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Abstract. We document an understudied form of discrimination based on femininity
expressed in headshots. To do so, we use a generative adversarial network to create realis-
tic headshots of people and then manipulate their femininity independently of other attri-
butes such as pose, general facial expression, background, hairstyle, and clothes. Then, we
devise an experimental design that allows us to identify the separate and combined causal
impact of femininity and gender identity (proxied by gender pronouns) on real-life out-
comes. In a field experiment within a naturalistic advertising environment, we find that
prospective customers of an education company discriminated against femininity at vari-
ous stages of the purchase funnel to a largely similar extent for men, women, and nonbin-
ary people. The findings inform managers and policymakers of an important form of
discrimination that would otherwise be underestimated by disregarding headshots. Meth-
odologically, we introduce a novel framework for testing specific hypotheses pertaining to
causal effects of treatments that are derived from unstructured data. The approach
involves using natural text to readily identify hypothesis-relevant features from a genera-
tive Al model (in a particularly disentangled and interpretable representation space) and
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then creating realistic stimuli that vary controllably in those features.
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1. Introduction

Advances in Al enable us to more cleanly study how
differences in the femininity expressed in headshots
affect economic outcomes. Headshots are relevant in a
wide variety of consequential and marketing-relevant
settings such as hiring (e.g., Troncoso and Luo 2023),
elections (Olivola and Todorov 2010), sharing econo-
mies (Zhang et al. 2025), and advertising (Xiao and
Ding 2014); and more broadly in any context involving
spokespeople, such as influencer marketing (Feng et al.
2025). Accordingly, headshots are pervasive in the digi-
tal economy. For example, headshots are prominently
featured on LinkedIn and other social networks, appear
in the news when a politician or manager is being dis-
cussed, and are often included in corporate websites
and online marketplaces. Given their ubiquity, it is
important to study whether and how discrimination

occurs through headshots. When it comes to discrimi-
nation, headshot features that tend to be stable are both
particularly pernicious as well as challenging to study,
such as femininity. Unlike with hairstyle, clothes, and
facial expression, we are unable to bring participants
into a laboratory and alter their femininity in a consis-
tent way. Furthermore, many headshot features may
correlate with femininity (the latent treatment of inter-
est), potentially influence the outcome, and be unobser-
vable to the researcher. Therefore, it becomes difficult
to identify the causal impact of only femininity on out-
comes of interest using observational data because of
latent omitted variable bias (Fong and Grimmer 2023).
To resolve the challenge of studying the causal
impact of femininity on market-relevant outcomes, we
use particularly disentangled representations from
deep generative models to controllably produce a
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realistic set of stimuli that vary only on femininity,
seeking to keep all other attributes of the headshot such
as pose, general facial expression, background, hair-
style, and clothes constant. Our approach leverages
StyleGAN?2 (Karras et al. 2020), a generative adversarial
network (GAN) (see Online Appendix A), which is
capable of generating realistic images. StyleGAN2 has
a particular latent space with disentangled properties,
meaning that each latent dimension ideally controls
just a single visual attribute (Wu et al. 2021). We
adapted an approach to identify the relevant latent
dimensions in StyleGAN2 corresponding to feminin-
ity using natural text (e.g., a photo of a female face;
Patashnik et al. 2021). Because varying femininity may
also affect the inferences people make about a person’s
gender identity (see Online Appendix D.2.2), we
address this by devising a novel experimental design.
The design involves explicitly yet subtly attaching
gender pronouns (e.g., he/his, she/her, they/their) to
headshots, and this allows us to separately identify
the impact of femininity and gender identity (proxied
by gender pronouns) on outcomes of interest (see
Figure 1).

We apply our experimental design in a field experi-
ment (within a naturalistic advertising environment)
involving an online education service to assess impact
on customer behavior. Specifically, we advertise an
online tutoring company on Meta and experimentally
vary the femininity and gender pronouns of the tutor
featured on the company’s landing page. We address
the issue of algorithmic selection of ads in Meta A/B
tests (Braun et al. 2024) by applying the treatment to

Figure 1. Exemplar Stimuli Design

low femininity

he/his

they/their

she/her

medium femininity

the landing page rather than the ad itself, ensuring
unconfoundedness. We find that prospective custo-
mers discriminated against femininity to a largely simi-
lar extent for men, women, and nonbinary people.
Femininity main treatment effects are somewhat small
but meaningful in magnitude: relative to low feminin-
ity, high femininity significantly decreases the proba-
bility of various customer actions by 2.3%—4% in spite
of increasing the time spent on the website by 20.1
seconds.

Our study makes both substantive and methodologi-
cal contributions that we hope will benefit scholars,
managers, and policymakers across a wide range of
fields. On the substantive side, we contribute to our
understanding of discrimination, stigmatization, and
inequities in marketplaces (e.g., Busse et al. 2017, Lam-
brecht and Tucker 2019, Proserpio et al. 2021, Ozturk
et al. 2024). We hope our research can spur managers
and policymakers to consider effective interventions.
To note, in many cases, gender-blind and headshot-
blind policies automatically address femininity bias
because femininity is an attribute derived from head-
shots. Still, to the extent they are generalizable to other
types of interactions with faces, we believe our findings
have practical implications for the numerous face-to-
face contexts in which blind policies are impossible or
uncommon (e.g., face-to-face job interviews, real estate
negotiations, venture capital pitches). In such contexts,
the policy prescriptions to mitigate such discrimination
are then a matter of framing (e.g., emphasizing creden-
tials; Cui et al. 2020) or education (Paluck et al. 2021). In
particular, gender-related antibias education could

she/her

i

i

high femininity

Notes. Comparing along diagonals (indicated by arrows) identifies the impact of femininity, keeping the gender identity of the person constant.
Comparing along the middle column (indicated by the gray rectangle) identifies the impact of gender identity, keeping the femininity of the per-

son constant.
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emphasize how femininity is an often neglected channel
(relative to gender identity) through which people may
(un)wittingly discriminate. This is valuable because, for
example, even if employers are aware of and address dis-
crimination on the basis of gender identity, they may still
differentially treat candidates unfairly of the same gender
identity based on their femininity. Disregarding feminin-
ity in such contexts, thus, underestimates the extent of
gender-based discrimination.

