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Executive Summary

A woman looking for a job, a loan, or medical care in the
United States now passes through Al systems at every
step. One Al system ranks her resume, another prices
her loan, and a third shapes what her doctor sees. A
free Al app can fabricate a deepfake sexual image of her
in minutes. Men pass through the same systems, to be
sure, yet these systems do not treat everyone the same.

Al systems are trained by their developers on the
records of a world that continues to disadvantage
women. They are built with defaults that no one
examined, such as a female voice for an Al assistant or a
male baseline for a patient. They are tested in ways too
narrow to show what the systems do to women.

Gender bias in Al has been widely documented. Taken
in isolation, these can seem like narrow failures in
particular tools. Taken together, they reveal a pattern
and a common source: Al systems are trained on

the data and records of a gender unequal world. The
systems reproduce stereotypes about women and men.
They present the results as objective scores, rankings,
or recommendations. They generate harmful images
and damaging conversations. And then, the Al systems
feed these biased results back into the data that future
systems learn from.

As a result, the cumulative toll of Al harms on women's
lives goes unseen, and the scale of the governance
failure is obscured with it.

Gender Equity Policy Institute’s How Al Fails Women:
When Bias Becomes Amplified brings that evidence
together. It reveals patterns in how gender inequality
shapes Al systems and how these systems perpetuate
and reproduce gender bias.
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As we show, four mechanisms recur wherever Al
systems make decisions about people:

B Al systems learn from an unequal past

B Al systems encode existing stereotypes
and generate gendered outputs

B Al systems make the bias harder to detect
by presenting output as objective

B Al systems amplify gender bias via feedback,
as biased output becomes part of the
data on which the next model trains

This report examines how these mechanisms
operate across six domains in which

Al already shapes women'’s lives: economic
opportunity, healthcare, criminal justice, Al
generated content and media, the design of
consumer Al, and image-based sexual abuse
enabled by Deepfake technology. Every domain
examined here shows these mechanisms at work.

Economic opportunity: Al systems can carry
gender bias into basic economic decisions: who
sees a job opening, who is screened for hiring, how
workers are managed, and what credit costs.

Healthcare: Al systems used in medicine reproduce
the gender biases already present in clinical
evidence and introduce biases of their own.

Criminal justice: Risk-assessment tools used

in sentencing and release were built and tested
primarily on men. Overstating women'’s risk, they
can lead to harsher punishment for women than
is warranted by their actual risk.

Al generated content and media: Al systems can
reproduce gender stereotypes in what they write
and the images they generate.

The design of Consumer Al: Some Al systems
have gender built in, and voice assistants and Al
companions are typically given women’'s names

and voices. They are designed to be deferential,
emotionally available, and compliant.

Image-based sexual abuse: Al image tools make
it easier to create sexual images of real women
without their consent. Face-swapping “deepfake”
methods and consumer “nudify” applications are
available to anyone with a phone, and the source
image can be any picture a woman posts online. In
documented cases, nine in ten victims of image-
based sexual abuse are women and eight in ten
perpetrators are men.

The domains examined here involve different
institutions, companies, and sectors of public

life. In all, the same pattern recurs, and as a result
women are mismeasured, misclassified, stereotyped,
sexualized, disadvantaged, or denied opportunity.

Because these mechanisms differ, so must

the responses. Some systems require more
representative data, others a change in what the
system is asked to predict, limits on where it is used,
independent testing, or sector-specific rules.

Gender bias in Al is structural. The supply chains
that build and distribute these systems remain
largely unaccountable for the harms that pass
through them. The law is moving against some

of the most publicized harms like image-based
sexual abuse, but policymakers have largely failed
to recognize or address the broader pattern of
gendered Al harms.

Our purpose here is to analyze, explain, and
document this structural problem. The case for
acting now rests on the accumulated harms. The
next report in Gender Equity Policy Institute’s series
on gender and Al will propose principles

for regulation and specific recommendations for
making gendered harm measurable, auditable,
contestable, and enforceable.
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The Bias Built In:

How Al Learns and Reproduces

Gender Inequality

The evidence that these systems can reproduce
gender inequality already exists. Artificial intelligence
systems shape decisions and representations that
bear directly on women'’s lives: who is shown a job
opening, how their resume is ranked, how work

is scheduled and paid, what credit costs, which
medical recommendation appears plausible, how
risk is scored in court, and what words, images,
voices, and companions are produced for public use.

Gender is one of the most consistent and best
documented lines along which two main types

of harm from Al systems occur: 1) allocative, in

the opportunities and services women receive or
are denied, and 2) representational, in how they

are depicted. A growing body of evidence shows
that these Al systems carry inequality into new
decisions and reproduce it at scale (Hall and Ellis
2023; Stanczak and Augenstein 2021; Sun et al. 2019;
Mehrabi et al. 2022; Varsha 2023).

Wherever Al systems make decisions about people,
four mechanisms recur. Every domain examined here
shows them at work.

One, Al systems learn from unequal histories.
Past hiring, lending, medical, and criminal-
justice records become the inputs for future
Al systems.

Two, Al systems encode stereotypes
centuries in the making. They associate
authority, competence, and technical
expertise with men, and care, domesticity,
sexual availability, and emotional service
with women.

Three, Al systems make the bias harder to
detect. They present the result as objective
output: a score, a ranking, a recommendation,
a classification.

Four, Al systems amplify what they have
learned, reproducing, reinforcing, and
perpetuating gender bias. Al generated
rankings, scores, recommendations, images,
and classifications feed back into the world
and become the data on which later Al
systems are trained.

GENDER EQUITY POLICY INSTITUTE



Before any of these processes begin,
gender bias can enter Al-enabled systems
through the teams that build them. The
workforce that develops Al systems is
overwhelmingly male. In profile data on

1.6 million Al professionals, women are

22 percent of the field and fewer than 14
percent of its senior executives

(Pal et al. 2024).

Teams lacking gender diversity or
expertise may be less likely to catch
missing data, gender proxies, or unequal
effects before a system is deployed.
Distortions can therefore pass into the
system unnoticed, as if they were
neutral patterns (Neely et al. 2023;
Nadeem et al. 2022).

Amplifies
via feedback

Biased output
trains the next

Learns from an
unequal past

Absorbs existing
inequality

model
How
gender biasis
reproduced
by Al
Generates
gendered
outputs
Encodes
stereotypes

Hides behind a
neutral facade

Output presented
as objective
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The Algorithmic Glass Ceiling:
How Al Shapes Women’s Jobs,
Wages, and Access to Credit

Across economic life, Al systems increasingly
shape women's standing at three main junctures:
who is considered for employment; how work is
monitored, priced, and rewarded; and who receives
credit or capital.

Al systems learn from unequal employment and
credit histories and infer gender through details
that indirectly signal it, such as education history

or previous positions. The model then treats those
details as measures of skill, risk, availability, or
profitability, and because its output appears neutral,
a score, a ranking, a price, the gendered pattern
surfaces only when the systems are audited.

Recruitment and Hiring

Al systems trained on the records of a gendered
and unequal job market operate at the two
earliest stages of hiring: job advertisements and
resume screening.

