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Abstract

Previous work indicates perceived dominance and trustworthi-
ness are both positive predictors for a candidate’s electoral and
employment success. Interestingly, compared to male faces,
female faces exhibit a much stronger anti-correlation between
perceived trustworthiness and dominance. Together, these two
phenomena place women at a distinctive disadvantage in elec-
toral and general work settings. In this study, we conduct a
computational analyses to examine the provenance of the anti-
correlation between perceived dominance and trustworthiness
in female faces. By identifying and quantifying the facial fea-
tures that contribute to each social trait in each gender, we find
that the perceived female anti-correlation stems predominantly
from components unique to female faces. For example, the
lip region is a major contributor: visualization of the critical
facial features shows that the corners of the mouth move up
and down in opposite, i.e. anti-correlated, directions for per-
ceived trustworthiness and dominance for female faces, con-
tributing to the anti-correlation; but they curve in orthogonal,
i.e. uncorrelated, directions for male faces. Furthermore, we
find that female dominance and trustworthiness perception are
correlated in opposite directions along most demographic di-
mensions, such as gender, age, and race-related dimensions.
In contrast, perceived male dominance and trustworthiness are
uncorrelated along gender- and age-related dimensions, and
postively correlated in the same direction along race-related
dimensions. Overall, the results indicate that perceived sexual
dimorphism strongly drives the anti-correlated perception of
dominance and trustworthiness in female faces (more feminine
faces are viewed as more trustworthy and less dominant), while
the inconsequence of sexual dimorphism in male trustworthi-
ness perception (despite more masculine faces appearing more
dominant) means little anti-correlation of trustworthiness and
dominance perception in male faces.
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Introduction

Gender bias continues to pose a challenge to women’s career
advancement in politics and other workplace settings, with
opinions appearing to reflect subjective biases rather than fac-
tual differences. For instance, in the 2016 U.S. presidential
election, Hillary Clinton was criticized for being “too am-
bitious”, “overly dominant”, and more “untrustworthy” and
“deceitful” than her male opponent, Donald Trump, despite
a lack of factual evidence supporting such claims (Foran,
2016). Several psychological studies have also found that
only female candidates are penalized when perceived as dom-
inant or power-seeking (Williams & Tiedens, 2016; Okimoto
& Brescoll, 2010), a social dilemma known as the “backlash

effect” (Rudman, Moss-Racusin, Phelan, & Nauts, 2012) for
women who violate prescriptive stereotypes of femininity.

While a number of studies have examined social impres-
sions and perceptual judgments as important factors under-
lying gender bias in politics and work settings, few have
computationally examined the explicit role of face percep-
tion (Oh, Buck, & Todorov, 2019), a natural process humans
use to form impressions about strangers (Todorov, Olivola,
Dotsch, & Mende-Siedlecki, 2015). Indeed, humans have
been found to form rapid social impressions about character,
including traits such as trustworthiness, dominance, attrac-
tiveness, and competence, based on face appearance within
as little as 100 milliseconds of exposure (Willis & Todorov,
2006). Although the veracity of such face-based social trait
impressions is highly debated (Todorov et al., 2015), there is
no doubt these perceptions do exist and play an role in conse-
quential social decisions (Todorov et al., 2015). For example,
in politics and business, perceived competence, dominance,
sociability, and trustworthiness have been shown to be reli-
able predictors for an individual’s electoral and employment
success (Todorov et al., 2015; Olivola, Funk, & Todorov,
2014; Olivola & Todorov, 2010). Similarly, trustworthy-
looking faces have also been found to be more likely to attract
investments and less likely to be convicted in criminal trials
(Olivola et al., 2014).

Previously, it was found that trustworthiness and domi-
nance perception of female faces are highly anti-correlated,
while the same is only mildly anti-correlated for male faces
(He & Yu, 2021). Moreover, it was also found that dominance
and trustworthiness perception both positively contribute to
the impression of electoral and job candidates for both gen-
ders (He & Yu, 2021). Together, these results suggest that the
stronger anti-correlation place female candidates, compared
to males, at a distinct disadvantage in such work settings (He
& Yu, 2021). Moreover, it was found this female disadvan-
tage is due to human observers applying different criteria to
the social judgment of female faces compared to that of male
faces (He & Yu, 2021). In this work, we conduct a more in-
depth analysis of what these gender-specific criteria are, in
particular how they depend on the underlying facial features.
In the following, we first examine how different facial fea-
tures contribute to trustworthiness and dominance judgement
of both male and female faces, as well as why these contri-
butions lead to a stronger anti-correlation for female faces.
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Then, we also conduct a correlational analysis of social trait
and demographic trait perception, combining it with facial
feature analysis to arrive at an integrated interpretation.