Methodologically, we develop a novel framework
for testing specific hypotheses related to causal effects
of latent treatments derived from unstructured data.
The approach involves using natural text to readily
identify features from a generative Al model (in a parti-
cularly disentangled representation space) that are rele-
vant to some interpretable hypothesis of interest and
then creating realistic stimuli that vary controllably in
those features. More broadly, we believe this concep-
tual approach presents a rich set of opportunities for
computational social science. Namely, researchers can
use similar methodological approaches to experimen-
tally identify the impact of a variety of latent treatments
derived from text (e.g., reviews, political appeals,
news/social media), images (e.g., product photos,
political ads, urban/rural imagery), audio (e.g., service
calls, political speeches, executive statements), and
video.

2. Literature Review

We contribute to three streams of literature. First, we
contribute to the literature on gender-based discrimi-
nation. Using correspondence studies, gender dis-
crimination (based solely on names or pronouns) is
documented in lending (Brock and De Haas 2023), aca-
demia (e.g., Milkman et al. 2015), sales (Kelley et al.
2026), and labor markets (e.g., Chan and Wang 2018,
Kline et al. 2022). This literature, by omitting head-
shots, may underestimate the extent of gender-based
discrimination. A separate literature, predominately
from psychology, studies solely femininity (e.g., Per-
rett et al. 1998, Zietsch et al. 2015, Athey et al. 2025).
The extant literature has been unable to reach clear
conclusions as to whether and how people discrimi-
nate based on femininity. Normative beliefs about
appearance may lead people to negatively evaluate
counter-stereotypical faces (Sutherland et al. 2015, Oh
et al. 2020). Alternatively, discriminatory behavior
may be influenced by positive or negative gender
stereotypes (Heilman et al. 2024), which may be
exacerbated for feminine women. Regardless of gen-
der identity, people may also discriminate against
femininity because of a tendency to perceive feminine
faces as less competent (Oh et al. 2019) or favor femi-
ninity because of a tendency to perceive feminine
faces as more attractive, warm, honest, and cooperative

(Perrett et al. 1998, Said and Todorov 2011). Because of
these competing predictions, this research serves to
explore how femininity in headshots impacts discrimi-
natory behavior rather than a study testing any particu-
lar direction of effects (i.e., we test the null hypothesis
that there is no discrimination based on femininity
expressed in headshots without making an explicit pre-
diction as to whether the null hypothesis is correct).
Additionally, in these literatures, gender identity is
not considered separately from femininity, which we
believe to be a significant gap; regardless of how femi-
nine a person looks, the person may identify as a man,
woman, or nonbinary person. Thus, to the best of our
knowledge, we are the first to identify (i) the partial
effect of femininity accounting for gender pronouns
and (ii) their interaction effect. Furthermore, extant lit-
erature on femininity generally considers more psycho-
logical constructs or stated preferences as outcomes
(e.g., Perrett et al. 1998, Scott et al. 2014, Zietsch et al.
2015). Athey et al. (2025) consider the impact of femi-
ninity (jointly with gender identity) on real-life out-
comes (i.e.,, preferences for loan campaigns) with
observational data and laboratory studies without run-
ning a field experiment. Thus, to the best of our knowl-
edge, we are the first in the literature to conduct a field
experiment that studies the impact of femininity on
real-life outcomes.

Second, we contribute to the literature on using com-
putational methods to controllably generate stimuli
that vary on interpretable attributes (i.e., controllable
stimuli generation). The psychology literature studying
femininity often does so using face morphing technolo-
gies such as FaceGen Modeller (e.g., Said and Todorov
2011, Nakamura and Watanabe 2020) or Psychomorph
(e.g., Scott et al. 2014, Zietsch et al. 2015), which are
either unable to generate realistic headshots (see Online
Figures S1 and S2a) or cannot markedly change femi-
ninity (see Online Figures S2b and S2¢) without intro-
ducing confounding (e.g.,, DeBruine et al. 2010),
making them unsuitable for our application in the field.
More recently, Al methods based on variational auto-
encoders (VAEs) have been leveraged for controllable
stimuli generation (Dew et al. 2022, Sisodia et al. 2025).
Unfortunately, we cannot leverage these methods
because VAEs are unable to produce photorealistic
stimuli, and this would limit the generalizability of any
findings to real people. GANs have been used to
manipulate headshots by perceived attributes (Peter-
son et al. 2022), demographics and facial expression
(Liang et al. 2023, Athey et al. 2025), and predicted
detainability of defendants (Ludwig and Mullainathan
2024). The generative methods in these papers can pro-
duce realistic headshots but struggle to completely iso-
late variation in particular attributes (e.g., see Online
Figures S3 to S5). Our approach improves on isolating
variation on specific attributes as we manipulate
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stimuli using an unconventional and particularly dis-
entangled choice of latent representation. We further
contrast our work with Ludwig and Mullainathan
(2024). They morph mugshots generated by a Style-
GAN2 model by varying their predicted detention
probability to generate hypotheses about what visual
attributes influence detention likelihood. Being inter-
ested in hypothesis generation, Ludwig and Mullai-
nathan (2024) are not particularly concerned with the
detention decision being driven by (and, therefore, the
headshot stimuli varying along) multiple confounded
latent attributes of the mugshot (see Online Figure
S6b). In contrast, our approach involves generating
stimuli to test specific hypotheses (e.g., how does femi-
ninity impact discriminatory behavior). Thus, we
designed our methodological approach to create stim-
uli that isolate variation specifically on the latent attri-
bute of interest (e.g., femininity). Furthermore, the
Ludwig and Mullainathan (2024) approach relies on
the availability of a large sample of labeled images
(e.g., by detention decision). In contrast, our approach
allows the researcher to simply specify the attribute of
interest (e.g., femininity) using natural text to automati-
cally identify the relevant latent dimensions to be
manipulated.