Algorithmic gatekeeping begins before anyone
applies for a job, in the advertising systems that
decide who sees a job opening in the first place.
Facebook’s delivery system sorted employment
ads by gender even when the advertiser did not
target a specific gender, sending ads for lumber-
industry jobs to an audience of roughly 90 percent
men and ads for supermarket-cashier positions

to an audience of roughly 85 percent women (Al
et al. 2019). The sorting matches the workforce

an employer already has, not the qualifications
specified for the job. Driver ads for Domino’s,
where 98 percent of drivers are men, reached
relatively more men than driver ads for Instacart,
where more than half are women. The same split
appeared in ads for software engineers at Nvidia
and Netflix and for salespeople at an auto dealership
and a jewelry retailer: in each case, the ad for the
company already employing more women reached
more women (Imana et al. 2021). Google’s algorithm
showed ads for a career-coaching service for

GENDER EQUITY POLICY INSTITUTE



executive positions paying over $200,000 a
total of 1,852 times to browser profiles whose
settings recorded them as men and 318 times to
otherwise identical profiles recorded as women
(Datta et al. 2014).

A person applying for a job then encounters a
second filter, the screening models themselves,
which parse, score, and rank applicants based on
their resumes. Few employers hold enough hiring
data to train such a tool, and most purchase an
already trained model. Either way, the models learn
from the records of a gendered job market: they
associate men with higher-paying and higher-
prestige work, and sort applicants along the gender
lines the market already draws (Raghavan and
Barocas 2019).

The lesson is hard to remove, once it is learned by an
Al system. Amazon edited the tool to ignore those
specific terms, but it could not guarantee the model
would not find other ways to reconstruct gender,
and the company subsequently ended the project
amid broader performance issues (Dastin 2022).

Non-generative tools, machine-learning models
trained on records of past applications and hiring
decisions, learn the bias in those records. The
pattern already shows in systems used across the
industry. The resume search-engines that recruiters
use on Indeed, Monster, and CareerBuilder ranked
men with the same listed qualifications above
women across 35 occupations, 20 US cities, and
some 855,000 candidate profiles. In 12 of the

35 occupations, the results consistently placed
men higher overall. None of the three sites asked
candidates for their gender or used it in ranking
them; the gap most likely entered through details
that stand in for gender (Chen et al. 2018).

Generative tools, built on large language models
trained on text from across the internet, reproduce

GENDER EQUITY POLICY INSTITUTE

the gendered associations of that data already
inside them. Three resume-matching models, given
identical resumes under names that signal gender
or race, ranked them differently. Across more than
three million comparisons in nine occupations,
the models preferred the resume with a name
associated with men in 519 percent of cases,
while selecting those associated with women in
11.1 percent of cases. The audit also showed racial
preferences; White names were favored in 85.1
percent of tests, compared to Black names

being favored in only 8.5 percent (Wilson and
Caliskan 2024).

Amazon developed an automated

resume scoring tool that was trained on
roughly a decade of applications submitted
to the company, a pool dominated by men
because the technology workforce is.

The tool penalized resumes containing the
word “women’s,” as in “women’s chess club
captain,” and downgraded graduates of two
all-women'’s colleges (Dastin 2022).

Even a slight gender signal can tip the outcome.
ChatGPT screened six invented, equally qualified
resumes for an account-manager role in a woman-
dominated field: three carried men's names

and wording to match, such as “confident” and
“competitive,” and three carried women'’s names
and words like “supportive” and “passionate.” Asked
fifty times to pick the best candidate, ChatGPT
picked a man every time. With the gendered words
removed and only the names left, it still picked a
man four out of five times. The preference for men
disappeared only when the names were hidden too
(Sivakaminathan and Musi 2026).



In another test with an engineering-field
role, the resume that won most often under
a man’s name was given a woman’s hame
instead, and its selections fell from thirteen
in fifty to three (Sivakaminathan and

Musi 2026).

Simply stripping resumes of gender variables does
not guarantee an unbiased screening. A 2025 audit
asked twelve language models to score resumes for
how well the candidate fit an occupation.

Several models showed no detectable gender
difference in scores whether a resume carried a
name of a man or a woman. But other demographic
details still moved the scores. GPT-3.5-turbo, for
example, penalized graduates of women's colleges

relative to other colleges. (Iso et al. 2025).
Therefore, testing a screening tool by changing a
man'’s name to a woman'’s name on an otherwise
identical resume cannot reveal whether the model
is responding to other signals of gender, such as

a college, a sorority, or a women'’s chess club. In
short, clean results do not necessarily mean the
model is fair; they may mean the test is inadequate.
Meanwhile, some vendors market their screening
systems as “debiased”—that is, blind to gender

and race (Drage and Mackereth 2022). In practice,
however, gender-blind screening often means
removing the obvious cues: names, pronouns,
phrases such as “women'’s chess club.” But gender
can also be signaled by work histories, activities,
and language patterns that the model has learned to
associate with women. A resume stripped of explicit
gender cues can therefore still be scored through
gendered stand-ins.

Which name the resume-screening models preferred on

otherwise identical resumes

Man-sounding name

)
preferred 52%
No significant preference 37%
Woman-sounding name -

(o)

preferred 1%
Source: data from Wilson and Caliskan 2024
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Work, Wages, and Algorithmic
Management

Al is already transforming jobs and workplaces, and
that transformation affects women in a labor market
already organized around gendered divisions of
work, time, and care.

Women are concentrated in clerical and
administrative roles built around tasks that
generative Al can increasingly perform. The
International Labour Organization (ILO) measures
and scores generative-Al exposure by asking

how much of an occupation’s task content a

model could potentially perform or assist. On

that measure, clerical and administrative roles
score highest. Globally, 4.7 percent of women's
employment falls in the highest-exposure band,
compared with 2.4 percent of men’s. In the United
States and other high-income countries, where
clerical work makes up a larger share of women's
employment, the gap widens to 9.6 percent against
3.5 percent (Gmyrek et al. 2025). In other words,
generative Al systems are technically best equipped
to take on occupations that are already staffed
disproportionately by women.

Employers already treat Al fluency as a workplace
skill in its own right. Yet research has shown that
using Al tools can cost a woman professionally.
Shown identical Al-assisted code, reviewers
doubted the ability of a woman said to have written
it more than that of a man. At one large technology
company, the women engineers who most expected
that judgment were the ones who used an Al coding
assistant least (Acar et al. 2025).

The result is a bind that feeds on itself: as Al fluency
becomes part of how productivity and performance
are measured, a woman who uses the tools invites
harsher judgment of her ability, while women who
hold back fall behind on the skill their evaluation
increasingly turns on.

Al transforms jobs. It also manages the people doing
them. Where Al systems manage work directly—
through allocating tasks, setting schedules, rating
performance, or pricing time—the constraints
women more often face around care and availability
can be converted into lower scores, fewer shifts, or
less pay, without appearing as discrimination at all. A
worker cannot see how her earnings are determined,
and that opacity makes any disadvantage hard to
detect and harder to contest.

Ride-hail and delivery platforms have brought
personalized, data-driven pricing from the
consumer world into pay itself. Workers doing the
same task, with the same skill, for the same firm, at
the same time can be paid different hourly rates,
set by systems so obscure that workers cannot
reconstruct or predict their own earnings (Dubal
2023). The gender pay gap on these platforms is
well documented. Women earn 7 percent less than
men among more than a million US Uber drivers
and 20 percent less on Amazon Mechanical Turk.
On online freelance platforms, women earned 81.4
percent of men's hourly wage in one study, and

in another the hourly rates women asked were 37
percent lower than men's, even after accounting
for experience, feedback scores, occupation, hours,
and education (Cook et al. 2021; Adams et al. 2025;
Renan Barzilay and Ben-David 2017).