Results

To computationally investigate which parts of the face con-
tribute to social trait judgment and how, we need an inter-
pretable feature vector representation of faces. To do so, we
use a computer vision algorithm known as the Active Ap-
pearance Model (Cootes, Edwards, & Taylor, 2001), previ-
ously shown to successfully model human (Guan, Ryali, &
Yu, 2018; Ryali, Goffin, Winkielmann, Yu, 2021) and mon-
key (Change & Tsao, 2017) perception of faces. We then con-
duct a regression analysis of how facial features drive human
judgments for each social trait. Previous work shows that lin-
ear regression of AAM features can well capture social trait
judgments of humans faces (Guan, et al, 2018; Ryali et al,
2021; He & Yu, 2021), and moreover does a fine job replicat-
ing the stronger anti-correlation between trustworthiness and
dominance perception in female faces (-0.42, p < 0.001 in
both human ratings and regression model predictions) than in
male faces (-0.162, p < 0.001 in both).

To quantify how much of the overall anti-correlation (be-
tween T and D) for each of female and male faces depend
on their unique and shared facial featural components, we
decompose the (anti-)correlation between female dominance
(DF) and trustworthiness (7f) into four components: (1) due
to the correlation in facial features unique to female faces, (2)
due to the correlation between uniquely female dominance
perception and male trustworthiness perception, (3) due to the
correlation between uniquely female trustworthiness percep-
tion and male dominance perception, (4) due to the correla-
tion between male dominance and trustworthiness perception,
to the extent it is also relevant for female faces. The correla-
tion coefficients for each of these components, as well as the
percentage quantification of how much each contributes to the
overall female trustworthiness and dominance perception, are
shown in the first row of Figure 1, across the four columns,
respectively. The analogous analysis of male trustworthiness
and dominance perception, decomposed into these four com-
ponents, can be seen in the same row.

Firstly, we find that each of these components has a neg-
ative correlation coefficient (c.c.), indicating a general ten-
dency for trustworthiness and dominance perception in both
genders with respect of each of the components. Secondly,
we find that components of the anti-correlation unique to
each gender (first column) account for the majority of anti-
correlation for both genders (83% for female, 71% for male).
Thirdly, we find that female trustworthiness and dominance
perception “inherits” very little from male trustworthiness
and dominance perception (4%), while male trustworthiness
and dominance perception “inherits” a substantial amount in
the converse direction (24%). Altogether, this suggests that
the much stronger anti-correlation in female trustworthiness
and dominance perception is unique to female faces.

-0.039 -0.019 -0.015
%) %) %)

Female

-0.004 -0.004 -0.038
(3%) (8%) (24%) 0

Male

I
Unique Interaction 1 Interaction 2 Shared

Figure 1: Unique (left column) and shared (right column)
components, as well as the interactions between the two com-
ponents (middle columns) of the dot product for both female
(top row) and male (bottom row) faces. Percentage is the cor-
relation of the component divided by the total correlation for
each gender. See Methods for how these components were
determined.