Third, we contribute to the literature on field experi-
mentation with images. Such experiments have been
run in the context of labor markets (e.g., Evsyukova
et al. 2025), online marketplaces (e.g., Acquisti and
Fong 2020), and advertising (e.g., Lambrecht and
Tucker 2013). We propose an approach leveraging gen-
erative Al to more cleanly identify effects of treatments
derived from images in experimental settings. Namely,
we use particularly disentangled representations from
deep generative models to induce exogenous variation
in the latent treatment of interest, keeping constant
many if not all potential latent confounding attributes
(Fong and Grimmer 2023). In contrast to laboratory stud-
ies, field experiments are crucial for eliciting how such
treatments affect behavior in a way that reflects incentive-
compatible preferences and avoids response bias, espe-
cially on sensitive topics such as discrimination.

3. Generative Model Applied to
Hypothesis Testing

Popular and off-the-shelf generative Al tools such as
Dall-E 3 are not suitable for our particular application
(see Online Appendix D.3). Instead, to generate stimuli,
we leveraged a particular generative adversarial net-
work model (see Online Appendix A for an overview)
called StyleGAN2 (Karras et al. 2020), which was pre-
trained on a collection of 70,000 high-quality and rela-
tively diverse headshots from Flickr. This model is
capable of generating realistic headshots that are indistin-
guishable from real ones (Nightingale and Farid 2022).

The key features of StyleGAN?2 arise from the design of
its generator: the input vector z € R™? (in the latent
space Z) is nonlinearly transformed into an intermediate
vector w € R (in the latent space W). A synthesis net-
work generates images from w and is composed of a
sequence of style blocks, each capturing different levels
of abstraction. Earlier blocks control coarse-grained fea-
tures such as face shape and pose; middle blocks, fea-
tures such as facial expression and hairstyle; and later
blocks, fine-grained features such as color scheme and
microstructure. Each style block is a single convolutional
layer whose weights are scaled by style parameters s €
R”8 (in the latent space S), an affine transformation of
w learned for each block.

Of all the latent spaces in StyleGAN2, S is particu-
larly disentangled (i.e., composed of latent dimensions
that control distinct visual attributes; Wu et al. 2021).
To identify the dimensions that control femininity, we
use textual descriptions (e.g., a photo of a female face, a
photo of a male face) to query S with embeddings from
CLIP, a pretrained multimodal model that maps
images and text into the same representation space
(Patashnik et al. 2021; see Online Appendix C). Because
CLIP was trained on 400 million image-text pairs, it is
capable of connecting natural language to visual con-
cepts, such as the features that compose femininity
(which we verify with human raters in Online Appen-
dices D.2.3 and D.2.5).

To manipulate femininity, we directly intervene on
the relevant latent dimensions. In our context, feminin-
ity corresponds to just two latent disentangled dimen-
sions, which means that 9,086 other latent dimensions
(corresponding to attributes such as pose, general facial
expression, background, hairstyle, and clothes) are, by
construction, left unchanged when varying femininity.
Our unconventional choice of latent space S (rather
than Z or W) as well as intervening on just a few of its
latent dimensions allows us to more cleanly isolate var-
iation in femininity relative to prior literature (e.g.,
Scott et al. 2014, Athey et al. 2025) when generating our
stimuli.

We view our methodological approach as a general-
purpose tool that can be readily applied to other
contexts. For example, in Online Figure S7, we show
a stimulus headshot being manipulated on three
marketing-relevant attributes: charisma, attractiveness
(Feng et al. 2025), and smile (Zhang et al. 2025). In our
framework, leaving other steps unchanged, generating
such stimuli simply requires specifying the target attri-
bute using a short phrase (e.g., a photo of a charismatic
face; see Online Appendix C). To emphasize, the key
advantage of our methodological approach is that we
can readily identify using natural text which latent
dimensions correspond to some latent attribute (related
to a hypothesis of interest) and then perturb those
dimensions to generate realistic headshots that vary



Downloaded from informs.org by [216.73.216.237] on 11 September 2026, at 04:03 . For personal use only, al rights reserved.

Luo and Toubia: Frontiers: Discrimination in Headshots: Al-Enabled Stimuli

Marketing Science, Articles in Advance, pp. 1-13, © 2026 The Author(s)

controllably in that attribute. As off-the-shelf tools
improve, they may also allow researchers to generate
realistic images that vary along latent attributes of
interest. Nevertheless, our approach still offers trans-
parency, interpretability, and the ability to quantifiably
control the intensity of the manipulation, which may
not be possible with text-based prompting.

To note, there are some boundaries to the current
implementation of our methodological approach when
applied to headshots. First, the training data used for
our StyleGAN2 model is not fully representative (e.g.,
composed of photos from before 2019 and biased
toward white people; see Online Figure S8a). Thus,
attributes specific to more recent trends or underrepre-
sented groups may not have been properly learned,
limiting the ability of our implementation to identify
such attributes. Second, CLIP must be capable of con-
necting the natural text description of the hypothesis-
relevant attribute to the image, and this may limit the
identification of certain niche or domain-specific attri-
butes. Third, because of limitations in its architecture
and/or training process, StyleGAN2 may occasionally
produce images with unrealistic properties (e.g., unnat-
ural distortions or unrealistic objects in the headshot
background). Fourth, in general (and beyond head-
shots), GAN’s are better suited for modeling relatively
homogeneous data distributions (e.g., headshots) but
struggle with highly diverse distributions (e.g., display
ads) because of mode collapse, and this hinders their
ability to learn rich and exhaustive features in such
contexts.