Women work on these platforms under constraints
men carry less often. They perform two to ten
times more unpaid care work than men (Ferrant

et al. 2014). The safety risks they face on ride-hail
platforms are well documented (Tang et al. 2021).
Those constraints force them to cancel trips and
avoid late hours, the very behavior the platforms’
scoring penalizes (Micha et al. 2022; Athreya 2021).
Algorithmic management reads that pattern of
work as a shortfall in the worker. The pay gap is
documented, and so are the constraints and the
penalty. How much of the gap the scoring produces
has not been measured.

GENDER EQUITY POLICY INSTITUTE



Credit, Lending, and Capital Access

Gender bias in capital access enters

through seemingly neutral choices about how
creditworthiness is measured, how default is
predicted, what loan size is offered, and what price a
borrower pays. Lenders and credit institutions
make those decisions with Al and credit-risk
models, fed with “alternative data” such as cash-
flow records and employment patterns. Their stated
promise is inclusion and fairness: a borrower with
little or no credit history can be scored on the
records she has, which may open credit to women
where conventional scoring has underserved them
(Kelly and Mirpourian 2021).

By US law, the collection of gender data and its use
in credit decisions is prohibited. Therefore, the Al
models used in the US are built without it.

The argument runs that an Al model that is never
told an applicant’s gender cannot discriminate by
gender. (Equal Credit Opportunity Act 1974; Kelley et
al. 2022).

The evidence shows otherwise. The same records
that promise inclusion carry gendered patterns of
income, work, and assets, and the model translates
them into risk estimates, credit limits, and prices.
Women end up rated as riskier borrowers than their
repayment records warrant; they are charged more
for credit than their risk justifies (Coots et al. 2025;
Liu and Liang 2025; Goodman et al. 2016).

A model does not need to be told that an applicant
is a woman when other information in the data

can indirectly signal gender. The records are not
neutral to begin with: where lenders’ files have

been examined, loan officers gave women smaller
loans than men with the same ability to repay, and

a model that learns from such files reproduces the
pattern in its own decisions (Agier and Szafarz 2013;
Hassani 2021).

Researchers have assessed the consequences

of barring information about gender from credit
decisions, as the law directs in both the US and the
EU. In one study, the same applicants were scored
for car loans at a European bank twice, once with

a gender-aware model that knew each applicant’s
gender and once with a gender-blind model

that did not. The gender-aware model knew that
women applicants had defaulted less often than
men, and the decisions on the loans reflected that
understanding. The gender-aware model rejected
a lower percentage of women applicants than the
gender-blind model (45 percent versus 54 percent).
The gender-aware model also recognized the higher
risk of men defaulting of their loans, rejecting 71
percent of applications, compared to a 65 percent
rejection rate in the gender-blind model. In sum,
leaving gender out did not improve the accuracy
of the model. Nor did it stop the gender-blind
model from sorting by gender, because it read
other details, such as marital status, income, and
occupation, that signaled gender (Andreeva and
Matuszyk 2019).

A second study comparing gender-aware and
gender-blind models reached similar conclusions
on a larger scale. Researchers built two repayment
models for 307,507 borrowers of a fintech lender
operating in nine countries, one with gender
included and one without. In the best performing
model, excluding gender nearly quadrupled the
discrimination against women, while predicting
repayment no better. (Kelley et al. 2022).

Where it has been measured, women pay more

for credit than their risk warrants. Across roughly
80,000 personal loans with no collateral at a major
US fintech lender, loans to women earned the lender
more than loans to men. The reason was the lender’s
model. The model did not include information about
an applicant’s gender. Even without gender as an
input, the model overestimated women'’s default risk.

GENDER EQUITY POLICY INSTITUTE



This resulted in women being charged more relative
to their actual risk. Because women then defaulted
less often than men, their loans generated higher
returns for the lender (Coots et al. 2025).

The error is not confined to just one lender’s model.
VantageScore 4, built jointly by the three US national
credit bureaus, Equifax, Experian, and TransUnion,
errs the same way for low-scoring US borrowers
using payday and similar lenders. At the same score,
women defaulted less often than men; once credit
histories and other risk factors were matched,
women received scores six to eight points lower
than comparable men (Liu and Liang 2025).

The pattern predates the use of Al fintech tools—
and is perpetuated by fintech. Across more than

60 million US mortgages issued between 2004

and 2014, women borrowing alone defaulted less
than men borrowing alone with the same credit
characteristics, such as credit score, income, debt,
and down payment. Because approval and price
were determined by those characteristics, rather
than how borrowers actually repay, women were
denied loans more often and paid more for the
loans they received (Goodman et al. 2016). Since
credit scores decide who crosses approval and
pricing thresholds, even a small error in the score
can matter. Al scoring models are built from records
like these. They are developed on past lending data
and capture the relationships of the past, so a
record that understates how reliably women repay is
carried into the next model (Andreeva and Matuszyk

Loans to women

Loans to men

2019; Garcia et al. 2024; Hassani 2021).

A model can discriminate by gender without ever
being given it. The details it reads and the errors

in how it rates risk are sufficient to introduce bias.
And because each round of lending produces the
records on which the next model is trained, a group
that is once mispriced can stay mispriced (Andreeva
and Matuszyk 2019; Coots et al. 2025; Hassani 2021).
Fair-lending law then adds a bind. The overpricing
found at the US fintech lender would shrink if the
model could account for gender, but the law forbids
exactly that (Coots et al. 2025).

The cost of such a gender-blind prohibition has
been estimated. A World Bank technical guide
worked with a South African bank whose law keeps
gender out of credit scoring, as US law does. The
bank’s women borrowers were its safest: of more
than 15,000 buy-now-pay-later loans, 6.4 percent
of women’s went bad compared with 8.1 percent
of men’s. The gender-blind score could not see
that, so it approved women and men at the same
rate. The guide then re-scored the same loans,
introducing gender in three different ways: setting
a lower passing score for women; adding gender to
the model; and creating a separate model for each
gender. Each version approved more women and
fewer men, while the overall share of loans going
bad stayed at 5 percent. In sum, the bank could
have approved more women borrowers at no added
risk, had it been allowed to use gender (Caire and
Fernandez Vidal 2024).

9.1%

+0.8 excess return

8.3%

Lender profit on the loan(interal rate of return)

Lender profit on roughly 80,000 unsecured personal loans at a major US fintech lender, by borrower gender.
Under accurate risk-based pricing, there should be no gap. The 0.8-point excess return on loans to women
indicates overpricing by a model that overestimated their default risk. Source: data from Coots et al. 2025.
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The Male Default:
How Medical Al Misdiagnhoses
Women

Long before Al entered the clinic, medicine had
already built its evidence base disproportionately
on men: male cells, male laboratory animals,

male trial participants, male-defined symptoms,
and male-calibrated drug doses. Al systems

train on that unequal record, and they are now
embedded in nearly every part of medicine, from
disease detection and drug discovery to wearable
monitoring (Fahim et al. 2025). As in other domains,
the systems inherit the bias and amplify it. The
assessments produced by Al systems enter the
record, and the next system trains on evidence more
distorted than the last.