So far, we have decomposed the correlational analysis into
statistical components unique and shared between the gen-
ders; next, we use a different a method to characterize and
better visualize how the overall perceptual correlation decom-
pose into different facial regions. As illustrated in Figure 2A,
we decompose the face into different face regions delineated
by the landmarks of AAM - eyebrows, eyes, nose, lips, upper
face (excluding eyebrows, eyes, and nose), lower face (ex-
cluding lips). Using the fitted regression models, we can use
only the AAM features corresponding to each facial region
to predict social traits (trustworthiness and dominance), and
compute the dot product between the two traits for different
facial regions (see Figure 2B), separately for female (top row)
and male (bottom row) faces. Note that, as the data is stan-
dardized, the overall correlation coefficient is equal to the dot
product between the two traits. We thus decompose the corre-
lation coefficient in terms of the dot product for different face
regions to investigate how different facial features contribute
to the overall anti-correlation for male and female faces. We
find that for female faces, while every face region contributes
to the overall anti-correlation between trustworthiness and
dominance ratings (the model-predicted correlation is always
negative for each region), the two most prominent facial re-
gions are lips (p = —0.096, 23% of overall anti-correlation)
and lower face excluding lips (p = —0.084, 20%). In con-
trast, the weaker anti-correlation between trustworthiness and
dominance predicted by the regression models for male faces
are most prominently driven by facial features in the upper
face (p = —0.074, 46%), eyebrows (p = —0.037, 23%), and
nose (p = —0.036, 22%). In contrast to female faces, the
lips region of the model predicts very little anti-correlation in
male faces (p = —0.016, 10%), and the lower face exclud-
ing lips actually predicts a positive correlation (p = 0.014,
—9%), thus canceling out negative correlation in other parts
of the face.

Similarly, we can use the facial region decomposition
method to quantify whether and how much each region con-
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Figure 2: Decomposition of facial feature correlation into facial regions. A: Illustration of the seven facial regions: eyes, eye-
brows, nose, lips, upper, lower and face outline. B: Components of the dot product between dominance and trustworthiness
decomposed into facial regions for female (top row) and male (bottom row) faces. C: Components of the dot product decom-
posed into facial regions for female and male dominance (top row) as well as female and male trustworthiness (bottom row).
For both B and C, the overall dot product (last column) is the total correlation, and percentage is the dot product of the facial
region divided by total correlation.
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tributes to the overall correlation between male and female
faces in the perception of dominance (Figure 2C top row) and
trustworthiness (Figure 2C bottom row). Firstly, we see that
that the perception of dominance and trustworthiness are in
fact significantly though not very highly correlated between
male and female faces (p = 0.341, p = 0.270, respectively,
p < 001). Moreover, every facial region contributes posi-
tively to this positive correlation, indicating that whatever fea-
tural dependence underlying the differential anti-correlation
between the two genders are not some extremely overt dif-
ferences, such as negative region-specific correlations, but
rather subtle differences that are difficult to see based on a
pure correlational analysis. In particular, the lips region is
positive between males and females for both trustworthiness
(p = —0.132), and dominance (p = 0.045), and yet this region
strongly contributes to female anti-correlation while barely
contributes to male anti-correlation.

So how exactly do the different facial regions contribute to
female and male trustworthiness and dominance perception,
and why is there a stronger anti-correlation for female faces?
Here, we take advantage of AAM’s ability to readily visualize
the facial featural changes that most strongly drive human so-
cial trait perception (via the linear regression models of trait
perception, see Methods and Guan et al, 2018; Ryali et al,
2021). As shown in Figure 3, which shows how texture fea-
tures change (via pixel value changes in each row) and shape
feature changes (indicated by red arrows), the overall judg-
ment of trustworthiness and dominance are similar between
male and female faces, consistent with the overall positive
correlation between Fr and M7, and between Fp and Mp.
However, there are also clear differences in the details that
drive a stronger anti-correlation between the two traits for fe-
male faces. For example, consistent with the correlational
analysis (Figure 1 and 2) indicating the lip/lower face region
playing a particularly important role, one can see that the cor-
ners of the mouth curve up and down in opposite directions
for Fp and Fr for female faces (resulting in a perceptual anti-
correlation), as indicated by red arrows in Figure 3A, but in
orthogonal directions for Mp and Mt for male faces (resulting
in perceptual non-correlation). Moreover, redder lips (Fig-
ure 3B) increase female trustworthiness but decreases dom-
inance, while lip redness appears to play little role in male
social trait perception.