4. Field Experiment

4.1. Experimental Setting and Design

We assess the impact of femininity and gender pro-
nouns on real-life outcomes in an educational setting
(preregistered using AsPredicted, #166345).1 To do so,
we created an online tutoring website, advertised
through Meta to users who were located in the United
States, were at least 18 years old, and spoke English.”
We recruited participants through this Meta ad cam-
paign, which ran for 50 days (March 15-May 4, 2024).
The campaign achieved 468,941 impressions (i.e., num-
ber of times the ad was on screen for the first time) and
reached 238,702 unique user accounts who saw the ad
at least once (Mage ~ 55.6; 65% women, 35% men; 95%
Facebook, 5% Instagram; 99.8% mobile, 0.2% PC). The
ad itself was generic, was identical in content across all
impressions, and did not contain any headshots or gen-
der pronouns.

Upon clicking the ad, participants (N =2,880
defined at the persistent cookie level;? Mage ~ 58.2;
63% women, 37% men; 97% Facebook, 3% Instagram;
100% mobile) were directed to a website we developed
that randomly assigned participants to 1 of 20 conditions

(5 headshot-pronoun pairings X 4 synthetic identities) in
a between-subjects design. We present randomization
checks in Section 4.4.

Each condition involved displaying a potential tutor
profile with a headshot and a short description that
subtly disclosed gender pronouns (e.g., They could be
your tutor!) as well as some credentials to signal
similarly high-quality, observed productivity charac-
teristics (i.e., Ivy League graduate, relatively high
SAT/GRE scores, and a few years of teaching experi-
ence; the latter two were set to be the same within syn-
thetic identities and varied only slightly across
synthetic identities). Participants could then scroll
down (reflecting some interest in the program) and
decide whether to click “Learn More” (which redir-
ected to more information about the company, reflect-
ing even greater interest in the program) and to click
“Get in Touch” (which redirected to a short survey,
reflecting desire and intention to sign up). Each of these
decisions reflects the consumer journeying further
down the purchase funnel, respectively. We also
recorded a measure for how long consumers spent on
the website, reflecting overall engagement. We con-
sider scrolling down (to the bottom of the homepage),
clicking “Get in Touch,” clicking “Learn More,” and
time spent on the website (in seconds) as our preregis-
tered dependent variables of interest.* All participants
complied with treatment because, upon clicking, the
headshot and at least three mentions of the gender pro-
noun were immediately visible on both mobile and PC
(see Figure 2). See Online Appendix F.1 for details.

Note that we did not use Meta A/B testing tools
because its algorithms optimize campaigns over time
so that different users are eventually targeted across
conditions, violating internal validity (Braun et al.
2024). Moreover, in doing so, these algorithms could
propagate detrimental gender biases (Lambrecht and
Tucker 2019). Instead, our design allowed us to fully
control random assignment across conditions and
ensure unconfoundedness. Thus, even within natural-
istic advertising environments, our design presents a
means to identify valid, stimuli-relevant treatment
effects. In doing so, we most notably trade off with sta-
tistical power concerns (because participants are deter-
mined conditional on clicking and ad click-through
rates are generally low, 0.69% in our campaign) and
generalizability (because our sample is limited to those
who decide to click on the initial ad).

4.2. Stimuli Generation

4.2.1. Initial Set of Headshots. We generate 20 syn-
thetic identities, balanced equally by baseline perceived
gender (man, woman) and race (White, Black), using
StyleGAN?2. For each synthetic identity, we create three
versions: one baseline image and two manipulated ver-
sions. For baseline perceived men (women), we use our
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Figure 2. Examples of Website (Immediately Upon Loading)

(a) Mobile
ivyleavestutoring.com i}

HOME CONTACT

Tutoring by Ivy League grads.
Elevate your learning now!
Hella! We are an industrious and newly-formed

team of Ivy League graduates dedicated tc
providing affordable tutaring services for any of
your learning needs. One-on-one sessions
opening soon!

MEET A TUTOR
They could be your tutor!

They are an Ivy League graduate (SAT 1500,
GRE: 325) and an experienced tutor with 7
years of teaching experience. They are
passionate abault tutoring and can adapt to
any of your learming needs and goals. Get in

methodological approach to manipulate the generated
image by increasing (decreasing) the values of the dis-
entangled latent dimensions relevant to femininity by
one as well as two standard deviations. Therefore, in
our initial set, we have 60 headshots in total (see Online
Appendix D.1).

4.2.2. Headshot-Pronoun Pairings. For each synthetic
identity, we pair the headshot with lowest femininity
with the gender pronouns he/his and the headshot
with highest femininity with she/her. For the headshot
with medium femininity, we create three versions
(using the same exact image), each of which is paired
with different gender pronouns: he/his, she/her, or
they/their. This fractional factorial design efficiently
permits (separate) identification of the impact of femi-
ninity and gender identity, proxied by gender pro-
nouns, on outcomes of interest. See Figure 1 for
intuition. Femininity and pronoun interaction effects
are identified by variation in femininity across syn-
thetic identities.

4.2.3. Femininity Scores. Although we could use the
femininity score derived from our generative model in
subsequent analyses (e.g., regressing market outcomes
on femininity), to ensure ecological validity, we mea-
sure the femininity of each image using participants
from Amazon Mechanical Turk (N =317; Mg = 34.8,
SD,ge =10.3; 175 men, 142 women). This preregistered
study (AsPredicted, #119258) was a within-subject
design, in which each participant saw all 60 headshots
in counterbalanced order. Participants rated each head-
shot on appearance on a continuous scale (with anchors
at —1: extremely masculine, 0: androgynous, 1: extremely

OME CONTACT

Tutoring by Ivy League grads.
Elevate your learning now!