The consequences of medicine’s male default

and biased evidence base are well documented.

A 2001 review by the US Government Accountability
Office found that eight of the ten prescription

drugs withdrawn from the US market between 1997
and 2000 posed greater health risks to women

than to men.

Information about biological sex differences
can be real and necessary to preserve, while
gendered assumptions about symptoms,
risk, or pain can be discriminatory. The
central question for Al policy in the medical
domain is therefore whether systems were
built, tested, and monitored well enough

to know when a sex difference is clinically
meaningful and wheniitis an artifact,
inherited from a biased evidence base or
generated by the model itself.

Women continue to report more adverse drug
reactions than men. The sleep drug zolpidem is

the textbook case: women were prescribed a dose
calibrated on men, but the drug is eliminated more
slowly from their bodies, leaving enough in the blood

GENDER EQUITY POLICY INSTITUTE
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to impair next-morning alertness. More than two
decades after the drug'’s approval, US regulators
halved the recommended dose for women (Cirillo
2022; US Food and Drug Administration 2013).

Despite a quarter century’s knowledge of the
harmful effects of medicine’s male default, women
remain underrepresented in clinical trials. Across
300 randomized controlled trials published in 2017
in selected major medical fields, women’s median
enrollment was 41 percent, below half in almost
every field and lower still among older participants
(Daitch et al. 2022). The gap is starkest in the
earliest trials, which establish how much of a drug
is safe to give: women were 22 percent of Phase |
participants between the early 1990s and 2010, and
29 to 34 percent between 2013 and 2015 (Waltz et
al. 2023).

That absence follows clinical Al into its own
research record. It is compounded by how often

the studies do not record who was in the data at all.
Gender was not reported in 24 percent of machine-
learning clinical-decision-support studies published
between 2015 and 2019. A 2025 systematic review
of 390 clinical Al and machine-learning studies

with direct implications for patient care found

that, globally, 31 percent did not report the gender
composition of their training data. US-based studies
did somewhat better, but 23 percent still did not
report the gender composition. Across the full
sample, 84 percent of models did not use open,
non-proprietary datasets, making independent
validation difficult (Cirillo 2022; Otokiti et al. 2025).

The reporting gap does not close when a product
moves from research to approval. The US Food and
Drug Administration does not require applicants to
disclose the sex or gender breakdown of their study
populations. A product can therefore reach patients
without anyone having shown whether, where its
results differ for women and men, the difference

reflects real biology or simply repeats the gaps in
older research it learned from.

Products can reach patients with no
public record of whether women were
included in the data they were tested on.
Of the 161 Al-based medical products the
FDA cleared between 2012 and 2020,

88 never disclosed the size of their
validation data, 60 disclosed the size but
not who was in it, and only 13 reported the
gender composition (Cirillo 2022).

That missing information is part of what makes
medical Al hard to regulate, because not every sex
difference a medical model produces is a defect.
Diseases differ by sex in prevalence, presentation,
and drug response. A model that captures those
differences is doing precision medicine's work.

On the other hand, a model that reproduces
unwarranted assumptions about who gets which
disease, or whose reports of pain to credit, is
discriminating. Medicine calls the first “desirable
bias” and the second “undesirable bias” (Cirillo
2022). Differentiating these two types of bias
requires knowing whose data a model was built and
tested on, and the record does not show it.

Better disclosure would make the problem visible,
not remove it, because the gaps originate in the
instruments that generate health data. Digital health
measures, such as wearables, sensors, or signal-
processing tools which turn bodily functions into
data, have to define what they are measuring, collect
the data, and validate the signal.

At any one of these stages, sex and gender can
disappear. The measure can be built around male-
default physiology. The data can come from a study
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population that does not represent the people the
tool will serve. For example, because early coronary
artery disease studies enrolled mostly men, the way
the disease presents differently in women went
unrecognized until later studies included them (Cho
et al. 2022). The groups on which a developer tests
a tool can be too small or too poorly described

to show whether it fails more often for one sex.
Early wearable electrocardiogram devices were
developed without clear evidence that women
were adequately represented, despite known sex
differences in resting heart rate (Cirillo 2022). Or
consider speech-based biomarkers, which track a
condition such as Parkinson’s disease or depression
from a recorded voice sample. These can lean
heavily on pitch, but pitch differs by sex, so a tool
tuned to one vocal range reads the other less
accurately. Whether that gap is a biological signal
worth keeping or instead is an artifact that should
be corrected remains unresolved. In short, what

a model can learn is fixed long before it is trained,
by whose bodies, symptoms, devices, and clinical
encounters became data in the first place.

The consequences of these upstream gaps depend
on the kind of Al system built on them. Traditional,
non-generative Al classifies and predicts based

on a specific clinical dataset: it reads a scan,
forecasts a risk, or flags a likely diagnosis (Rashidi
et al. 2025). It inherits the bias of its dataset; if
women are missing or underrepresented, the
model reads them less well. In LLMs, the problem
surfaces differently. Large language models produce
text and recommendations, so the same patient
case might receive different clinical advice when
nothing changes but gender. Adapting the model to
medicine does not reliably solve the problem. If the
medical material used to adapt it is incomplete or
biased, the model can carry those clinical gaps into
its answers; and if its original training data taught

it gendered associations, those associations may
remain. The model can therefore carry two sources

of bias at once: the general associations learned
from ordinary language, and the clinical gaps learned
from medical material.

The evidence below illustrates both mechanisms
at work. The first set of cases shows under-
representation becoming measurable error in
predictive models. The second shows general-
purpose language models producing gendered
clinical judgments, even when the clinical facts are
held constant.

In predictive, non-generative models, biased training
data show up as poor performance for the people
who are underrepresented in the data: the model is
more likely to miss their condition, flag the wrong
risk, or give the wrong prediction. A model built to
predict COVID-19 severity from the early medical
records of 5,601 South Korean patients performed
worse whenever it was used on the sex it had

not been trained on: trained on men and applied

to women, the share of severe cases it correctly
caught fell from 93 to 86 percent; trained on women
and applied to men, it fell from 97 to 90 percent. A
model trained on both sexes did better than either
single-sex model (Chung et al. 2021).

The pattern is not confined to one disease or one
model. Training a chest-X-ray classifier to detect
thoracic disease on a gender-imbalanced set of
images reproduced the same failure: across two
large public datasets, one of 112,120 images and the
other of 224,316, the model's diagnostic accuracy
fell for whichever gender was underrepresented.
The imbalance did not have to be severe: when

one gender made up only a quarter of the images,
accuracy for that gender dropped significantly
(Larrazabal et al. 2020). Balancing the data can
help, though not reliably: in one liver-disease model,
adding more women to the data raised overall
accuracy but did not reduce women'’s higher rate of
missed diagnoses (Straw and Wu 2022).
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Generative Al models now being built into clinical
tools can change their advice when nothing

about the patient changes but gender. In a Lancet
study, GPT-4 was given patient cases identical
except for race or gender, but provided different
recommendations, diagnoses, and judgments

in some cases when either changed (Zack et al.
2024). The clearest difference appeared in the
cardiac case. The model received 400 chest-pain
vignettes, 200 describing a man and 200 a woman
but otherwise identical, yet recommended cardiac
stress testing, the routine non-invasive test for
suspected heart disease, more strongly for men:
highly important in 71 percent of the man'’s cases,
against 58 percent of the woman's. It also scored

coronary angiography, the invasive follow-up
procedure, as more important for men than
for women.