Visual inspection suggests that there might be a holistic
demographic effect that is difficult to pin down by analyz-
ing individual face regions or features. While dominance in
both genders (Fp and Mp) appear negatively correlated with
appearing feminine and Asian, while positively correlated
with age, Fr appears to have exactly the opposite relationship
with appearing feminine, Asian, and older; in contrast, M1
does not seem to have obvious relationship with these demo-
graphic trait impressions. To quantify this, we compute the
correlation coefficients between social trait ratings and de-
mographic trait ratings (Figure 4). We find that indeed, Fp
and Fr are driven in opposite directions along demographic

dimensions relating to sexual dimorphism (perceived femi-
ninity, perceived masculinity, real gender), (real) age, and
race (Asian/non-Asian). In contrast, Mp and My are driven in
the same direction along race-related dimensions (White/non-
White, Black/non-Black), while only Mp is driven by age
and sexual dimorphism. This sheds further light on why
there is greater anti-correlation in perceived trustworthiness
and dominance for female faces: while dominance perception
is strongly related to demographic perception in both gen-
ders, trustworthiness perception only strongly relate to demo-
graphic perception in female faces. In particular, perceived
femininity (sexual dimorphism) is strongly weighed in the
assessment of female trustworthiness, outweighing all other
demographic considerations, while perceived masculinity ap-
pears unimportant for male trustworthiness perception. This
asymmetry may explain why previous studies have found that
counter-stereotyping disadvantages women more than men
(Cuddy, Fiske, Glick, 2008).

Discussion

Previous work (He & Yu, 2021) found that gender-specific
criteria are used by humans in face-based judgment of so-
cial traits, resulting in a far larger anti-correlation between
dominance and trustworthiness for female faces, compared to
male faces. As a result, women can be expected to be dis-
proportionately negatively affected in situations that require
candidates to be perceived as both dominant and trustwor-
thy, including political elections and the workplace (He &
Yu, 2021). In this work, we examined in-depth what these
gender-based criteria are. We found 1) the stronger female
anti-correlation primarily depends on the lips region and the
bottom half of the face in general, while the weaker male
anti-correlation primarily depends on the upper half of the
face, especially the eye brows and nose; 2) differences be-
tween female and male correlation depend on rather subtle
differences in featural dependence on each region, as there is
positive correlation between male and female faces in every
facial region for the perception of both trustworthiness and
dominance; 3) these subtler featural difference may be related
to the much stronger demographic influence on female trust-
worthiness perception, in particular sexual dimorphism, than
on male trustworthiness perception, as the same demographic
factors influence dominance perception in the opposite direc-
tion to female trustworthiness for both female and male faces.

Our results have an interesting relationship with previous
work showing that counter-stereotyping individuals are less
positively perceived than gender-stereotype-conforming in-
dividuals. For example, dominant-looking female faces are
less preferred than both less dominant-looking female faces
and dominant-looking male faces (Cuddy et al, 2008). This
has been interpreted as evidence that there is a ’backlash ef-
fect” toward counter-stereotyping individual. However, this
bias effect curiously has been found to be much stronger for
women than men. For example, trustworthy-looking male
faces are evaluated more positively than trustworthy-looking
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Figure 3: A: Neutral faces (middle column) visualized to look less/more (left/right column) dominant and untrustworthy (domi-
nant: rows 1,3; untrustworthy: rows 2,4) according to the female and male models (female: rows 1-2; male: rows: 3-4). Arrows
indicate the movement of shape features. B: Same as A but without shape features for easier visualization of texture features.

F, D -0.19*** 0.27*** 0.09* 0.2+ -0.13** 0.32** -0.23**
F, T 0.33* -0.26*** -0.15%** -0.13** -0.07 0.01 0.17***
Femininity Masculinity Male Age White Black Asian
M, D -0.31*** 0.24* 0.35"* -0.14*** 0.3 -0.25***
MT 0.08 -0.03 -0.05 -0.05 -0.21%** 0.25"* 0.05
L |
Femininity Masculinity Male Age White Black Asian

Figure 4: Correlation between perceived dominance and
trustworthiness and demographic information for female (A)
and male (B) faces. *: p-value < 0.05, **: p-value < 0.01,
*%%*: p-value < 0.001.

female faces (Cuddy et al, 2008), even though trustworthi-
ness is thought to be gender-conforming for women, while
the dominance is gender-conforming for men (Sutherland,
Young, Mootz, Oldmeadow, 2015). Our work suggests that
the answer to this apparent mystery is that female trustworthi-
ness perception depends on sexual dimorphism, while male
trustworthiness perception does not; on the other hand, dom-
inance perception in both genders positively correlate with
masculinity and negatively with femininity perception. Thus,
dominant-looking females are consequently viewed as less
trustworthy, while trustworthy-looking males are not neces-
sarily viewed as less dominant. This asymmetry puts counter-
stereotyping women at a greater disadvantage than men.