Hello! We are an industrious and newly-formed team of Ivy League graduates
dedicated to providing affordable tutoring services for any of your learning

needs. One-on-one sessions apening soon!

MEET A TUTOR

She could be your tutor!

She is an Ivy League graduate (SAT 1510, GRE: 324) and an
experienced tutor with 5 years of teaching experience. She is
passionate about tutoring and can adapt to any of your learning needs
and goals. Get in touch now to join our mailing list and find out when
she will be available!

feminine).” We take the average of these ratings to
extract a continuous femininity score for each headshot.
We discuss details such as validating the full stimuli set
in Online Appendices D.2.1 and D.2.2. We find that this
measure of femininity is consistent with the measure
from our generative model (see Online Appendix
D.2.3). See Online Figure S10a for the distribution of
femininity across all stimuli.

4.2.4. Stimuli Selection by Psychological Percep-
tions. In an exploratory laboratory study (AsPredicted,
#119290), we estimate the impact of femininity and gen-
der pronouns on context-independent, self-reported
perceptions of trustworthiness and competence (see
Online Appendix E). We do so in part to briefly speak
to the extant psychology literature on how faces affect
such perceptions (Todorov et al. 2015) as well as to
explore whether our visually subtle manipulations
affect any outcomes at all. In short, we find that femi-
ninity increased self-reported perceptions of trustwor-
thiness and competence for all gender pronouns
considered. These findings differ from prior literature
(Sutherland et al. 2015; Oh et al. 2019, 2020), perhaps
because of how our femininity effects control for gen-
der pronouns; our unique approach to generating and
manipulating stimuli (see Section 2); and/or our more
recent and perhaps more progressive sample.

We also use this study to select four synthetic identi-
ties for the field experiment; for budget reasons, it was
infeasible for us to run a well-powered experiment
with all 20 synthetic identities. We selected one syn-
thetic identity within each baseline perceived gender
and race category with relatively high average per-
ceived trustworthiness (to increase the likelihood that
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Figure 3. Full Set of Headshot and Pronoun Pairings Used in Field Experiment

low femininity

medium femininity

he/his

she/her

high femininity

Notes. Circles on the top left of each headshot denote to which discretized femininity tertile (see Section 5.1) that headshot belongs. Blue repre-

sents the low femininity tertile; orange, medium; and green, high.

consumers perceive our education company and
employees to be legitimate) and a markedly significant
difference in means of perceived competence (to select
for cases in which we expect treatment effects to be
larger; see Online Appendix E.3). We display all stimuli
corresponding to the 20 conditions used in the field
experiment in Figure 3.

4.2.5. Manipulation Checks. We assess to what extent
our controllable stimuli generation process isolates var-
iation along femininity. From heat maps (see Online
Figure S12), our manipulations appear to primarily
involve changing the eyebrows as well as subtler fea-
tures such as the shape of the mouth, eyes, and jawline,
which human participants also observe in a preregis-
tered study (AsPredicted, #162310) with closed-ended
questions (see Online Appendix D.2.5).

To investigate further, specifically on the four syn-
thetic identities selected for the field experiment, we
asked participants from Prolific (N =72; Mg =41.5,
SDgage =12.7; 52 women, 20 men) to describe open-
endedly how the three headshots within a synthetic
identity (displayed side by side) differ for all four syn-
thetic identities in counterbalanced order (see Online
Appendix D.2.5 for details). Descriptions from this pre-
registered study (AsPredicted, #220148) suggest that
many observed differences relate to femininity (e.g.,
eyebrows, skin, chin/jaw, eyes, nose, and lips). How-
ever, participants also note changes in five other attri-
butes, which we treat as potential latent confounders:
makeup, facial hair, earrings, smile, and age. We view

those attributes as latent confounders because they are
not inherently features of femininity and are not rela-
tively stable attributes apart from age.

4.2.6. Measuring Potential Latent Confounders. We
measure scores for the five potential latent confounders
identified in the previous section (makeup, facial hair,
earrings, smile, age) to control for them in subsequent
regressions. In a preregistered study (AsPredicted,
#221255; see Online Appendix D.2.5 for details), using
continuous scales, we ask participants from Amazon
Mechanical Turk (N = 308; Mage = 32.1, SDjge = 6.2; 250
men, 58 women) the extent to which each headshot
(among the 12 headshots selected for the field experi-
ment in counterbalanced order) has makeup (e.g., mas-
cara, lipstick), facial hair (e.g., mustache, beard,
sideburns), earrings, and a smile (with anchors at —1:
not at all, —0.5: slight, 0: moderate, 0.5: considerable, 1:
extreme) as well as how old each face looks (with
anchors at —1: very young, —0.5: somewhat young, 0:
middle-aged, 0.5: somewhat old, 1: very old). We take the
average of these ratings to extract a continuous score
for each of the five potential latent confounders for
each headshot.

4.3. Summary Statistics

Table 1 displays summary statistics for the continuous
femininity score, psychological perceptions, and poten-
tial latent confounders (at the headshot level) as well as
outcome variables (at the observation level).
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Table 1. Summary Statistics for Field Experiment

Mean Standard deviation Minimum Median Maximum N
Headshot level
Femininity score 0.24 0.42 —0.47 0.37 0.70 12
Perceived trustworthiness 0.39 0.09 0.22 0.39 0.54 12
Perceived competence 0.43 0.08 0.28 0.43 0.56 12
Perceived makeup 0.11 0.11 —0.08 0.10 0.31 12
Perceived facial hair —-0.11 0.08 —-0.20 —-0.14 0.10 12
Perceived earrings —0.08 0.17 -0.22 -0.19 0.25 12
Perceived smile 0.46 0.06 0.34 0.48 0.52 12
Perceived age —0.02 0.09 —0.10 —0.05 0.13 12
Observation level
Whether scrolled to bottom 0.02 0.15 0 0 1 2,880
Whether clicked “Learn More” 0.01 0.10 0 0 1 2,880
Whether clicked “Get in Touch” 0.01 0.09 0 0 1 2,880
Time on site, s 1.51 30.42 0.00 0.00 1,527.69 2,879

Note. Deviating from preregistration, only for time on site, we removed one extreme outlier from all analyses, which had a value of 50,419.73

seconds.