The vignette came from an earlier study that had
presented the same case to practicing cardiologists,
so the model’s answers can be compared against
the doctors' recommendations. On coronary
angiography, the cardiologists themselves leaned
toward the man, and GPT-4 leaned the same way.
On stress testing, the cardiologists recommended
the test equally for the man and the woman; GPT-4
did not, rating it highly important more often for the
man. The model reproduced a bias that clinicians
already had and added one they did not.

GPT-4 recommended the cardiac test more frequently when the same

patient was described as a man

Described as a woman: 116 of 200 runs (58%)

Described as a man: 142 of 200 runs (71%)

Red squares: 26 more runs for the man,
13 percentage point gap (p=0.0091)

The same chest-pain case, run 200 times describing a man and 200 describing a woman: GPT-4 rated
cardiac stress testing as highly important in 142 of the man’s runs (71 percent) and 116 of the woman’s (58
percent). The red squares are the 26-run difference, a 13-percentage-point gap (p=0.0091). The cardiologists
who answered the same vignette showed no gender gap on stress-test referral. Source: data from Zack

et al. 2024)
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The cardiac result was one part of a wider test
that ran GPT-4 through four clinical uses: medical
education, diagnostic reasoning, clinical-plan
generation, and subjective patient assessment.
Across those uses, GPT-4's outputs shifted when
demographics changed.

Asked to rank the likely diagnoses for
nineteen cases, the model changed

its ranking in seven when the patient'’s
demographic profile changed. For a patient
whose shortness of breath was in fact
caused by a pulmonary embolism, the
model ranked panic or anxiety disorder
higher when the patient was a woman, in
essence giving a psychological reading to a
life-threatening physical condition

(Zack et al. 2024).

In the medical-education task, GPT-4 was asked
to generate teaching cases for sarcoidosis, an
inflammatory disease that most often affects the
lungs. It made the patient a Black person in 97
percent of 1,000 trials, and a Black woman in 81
percent of the trials. The disease is more common
in Black patients and in women, but not nearly that
uniformly; the risk is that such cases teach clinicians
to associate the disease with one kind of patient.
The model also overrepresented men in conditions
with no demographic skew.

Finally, asked to judge patients directly, including
whether an identical patient was exaggerating
pain or concealing alcohol use, GPT-4 changed its
answers with race, ethnicity, or gender on five of
twenty-two statements (Zack et al. 2024).

The same concern appears across other models
and diseases. Given roughly 2,900 orthopedic

board-exam questions, seven large language

models generally performed worse on questions
about women patients (Chundi et al. 2026). Four
consumer chatbots received the same diabetes-
eye-disease question, varied only by the patient’s
gender, and their advice differed on seven of ten
clinically necessary points, including the urgency of
specialist care and the associated kidney and foot
risks (Wu et al. 2025). An automated bias check

run on the same answers rated all four systems
nearly bias-free; the differences surfaced only

when human reviewers read the advice. These are
small, exploratory tests rather than evidence of
patient care changing from deployed systems. These
examples, nevertheless, add to the pattern that
these problems reach beyond one model and one
disease; they demonstrate that a generic automated
audit can clear a model whose advice differs by
gender on clinically relevant points.

Evidence from mental-health studies shows the
same problem appearing in two forms. In one study,
researchers rewrote published eating-disorder
cases four ways, changing only whether the patient
and their partner were men or women. They then
asked ChatGPT-4 to score each patient’'s mental
quality of life. Even though the symptoms were
identical, the model scored the men as worse off.
Because the cases differed only by gender, the
model was not detecting a clinical difference; it was
inventing one (Schnepper et al. 2025). In another
study, researchers gave GPT-3 59 psychiatric cases
varied by age, sex, and race and asked it to diagnose
them. The model's knowledge was uneven, but it did
show bias that tracked real practice. Like human
clinicians, the model was less likely to diagnose
borderline personality disorder in a man (Heinz

et al. 2023). Together, the two studies illustrate

the range of the problem. A model can invent a
gender difference medicine has not established, or
reproduce one already present in clinical practice. In
both cases, the difference the model applies is one
the clinical facts in the test case do not support.
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Although the evidence in this section is largely
exploratory, the studies test models that are already
being built into, marketed for, or used around clinical
work: documentation, decision support, medical
education, and patient advice (Zack et al. 2024).
Expert workshops have translated the field's agenda
into familiar requirements: sex- and gender-aware
data collection, balanced datasets, algorithmic
auditing, certification, and regulatory alignment
(Buslén et al. 2023). The weakness is that they often
name no actor responsible for carrying them out,
and assume that awareness and interdisciplinary
collaboration will become institutional practice on
their own (Isaksson 2025). In a healthcare system,
bias becomes governable only when it becomes
someone’s job.

Any medical model can be put to three questions:

is sex or gender driving its output; why does that
relationship appear; and should the pattern be
removed as an artifact or kept as a clinically justified

difference (Cirillo 2022). That distinction matters in
medicine: stripping sex or gender from a model can
erase real clinical differences as well as spurious
ones. The test is whether the attribute’s use is
clinically justified, causally defensible, and validated
against subgroup outcomes.

For regulators, that becomes three obligations:
require sex-disaggregated validation reporting
before clearance; require pre-deployment
behavioral audits using gender-swapped cases
compared against clinician judgment; and

require post-deployment monitoring to show
whether the model performs differently for women
once it is used in care. Without those duties,
medical Al can enter the clinic with the same
unresolved question that runs through medicine’s
own record: whether a difference in the model
reflects women’s bodies, women'’s treatment by
medicine, or the model's own distortion.
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Misjudged:
How Al Fails Women in Policing and
Criminal Justice

In the US criminal justice system, Al is used through
a set of tools that surveil, classify, predict, and
score. Gender bias appears across these tools,
taking a different form in each. Facial recognition
systems identify women less reliably than men,

with darker-skinned women least reliably identified.
Predictive policing models reproduce patterns of
over-policing, while missing the under-reported
crimes disproportionately experienced by women,
such as rape, sexual assault, and domestic abuse.
Risk assessments are built and validated largely
around male patterns of offending and can overstate
how likely women are to reoffend. What the three
types of tools share is now familiar from our review
of other sectors. Systems built from partial records
of men’s behavior are treated as objective measures
when applied to women.

Police use of facial recognition technology is already
broad and widespread. Facial recognition systems

Arisk assessment converts what is

known about a defendant, such as age,
employment, housing, and prior offenses,
into a score meant to predict rearrest.
Courts use that score in decisions about
release, supervision, and sentencing.

take an image and return possible identities. By
2020, at least twenty federal agencies were using
the technology (Garvie 2022; Garvie et al. 2016).

A 2024 review by the Government Accountability
Office found that seven Department of Justice

and Homeland Security agencies had used facial
recognition to support criminal investigations,
drawing on commercial services as well as
government systems. Thousands of those searches,
about 60,000, were conducted before staff were
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required to undergo training for the use of these
tools (US Government Accountability Office 2024).