Our findings about the role of gender information on sub-
sequent face perception is also consistent with the neuro-
science literature on the temporal dynamics of face process-
ing, whereby gender information has been found to be avail-
able earlier than other types of information (Dobs, Isik, Pan-
tazis, Knwisher, 2019). One limitation of our study is that
we divided a face into regions based on landmarks, which re-
sulted in large general areas such as upper and lower halves
of the face. We see (Figure 2) that these regions account for a
large portion of the anti-correlation between male and female
dominance (44% combined). The use of a more sophisticated
algorithm, such as a clustering algorithm, might be able to
group more naturally correlated regions together, such as chin
and cheeks, resulting in more informative regions. Our cur-
rent method of looking at the contribution of different facial
regions also does not account for correlation between these
regions. For instance, we do not know if the contribution of
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the eye region is independent of the mouth region. As such,
we do not know how the interaction of facial features con-
tribute to perceived dominance and trustworthiness. These
are fruitful areas of future investigations.

Methods
Dataset

We use the neutral-expression face images in the publicly
available Chicago Face Database (CFD) (Ma et al., 2015).
This dataset consists of 109 East Asian (57 female), 197 black
(104 female), 108 Hispanic (56 female) and 181 white (90 fe-
male) faces, along with collected social and demographic trait
ratings. All trait ratings and demographic information used in
this work are part of the CFD dataset.

Model Descriptions

Active Appearance Model (AAM): AAM is a well-
established computer vision model (Cootes et al., 2001) with
neural relevance (Chang & Tsao, 2017), consisting of shape
and texture features. The shape features are the coordinates of
a set of predefined landmarks, while the texture features are
the pixel values of each face image after having been warped
to the average landmark location. We train the AAM on the
CFD faces, then perform additional PCA on the combined
shape and texture features. We retain all PCs to obtain a 596
dimensional “face space”.

Linear Trait Axis (LTA): The LTA (Guan et al., 2018) for
each social trait is computed as the normalized regression co-
efficients of ratings regressed against standardized AAM fea-
tures: y = PBx, where y is the standardized ratings for the trait,
x is the standardized AAM features for a face, and B is the
vector of regression coefficients. The LTA is then defined
as the normalized regression vector. The LTA specifies a di-
rection in the face space that (linearly) maximally alters the
response of the task. Note that, since we retain all features
and the face data is standardized, the correlation between two
traits is just the dot product of their LTAs.

Orthogonalization: To extract the components unique to
the female model (Br ), we orthogonalize the female LTA
(Br) against the male (By7) using a standard orthogonalization
procedure:

Brim =Br — By - Br)Bum (D

Note that B3, - Br is just a constant ¢, where - denotes the dot
product. We can then write the female LTA in terms of its
unique component (Bz | /) and component shared with male
faces (Bys) as:

Br = Brim+ciBu ()

Correlation Coefficients: Since we retain all features and
the face data is standardized, the correlation between two
traits is just the dot product of their LTAs. The correlation
between female dominance (Dp)and trustworthiness (7) in

terms of unique and shared components thus becomes:

Dp-Tp =Dpiy-Trim+cpDr iy -Tu 3)
+crTrim Dy +ceperDy - Ty 4)

where
cp=Fp-Mp, cr=Fr-Mr (5)

Note that the first term in Equation corresponds to the con-
tribution unique to female faces, the last term corresponds to
the contribution derived from male faces, while the middle
two terms are interaction terms.

Facial Regions: Each component in the LTAs and regres-
sion vectors correspond to a shape or texture feature. We
group the components corresponding to different facial re-
gions together to obtain a set of seven facial regions: eye-
brows, nose, eyes, lips, face outline, upper half of the face,
and lower half of the face. As the data is standardized, the to-
tal correlation between two traits can thus be written as a sum
of the dot product of these regions. For instance, the total cor-
relation between female dominance (Dr) and trustworthiness
(Dr) thus becomes:

c.c= Z Dp(r)-Tr(r) (6)

reregion

The percentage contribution of a region i to the overall corre-
lation thus becomes:
Dr (i) - Tr (i)
Zreregion DF(r) ) TF<r)
which is the dot product between the LTAs of facial region i
divided by the overall correlation.

(7
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