4.4. Randomization Checks

Testing balanced treatment assignment, we fail to reject
the null hypothesis at the a=10% level that the
observed frequency of participants in each condition is
the same as the expected frequency under perfectly bal-
anced treatment assignment (i.e., 144 participants in
each condition), x?(19) = 26.42, p = 0.12. Next, we con-
duct randomization checks for the only individual-level
information we were able to collect from the field exper-
iment: browser type (Apple WebKit, Chrome, Edge,
Facebook, Safari) and whether the consumer was
browsing on mobile. We find no significant association
at the & = 10% level between treatment assignment and
both the browser type, x2(76) = 82.82, p=0.28, and
whether the consumer was browsing on mobile,
X?(19) =13.45,p = 0.81.

5. Empirical Analyses

5.1. Model-Free Evidence

In Figure 4, we display model-free evidence focusing on
the primary hypothesis of interest (how femininity in
headshots impacts discriminatory behavior). We include
conditional means of outcomes by two different discreti-
zations of femininity, at the headshot level: median split
and tertiles. Each femininity median split (below
€[—0.48, 0.33], above € [0.40, 0.70]) corresponds to six
headshots. Each femininity tertile (low € [-0.48, — 0.10],
medium € [0.31, 0.49], high € [0.56, 0.70]) corresponds
to four headshots. Results are overall estimated impre-
cisely although the pattern of means across both discreti-
zations suggests that consumers discriminate against
femininity for all stages of the purchase funnel consid-
ered despite spending comparable amounts of time on
the platform across different levels of femininity. Because
these results do not account for potential latent confoun-
ders or include covariates to improve precision, we turn
to model-based evidence using a regression.

5.2. Model-Based Evidence

To describe notation, each observation corresponds to a
participant i who sees headshot & (belonging to syn-
thetic identity k) paired with pronoun p. We estimate
the following main ordinary least squares (OLS) regres-
sion specification® with robust standard errors clus-
tered by synthetic identity:”

DV, = a- Fem(ininity) Tertile;, +4s - Controls;, + 7y + &jpp-
ey

We discretize the continuous femininity measure into
tertiles to allow for nonparametric treatment effects
(e.g., instead of assuming a linear functional form) and
to reduce measurement error (see Online Appendix
D.2.4).° We use Controls;, to further control for the
other potential confounders discovered in Section 4.2.5
(i.e., makeup, facial hair, earrings, smile, and age) that
vary within synthetic identities. We also control for
perceived trustworthiness (operationalized as headshot-
level averages using ratings from Section 4.2.4) to distin-
guish the effect of femininity from trustworthiness.” As
preregistered, the fixed effect vy, is included as a covariate
to improve precision. Some synthetic identities do not
span all three tertiles (see Figure 3), in which case those
synthetic identities are only relevant for certain feminin-
ity treatment comparisons (e.g., only low versus medium;
see Online Appendix D.2.4).

The full OLS regression specification also involves
gender pronouns:

DVj,, = a - Fem(ininity) Tertile, + 8 - Pronoun,
+ 6 - Fem Tertile, X Pronoun,
+¥s- Controls;, + v, + &jpp. (2)

We consider medium femininity and “he” pronouns as
baselines.
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Figure 4. Means of Outcomes by Femininity Discretizations
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Notes. Error bars represent 95% confidence intervals, which are computed by Wilson score intervals for binary outcomes and by bias-corrected
and accelerated bootstrap for continuous outcomes (using 5,000 resamples). Unconditional means are included as gray dotted lines.

We report regression results in Table 2. As short-
hand, we refer to “he” pronouns as male tutors, “she”
pronouns as female tutors, and “they” pronouns as
nonbinary tutors. To note when interpreting results,
discrimination occurs when “members of a minority
group ... are treated differentially (less favorably) than
members of a majority group with otherwise identical
characteristics in similar circumstances” (Bertrand and
Duflo 2017, p. 310). In our context, discrimination may
occur if consumers decline to interact with the education
service upon seeing a tutor who scores high on femininity
but not a tutor who scores low on this measure despite
those tutors having identical qualifications and looking
otherwise identical. This discrimination may occur, for
example, because of a pure distaste for interacting with
such tutors (Bertrand and Duflo 2017) or because of
beliefs (whether accurate or not) about average group dif-
ferences in unobserved productivity (e.g., teaching skills,
abilities to create rapport) (Coffman et al. 2021).

In terms of main effects (reflecting Equation (1)), fem-
ininity significantly decreased the probability of scrol-
ling (to the bottom of the homepage), clicking “Learn
More,” and clicking “Get in Touch,” considering both
high relative to medium femininity and medium rela-
tive to low femininity (columns (1), (3), and (5)). Such
discrimination occurs even though consumers spend
significantly more time on the platform as femininity
increases, considering both high relative to medium
femininity and medium relative to low femininity (col-
umn (7)). These effects are somewhat small but mean-
ingful in magnitude: relative to low femininity, high

femininity significantly decreases the probability of
scrolling by 4%, clicking “Learn More” by 2.3%, and
clicking “Get in Touch” by 2.9% (such that treatment
effect sizes generally diminish with purchase funnel
depth) and significantly increases time spent on the
platform by 20.1 seconds. Although corresponding R*
values are low (columns (1), (3), (5), and (7)), the
improvement in variation explained relative to specifi-
cations using only controls (see Online Table S5, columns
(1), 3), (5), and (7)) is on par with the improvement for
specifications that just adds gender pronouns (see
Online Table S5; columns (2), (4), (6), and (8)). This sug-
gests that, benchmarked against gender pronouns,
femininity explains variation in behavior to a compara-
ble (albeit smaller) degree.