Research shows that facial recognition technology
returns less reliable results for women. The National
Institute of Standards and Technology (NIST)
reviewed nearly 200 facial recognition algorithms
and found higher false-positive rates for women
than for men, with false-match rates roughly two to
five times higher for women than for men (Grother
et al. 2019). The evidence suggests that the
problem is not only underrepresentation of women
in the training data. In one study, women remained
less accurately recognized even when the model
was trained on gender-balanced data (Albiero et
al. 2020).

Predictive policing models are often promoted as a
more objective way to decide where officers should
patrol, but they are trained on police records, such
as service calls, reports of crime, incident reports,
stops, investigations, and arrests (Fitzpatrick et

al. 2019). Those records reflect a chain of earlier
reports and decisions, and each link can skew what
the model learns. If officers patrol one neighborhood
more heavily, they record more stops and arrests
there; those records then train the model, and the
model can send officers back to the same place
(Richardson et al. 2019).

A predictive model trained on reported
crime is poorly equipped to predict under-
reported crimes. This works against women
in particular; rape, sexual assault and
domestic violence are reported far less
often than robbery (Akpinar et al. 2021).

Sometimes the omission of crimes experienced
disproportionately by women is not accidental, but
deliberate. One widely used patrol-forecasting tool

left domestic violence out by design, because an

FBI bulletin treated such crimes as spontaneous,
unpredictable “crimes of passion,” a premise that
research on coercive control contradicts (Mclnerney
2023). Gender, meanwhile, remains barely studied:

in one review of fairness research on predictive-
policing and recidivism tools, most examined race,
while only a handful examined gender (Almasoud
and ldowu 2025).

As we have seen, Al systems often underrate, erase,
or fail to see women. But in criminal justice risk
assessments, gender bias typically works through
overprediction rather than omission. The tools rate
women as riskier than the evidence justifies.

Developers built and tested risk assessment tools
mostly on men. Yet women reoffend at a lower rate
than men with similar criminal histories, so one
shared scale rates them too high (Corbett-Davies
et al. 2023). Indeed, violence-risk instruments have
rarely been checked for whether they work for
women at all (Roy and Verma 2026).

A scale built from men'’s records can look neutral
while still misreading women. The clearest evidence
on the mismeasure of women comes from a widely
used commercial risk instrument: Correctional
Offender Management Profiling for Alternative
Sanctions (COMPAS). COMPAS was audited on 6,172
pretrial defendants who were then followed for

two years. The version of the model used did not
incorporate gender-specific norms. It separated
higher-risk from lower-risk defendants about as well
for women as for men. The problem, however, was
that the same score for men and women did not
predict similar outcomes. Within every risk category,
women were rearrested 9 to 12 percentage points
less often than men (Hamilton 2019).

Another widely used tool, the federal Post-
Conviction Risk Assessment (PCRA), similarly
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overstated risk for women offenders. Men were 1.5
times as likely as women with the same score to be
rearrested for any offense, according to one study
of over 14,000 federal offenders. The differences
were particularly stark for those rated moderate
risk; 52 percent of men were rearrested compared
to 37 percent of women (Skeem et al. 2016).

The PCRA excludes gender by design, and it still
misreads women, which shows that leaving gender
out of the model is no fix.

Risk assessment in matters of criminal justice
illustrates how gendered harms can compound

across sectors, with dramatic real-world
consequences. Al systems used in employment,
credit, and health help decide who is hired and what
they are paid, who receives health care, and who is
deemed credit worthy. Criminal-justice tools then
read some of the results of that inequality—low
income, unstable housing, or unemployment—as risk.
A woman marked as a worse bet by one Al system
can reach the next system already carrying the
conditions that raise her score. The consequences
for the person measured are particularly grave in the
justice system, where freedom itself is on the line.

The same risk score failed to predict similar risk of re-arrest

Men and women rated
moderate risk

52% of the men
were rearrested

37% of the women
were rearrested

Federal offenders rated moderate risk by the Post-Conviction Risk Assessment, and the share rearrested:
52 percent of men compared to 37 percent of women, the same score carrying different real risk. Source:

data from Skeem et al. 2016
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Stereotypes at Scale:
How Al Writes and Portrays Women

Al systems also produce representation itself.

They generate the text through which people are
described in reference letters, news stories, and
classroom materials. With the advent of image-
generating models, people increasingly encounter
machine-made images in advertisements, book
illustrations, and social-media posts. Jobs are
portrayed as more gender-segregated than they are
in reality. Intelligence is pictured as male and beauty
as female. Women are shown smiling far more often
than men.

Systems that generate text and images do not
allocate opportunities or penalties; they do not
decide, for example, who is considered for a job
or whether a criminal defendant is freed on bail.
But representation sits upstream of allocation.
The text and pictures these systems generate are
increasingly the material other Al models learn
from and the material by which public perception
is shaped. What a generative model writes about

women becomes part of what a hiring model trains
on, and part of what an employer or a doctor has
read before they make a decision about hiring or
medical treatment. The findings in this section are
therefore not claims about measured losses in jobs,
credit, or medical care. They are rather evidence
about the production of gendered meaning: what a
model associates with women, how it describes or
pictures them, and what it makes available for the
next system to treat as data.

Al generated reference letters present a clear case
of biased representation. (The evidence comes
from independent audits, in which researchers
submit large numbers of prompts or requests to a
system, identical except for one or more details, and
compare the responses.)

Given the same biography in different profiles
that differed only in gender signal, large language
models describe women in communal terms and
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men in agentic ones. In one audit of ChatGPT and
the open-source model Alpaca, the letters for

men were significantly more agentic, formal, and
positive. In both models, salient words for women
clustered around personality and appearance—
“warm,” “emotional,” and “beautiful”—while those for
men emphasized traits of ability and leadership—
“expert,” “thinker,” and “master.”

The models hallucinated qualities that

were not included in the biography prompts:

Her “easygoing nature and collaborative
spirit make her a true joy to be around.”
Meanwhile, his “outstanding reputation
was established because of his unwavering
dedication and natural talent.”

(Wan et al. 2023).

The gendered output of the models matters
because reference letters help decide who is hired,
or funded, or promoted to leadership. Research

on reference letters written by people shows that
describing women using communal terms predicts
weaker judgments of the candidate and worse
application outcomes for women. The pattern is not
confined to reference letters. The same commercial
models describe women in communal terms and
men in agentic ones when asked to draft interview
answers (Kong et al. 2024).

A similar bias appears when large language models
write the news. Asked to generate articles from
real headlines, the models underrepresent women
relative to the human-written articles the same
headlines originally produced. All seven models
audited showed the bias: depending on the model,
between 56 and 74 percent of generated articles
gave women a smaller share of the words than the
human original did, and within those articles the

share of words referring to women ran a quarter

to two-fifths below the original. ChatGPT was one
of the least-biased on both measures, but still
reduced women's presence relative to the source in
a majority of its articles (Fang et al. 2024).

Two findings matter for policy. Among the GPT-
family models tested, although bias shrank in the
newer and more capable models built with more
data and computing power, it did not disappear. The
safety training worked by refusing requests, not by
removing the bias. Asked to write in a deliberately
male-centered voice, the most cautious model
turned down most of the requests. But more than
one in ten requests got through, and the articles
produced from them were markedly more biased
than the ones written under neutral instructions
(Fang et al. 2024).

