa-
tion of ingroup and outgroup faces. Although our work with two different group
membership manipulations suggests that facial stereotypes of competence have
the most influence on people’s default facial stereotypes of group membership,
this effect may be limited to specific instantiations of the minimal group paradigm,
and future work will be necessary to examine contextual effects. Even within our
own work, the correspondence between facial stereotypes of competence and facial
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stereotypes of group membership was more pronounced in Sample 2 than Sample
1. Factors such as whether groups are viewed as having an adversarial relation-
ship to each other or not could influence how much facial stereotypes of ingroups
and outgroups resemble facial stereotypes of competence, trustworthiness, and
dominance. This would be consistent with work showing that people prefer faces
with dominant facial features during intergroup conflict (Hehman et al., 2015). It
is further the case that as we develop more elaborated knowledge structures about
the physical characteristics associated with specific ingroups and outgroups, as
is the case with representations that people have about various racial and ethnic
groups, facial stereotypes of group membership might shift away from a strongest
reliance on competence facial stereotypes.

Beyond our specific research focus, we introduced methods that can benefit not
only other reverse correlation research but also face perception research in gen-
eral. We used machine learning along with feature selection to parse mechanisms
of facial stereotypes of group membership. Our use of OpenFace to extract faces
and align facial features across different images makes our analytic approaches
easily applicable to other face processing research. For example, analyses of real
face images will allow researchers to examine how trait impressions are associ-
ated with different facial features across different groups. One limitation of our
methods is that we remain agnostic to the meaning of the clusters of variable
importance that are associated with trait impressions/group memberships. Our
methods were inspired by multivariate pattern analysis that is widely used in
neuroimaging studies (e.g., Haxby, 2012). Unlike neuroimaging studies, we lack a
platform that synthesizes face image data to help us identify the meaning of clus-
ters (e.g., Neurosynth; Yarkoni et al., 2011). Future research should aim to formally
test and identify different locations within a face image as containing meaningful
facial features.

Overall, our findings show that competence, rather than trustworthiness and
dominance, most resemble facial stereotypes of group membership, providing
a nuanced view of ingroup favoritism in face processing that goes above and
beyond simple ingroup favoritism. In addition, our work introduces novel ana-
lytic methods to analyze face image data in relation to social judgments, allowing
researchers to parse mechanisms of social category facial stereotypes.
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