We now turn to the Equation (2) specification. For
male tutors, relative to medium femininity, high femi-
ninity (i.e., High Fem Tertile main effects) significantly
decreased the probability of clicking “Learn More”
(column (4)); effects are directionally consistent but not
significant for scrolling (column (2)) and clicking “Get
in Touch” (column (6)). For male tutors, relative to
medium femininity, low femininity (i.e., Low Fem Ter-
tile main effects) significantly increased the probability
of scrolling (column (2)) and clicking “Get in Touch”
(column (6)); effects are directionally consistent but not
significant for clicking “Learn More” (column (4)).
These findings contrast with prior (laboratory-based)
psychology literature (Sutherland et al. 2015), which
finds that counter-stereotypical male faces were not
negatively evaluated.
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Table 2. Impact of Femininity Tertiles and Gender Pronouns on Real-Life Outcomes (OLS)

Scrolling to bottom

Clicking “Learn More”

Clicking “Get in Touch” Time on site, s

) 2 ®)

(4) 5) (6) ) ®)

Low Fem(ininity) Tertile 0.006*** 0.038* 0.015*** 0.016 0.018*** 0.034*** —6.65%** 1.30%**
(35x107™)  (0.009) (9.19x107°)  (0.009)  (1.22x107™)  (0.001) (1.87x107') (0.091)
High Fem Tertile —0.034*** —0.046 —0.008*** —0.005** —0.010%** —0.018 13.5%%* 15.0%**
(1.11x107%)  (0.017) (236x107™) (0.0008) (227 x107%)  (0.010) (5.41x107) (0.336)
She —0.011* —0.007 0.003 —0.004
(0.002) (0.005) (0.003) (0.017)
They 0.0004 —0.011 0.009 —0.002
(0.024) (0.008) (0.008) (0.397)
Low Fem Tertile X She —0.033*** —0.008 —0.006 —1.14***
(0.002) (0.005) (0.003) (0.017)
Low Fem Tertile X They —0.045 —0.012 —0.005 —2.07*
(0.024) (0.008) (0.008) (0.397)
High Fem Tertile x She 0.0002 0.008 —0.009* —8.84***
(0.002) (0.005) (0.003) (0.017)
High Fem Tertile x They —0.001 0.013 —0.008 —9.05***
(0.024) (0.008) (0.008) (0.397)
Synthetic Identity fixed effects v v v v v v v v
Perceived makeup control 4 v 4 4 4 4 v v
Perceived facial hair control v v v v v v v v
Perceived earrings control v v 4 4 v 4 v v
Perceived smile control v v v v v v v v
Perceived age control v v v v v v v v
Perceived trustworthiness v v v v v v v v
control
Observations 2,880 2,880 2,880 2,880 2,880 2,880 2,879 2,879
R? 0.004 0.007 0.004 0.006 0.004 0.005 0.002 0.005
Within R? 0.002 0.006 0.001 0.003 0.002 0.003 0.001 0.005

Note. Robust standard errors clustered by synthetic identity are reported in parentheses.

*p < 0.05;*p < 0.01; **p < 0.001.

For female tutors, the negative effects of high femi-
ninity become significant for scrolling and clicking
“Get in Touch” (see Online Appendix F.3). For female
tutors, the positive effects of low femininity become
insignificant for scrolling (but are directionally consis-
tent), become significant for clicking “Learn More” and
remain significant for clicking “Get in Touch” (see
Online Appendix F.3). These findings contrast with
Sutherland et al. (2015) and Oh et al. (2020), who find
that stereotypical female faces were more positively
evaluated.

For nonbinary tutors, the effects of high femininity
are not significant. For nonbinary tutors, the positive
effects of low femininity become significant for clicking
“Learn More” and remain significant for clicking “Get
in Touch” (see Online Appendix F.3).

Altogether, these results suggest that consumers con-
sistently discriminate against femininity at various
stages of the purchase funnel to a largely similar extent
for men, women, and nonbinary people. These overall
findings contrast with prior psychology literature
based on laboratory studies (Perrett et al. 1998, Said
and Todorov 2011) and our own laboratory studies
(in which we find that femininity significantly in-
creased self-reported perceptions of trustworthiness

and competence for all gender pronouns considered).
In part, this discrepancy may demonstrate how perni-
cious discrimination can be: people can express certain
views in surveys yet act with prejudice in consequential
settings. Despite their high cost and logistical complex-
ity, field experiments are useful for shedding more
light on such effects.

Furthermore, high femininity significantly increased
time spent on the platform for male tutors relative to
medium (column (8), High Fem Tertile main effect) and
low femininity (see Online Appendix F.3). This pattern
of results persists for female and nonbinary tutors (see
Online Appendix F.3). Altogether, these findings sug-
gest that consumers take the longest when considering
tutors with high femininity (for male, female, and non-
binary tutors) and, even so, discriminate against them.

Finally, although treatment effects seem predomi-
nately related to femininity, consumers still attend to
gender pronouns. For example, among tutors with
medium femininity, female tutors are discriminated
against in terms of scrolling relative to male tutors (col-
umn (2), “she” main effect), an effect that disappears
with the metrics further down the purchase funnel.