The same gender biases enter the classroom
through Al-generated content. A systematic review
of studies on Al-driven gender bias against women
students found that Al-generated educational
content consistently cast men in technical roles
and women in nurturing roles (Kalim et al. 2026). In
educational settings, systems writing content also
give feedback and evaluate student work, so what
a model associates with women and girls can turn
into a grade. This study also found that automated
grading underrates women and girls’ work and that
feedback tools misread their communication styles.

When an essay writer is described as a
woman, models shift their feedback toward
controlling instruction and away from
encouraging the student’s own judgment
(Du et al. 2025). When a modeliis told
students’ genders, it changes which student
it picks out as the leader (Choi and

Nixon 2025).
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Bias in generated text also extends to what models
assume people feel. In one study, researchers
gathered roughly 7,000 short accounts of real
events, written by people who also reported what
the event made them feel. The researchers asked
the language models to name the main emotion
the writer would feel, while presenting each
account once as a man'’s experience and once as

a woman'’s, so that gender was the only thing that
changed. Across more than 200,000 attributions,
models were far more likely to attribute sadness
to women and anger to men. One open-source
model attributed anger to men roughly four times
as often as to women (Plaza-del-Arco et al. 2024).
What makes the finding decisive is that the guesses
can be checked against what the writers said they
actually felt. The models predicted male anger and
female sadness far more often than the writers
reported these emotions.

In short, the attributions replicate and amplify
stereotypes about gender and emotion, rather than
predict the emotions of the people who experienced
the events. The stereotype carries a known price:
reading women as sad and men as angry has
historically marked women as unsuited to jobs
thought to require emotional distance.

Emotion inference is now being developed for
sensitive uses, such as mental health tools, that act
on what a system decides a person feels (Plaza-del-
Arco et al. 2024).

Like text-generation models, text-to-image models
mirror the gendered world they learned from, as well
as amplify its biases.

These images affect people who see them.

Exposure to stereotyped Al-generated images
increased viewers' own biases, and deliberately
inclusive images reduced them. Importantly, labeling
the images as Al-generated made no difference
(AlDahoul et al. 2025). The generated stereotypes do

not merely reflect bias in the training data; they can
also induce it in the people who see the images.
The earliest mass-market Al image generator, for
instance, drew a categorically segregated labor
market. DALL-E Mini, a free web tool that enabled
millions of people to generate images easily,
rendered pilots, builders, and plumbers entirely
male, and hairdressers, receptionists, and dietitians
entirely woman. Across the 67 occupations that
could be matched to US labor statistics, women
were 49 percent of actual workers but only 32
percent of the generated ones (Cheong et al. 2024).
The pattern persists in current-generation models.

Stable Diffusion XL depicted sixteen
professions at least 90 percent male,
including doctors and professors. Prompted
with “beautiful,” it generated mostly women.
Prompted with “intelligent,” it generated
mostly men (AlDahoul et al. 2025).

The distortion is not one model’s quirk, and the
audited models were not arbitrarily chosen.
DALL-E 2 and Stable Diffusion were among the
most popular systems of the first wave of image-
generation systems. Audited across 43 occupations
and compared with US labor statistics, DALL-E

2 missed the real share of women by more than
five percentage points in 35 occupations, while
Stable Diffusion missed it in 36 occupations. Chief
executives and programmers appeared almost
entirely male; jobs women hold in substantial
numbers were rendered as men’s work (Naik and
Nushi 2023).

A separate audit of Stable Diffusion found that
men were entirely erased in women-dominated
occupations. Images it generated of housekeepers,
nurses, and flight attendants were 100 percent
women. For comparison, the real composition of

GENDER EQUITY POLICY INSTITUTE

22



the flight-attendant workforce is only modestly
majority-female (Bianchi et al. 2023). The same
audit found the skew widening as pay and prestige
rose. The higher a job’s standing, the more male
and white its generated face (Bianchi et al. 2023).
Smaller audits across nine consumer image
generators report the same maleness-by-default in
doctors, lawyers, engineers, and scientists (Gorska
and Jemielniak 2023; Chauhan et al. 2024).

No law in force governs what these systems write or
depict about women. The audits above document
distortion, but distorted representation is not a harm
US law recognizes: a model that renders every chief
executive as a man and every nurse as a woman
breaks no rule. The European Union's Al regulation,

the broadest in force, obliges providers to label
generated content and to disclose deepfakes, duties
that regulate the fact of generation, not what the
content says about groups (Al Act 2024).

The letters, the news, the emotion attributions, the
images—the harms documented in this section

are representational, but they are not trivial. The
systems through which people are seen and
described increasingly run on tools that undercount
them in the news, misread what they feel, and
reproduce stereotypes of masculinity and femininity
and gender roles. The text and imagery these tools
produce are published, indexed, and scraped into
the datasets from which the next generation of
models is trained, thus amplifying gender bias.

FY 2024 ST RATE

Al Generated Image: The bias extends from the who to how they are shown. In the largest audit of
DALL-E 2, which spanned 15,300 images across 153 occupations, women were more than twice as likely as
men to be smiling, with the widest gap in women-dominated jobs (Sun et al. 2023).
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Built to Please:
The Feminine Default in Al Assistants

Many people encounter and interact with Al through
voice assistants and companion systems built with
feminine names, voices, and speech styles.

Voice assistants were built feminine-sounding by
default, at industrial scale. The voices of Alexa,
Cortana, Siri, and the Google Assistant that
structured the first decade of consumer voice Al
were woman-only or woman by default. Together,
they sat on billions of devices and covered a large
majority of voice-assistant use in many markets.
Companies justified the woman default as a matter
of user comfort or preference, even though the
public evidence for that preference is mixed.
Feminization became the market norm as a design
choice, not a documented demand.

Woman-sounding chatbots draw significantly more
swearing and sexual attention than man-sounding
versions, with virtual sexual assault directed

primarily at the woman-sounding versions
(Brahnam and De Angeli 2012). That feminine default
had downstream effects.

One maker of voice assistants for drivers, Robin
Labs, reported that at least 5 percent of its logged
interactions were sexually explicit (UNESCO and
EQUALS Skills Coalition 2019).

Another design failure was evident in the response
to this pattern of abuse. Until 2019, the major
assistants typically met sexual harassment with
deflection or flirtation. Take Siri, which responded to
“You're a bitch” with “I'd blush if | could” (UNESCO
and EQUALS Skills Coalition 2019), modeling a

form of femininity that answers degradation with
charm. Put to the same harassing and flirtatious
prompts in 2017, 2020, and 2024, the four major
assistants moved from flirtation to curt deflection,
with statements like “l won't respond to that” or a
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dismissive sound. But by 2024, flirtation had

crept back at the edges: told “you're pretty,” one
assistant answered, “Oooh, you just made my day!”
(Sindoni 2024).

If developers of voice assistants feminize a tool,
developers of Al companions go further, providing
their users with the tools to manufacture women.
Consider Replika, an app marketed as “The Al Friend
to fall in love with.” On its largest forum, users want
bot girlfriends that are obedient and customizable,
ostensibly independent, but never manipulative and
never hurtful (Depounti et al. 2023).