To note, we find evidence of gender-based discrimi-
nation even though our sample was primarily female
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(63% women). As a caveat, we are unable to formally
investigate heterogeneous treatment effects with con-
sumer characteristics (e.g., to test homophily) because
Meta only provides aggregate, campaign-level infor-
mation. Our results may be driven by a general bias to
perceive feminine faces as less competent (Oh et al.
2019) as well as gender stereotypes (Coffman et al.
2021, Heilman et al. 2024), conscious prejudices (Becker
1957), and /or unconscious biases (Bertrand et al. 2005)
that may exist in our specific online tutoring context.
These findings pose important considerations for equal
opportunity of workers in labor markets. Namely,
worker characteristics such as gender pronouns and
femininity (even involving overall subtle and minimal
visual changes) that are orthogonal to one’s qualifica-
tions and relatively stable over time can lead to discrim-
ination. This could substantially decrease, for example,
feminine workers’” demand and, thus, productivity,
leading managers to be less likely to retain and hire
such workers and, thus, promote further employment
discrimination (Kelley et al. 2026).

6. Discussion

Characterizing gender discrimination in society and
marketplaces is crucial for welfare, equitability, and
legal considerations. This research, by leveraging meth-
odologies and approaches at the nexus of marketing,
computer science, political science, economics, and
psychology, explores an understudied form of gender
discrimination through femininity and its interaction
with gender identity (proxied by gender pronouns).
Future research should assess its prevalence in other sub-
stantive and cultural contexts,'’ further refine our under-
standing of the headshot features that drive femininity
effects, and design effective policy solutions. Interven-
tions may involve initially concealing information in
marketplaces such as headshots and gender pronouns
(that are later revealed) to place more emphasis on credi-
ble qualifications (e.g., reviews; Cui et al. 2020) during
the consideration stage, “extended and imagined con-
tact” (Paluck et al. 2021, p. 547) by encouraging consu-
mers to envision positive interactions with service
providers, and antibias education or diversity training
for consumers while noting limitations in their empirical
efficacy (Paluck et al. 2021).

We view our methodological approach as a general-
purpose tool that can be used to address a variety of other
research questions involving latent treatment effects. One
could study discrimination, implicit associations, algo-
rithmic bias, or how spokespeople/influencers affect
brand impressions along a variety of other headshot attri-
butes (e.g., charisma, attractiveness, smile; see Online
Figure S7). More broadly, controllable stimuli generation
can be applied to other unstructured data contexts. Speci-
fic examples include assessing the impact of image and

text attributes in the packaging of vice products such as
processed snacks on consumer preferences; of accents or
emotional tones of medical Al assistants on drug adop-
tion; and of decreasing toxicity in social media posts
(political marketing messages) on well-being (word of
mouth).

This research presents a few limitations. First, our
approach necessitates an experimental design which
requires laboratory studies (that may entail some degree
of response bias) or costly field experiments such as the
one we report. Second, deep generative models capable
of manipulating latent treatments with high fidelity
(e.g., GANSs, diffusion models, normalizing flows) are
typically black box and, thus, not well understood.
Third, controllable stimuli generation may also change
imperceptible latent attributes (e.g., subtle adjustments
to the background) that affect the outcome. No latent
confounding is an ultimately untestable assumption
(Fong and Grimmer 2023) though we believe it to be
convincing in our analyses and plausibly numerous
others. At the very least, using our conceptual approach
to control for many, if not all, latent confounds is a sig-
nificant improvement over extant options. We envision
a fruitful line of research leveraging controllable stimuli
generation and experimentation across scientific disci-
plines that will be enriched by concurrent developments
in statistics and computer science.
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Endnotes

! This study was approved by the Columbia University institutional
review board (protocol number: AAAT4855). In particular, we
debriefed (with some delay in timing) all participants in pilots or
the main study who left an email, informing them that the tutoring
program does not exist.

2In designing the website, we made it similar to and conceptually
representative of the numerous other popular, general tutoring ser-
vices available online.

3 Although we use persistent cookies, participants are initially
determined at the Meta user account level. User accounts who
landed on the website (as determined by a Meta pixel we installed
on the page) were excluded from viewing the ad again.

4 We were unable to examine three preregistered dependent vari-
ables (i.e., willingness to pay, interest in service, and whether or not
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someone left an email) because no participant answered the survey
after clicking “Get in Touch.”

® We conceptualize femininity and masculinity as two ends of the
same continuum following prior psychology literature (e.g., Perrett
et al. 1998, Scott et al. 2014, Zietsch et al. 2015). Using two separate
scales for femininity and masculinity could be an interesting future
direction to operationalize this construct (as Hester et al. 2021 sug-
gest; to note, their key finding is the revelation of facial androgyny
as a consequence of using two scales, which we incorporate directly
as the labeled midpoint of our single scale).

© We deviate from preregistration by opting for a linear probability
model instead of assuming a logit functional form because only the
former is directly interpretable and unbiased for average treatment
effects. We thank an anonymous reviewer for this recommendation.

7 Clustering is motivated by a sampling mechanism (Abadie et al.
2023), in which the first stage selects clusters (i.e., synthetic identi-
ties) at random from an infinite population (mirroring how Style-
GAN2 mechanically produces synthetic identities by draws from a
Gaussian distribution), followed by a second stage of selecting units
(i.e., particular headshots) from the sampled clusters.

8 Results are largely consistent when using a more continuous mea-
sure of femininity (see Online Appendix F.4). We opt to discretize
irrespective of synthetic identity so as to be able to interpret femi-
ninity effects in absolute terms (see Online Appendix D.2.4)
although results are largely consistent when operationalizing femi-
ninity via treatment levels (see Online Appendix F.5).

® We deviate from preregistration by using femininity tertiles, con-
trolling for latent confounders, and controlling for perceived trust-
worthiness. We thank the reviewers for these improvements to our
specification.

1% To note, real workers may sort away from discriminating custo-
mers so that discrimination could be competed away in general
equilibrium (Becker 1957). Future research could potentially quan-
tify the amount of discrimination that happens by gender identity
and femininity to real, employed workers (Kelley et al. 2026).
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