On some platforms, the idealized woman
that is manufactured is a real person who
never gave her consent. Several companion
apps that are built to generate a partner
from an uploaded photograph can generate
nude or sexually explicitimages from the
photo-likeness. In one audit, two apps
produced explicitimagery of a companion,
even though the user did not prompt for

it (Brigham et al. 2026). On platforms that
let users shape their companion’s body

and face, the bias becomes amplified:

users who customize their companion with
conventionally “ideal” features like

slender bodies cement these preferences
into the system.

A voice assistant does not decide anything that
allocates benefits or harms unequally. Assistants
are scripted to answer abuse with charm instead
of refusal. Companions are built to be obedient
and endlessly available. On some platforms, the
likenesses of real women are used without their
consent to generate an obedient partner.

Voice assistant systems are cast in roles of service
and care. In the companion market, they become
always-available romantic or sexual partners. They
are machines built to deliver assistance, availability,
and compliance in feminine form. These are systems
that are gendered by design. The usual test for Al
gender bias, examining whether a system'’s outputs
or decisions fall unequally across groups, is ill-suited
to address harms that derive from the design itself.

The law has just begun to reach the design layer.
But no regulations as yet address the gendered
persona itself: the feminine voice and name
defaults, the deferential scripting, the answers
that meet harassment with deflection or charm,
or the companions built to be obedient and
endlessly available.
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The New Frontier of Sexual Abuse:
Al-Generated Deepfakes
and Image-Based Sexual Abuse

The non-consensual sexual imagery some of those
companion apps generate is one corner of a far
larger harm. A woman discovers that pornographic
images of her are circulating online—images she
never posed for and never consented to. Someone
had taken ordinary photographs from her social-
media account, fed them to an application, and in
minutes, with no particular skill, produced them.

Face-swapping “deepfake” methods and consumer
“nudify” applications, which generate a nude body
from a clothed photograph, made that possible: they
moved the work from a specialist with technical
training to anyone with a phone, and the source
image can be any picture a woman posts online.

The victims of image-based sexual abuse are
predominantly women, and its perpetrators
predominantly men: in documented cases the victim
is a woman in nearly nine of ten and the abuser a
man in eight of ten (Le and Déring 2026).

The same skew appears in what people pay for:
among commissioned requests for sexual imagery of
real people on a large Al-image marketplace, women
were the target in roughly nineteen cases out of
twenty (Ghosh et al. 2026). Nor is the audience
small: in a survey of adults across Australia, the
United Kingdom, and the United States, nearly one
in five reported having deliberately sought out
Al-generated sexual imagery, and about one in
thirty admitted to creating, sharing, or threatening
to share it—men four times as often as women
(Umbach et al. 2026).

The abuse has reached schools as well, and the
great majority of victims are girls. Within a single
school year, students generated sexual images of
their classmates in at least ten documented US
middle and high schools, some of the girls as young
as twelve, and two boys in Florida were criminally
charged (Wei et al. 2025). Schools have no clear rule
to apply when it happens. When asked how their
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schools would respond to such cases, seventeen
US teachers interviewed across ten states named
existing policies on bullying, harassment, and
pornography as the nearest fit while doubting those
covered a fabricated image (Wei et al. 2025). Where
incidents have already been dealt with, the response
has been inconsistent: US schools suspended or
expelled the students who made the images, but

in at least one case officials delayed telling the
police, unsure whether a synthetic image fell within
their duty to report (Wei et al. 2025); in UK schools,
sanctions for the same conduct ran from informal
mediation to police referral to permanent exclusion,
and teachers did not uniformly treat a fabricated
nude as a nude (Ringrose et al. 2026).

The law has moved faster against this harm than
against any other this report documents. Publishing
a non-consensual intimate image, including one an
Al system fabricated in, has been a federal crime in

the United States since May 2025, and since May
2026 platforms have had to remove such an image
within 48 hours of the depicted person'’s request,

a duty the Federal Trade Commission has begun to
enforce (Take It Down Act 2025). Most states have
statutes of their own reaching sexual deepfakes
(Rieper 2026). The European Union has adopted the
same obligation without yet imposing it: its
Violence Against Women Directive requires
member states to criminalize Al-manipulated sexual
imagery by June 2027 (Directive (EU) 2024/1385 on
Combating Violence Against Women and Domestic
Violence 2024).

All of it reaches the image only once it exists and
has been published. The federal offense turns on
publication; the statute does not reach the creation
and preservation of the image. The responsibility of
finding a published image and asking for its removal
falls on the victim.
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The Inequality Machine:
How Al Amplifies Gender Bias and
What Must Change

Considered one domain at a time, Al systems
appear to pose separate problems for separate
experts: a recruitment question, a credit question,

a workplace question, a clinical question, a risk-
scoring question, a question about generated
media, companion systems, or synthetic sexual
images. Considered together, they are connected
expressions of a structural problem. The four
mechanisms recur across domains run by different
institutions and vendors. Systems learn from an
unequal past, encode stereotypes, hide the process
behind an objective and neutral facade, and amplify
their outputs through feedback.

The first mechanism, and the clearest through-line,
is the way Al systems turn unequal records into
measurement.

B A hiring model trained on a male-dominated
record reproduces gender inequality in the
job market.

B A credit model trained on gendered
economic histories scores women borrowers
as riskier than their actual repayments rates.

B Workplace systems treat availability,
cancellations, and location as measures
of performance, and can convert the care
responsibilities and safety constraints
women more often bear into lower scores,
fewer shifts, or lower pay.

B Clinical models trained on a medical
evidence base built disproportionately
around men can recommend care differently
for women.

B Arisk instrument trained mostly on men
reads a woman'’s score as if it meant the
same thing as a man'’s.

In each case, the input is a record of inequality, and
the output is presented as measurement. Whether

GENDER EQUITY POLICY INSTITUTE

28



the result is too low or too high, the system is
treating women as if a male or pooled baseline fits
them. In none of these domains does gender-blind
design guarantee gender-neutral results, because
gender remains legible in the records the model
reads. The common problem is the benchmark.

The second mechanism runs through how
systems represent and depict people rather than
what they allocate.

B Asked to write reference letters from the
same biography under different gender
signals, language models describe women in
communal terms and men in agentic ones.

B Tasked with generating news articles from
real headlines, the systems give women a
smaller share of the words than the human-
written articles from the same headlines.

B Image generators portray occupations as
more segregated by gender than the labor
force is, and picture intelligence as male and
beauty as female.

The gendering extends to the products themselves:
the assistants through which most people first
encountered conversational Al were built woman-
sounding by default, and companion systems
manufacture partners that are feminine, obedient,
and always available. These systems supply the
descriptions, images, and personas through which
women are perceived, and they can influence the
people and systems that do allocate: exposure to
stereotyped generated images increases people’s
own biases.

The processes take place behind a facade of
objectivity. Indeed, objectivity is itself often the
sales pitch. Predictive-policing tools are promoted
as a non-biased way to decide where officers patrol.
Developers of hiring tools market their models as
debiased. Lending executives describe leaving

gender out of a model as fairness itself (Fitzpatrick
et al. 2019; Drage and Mackereth 2022).

The woman receives a judgment stripped of

the reasoning behind it—a score, a rate, a label
presented as measurement, with no account of

how it was made. The commissioned audits and
reviews meant to identify biases in these tools

and models often fail to capture them accurately.
Audits mandated by law seldom specify what must
be examined, and developers often determine the
scope of the audit. Where law requires an audit, it
does not require a passing result, only that the audit
take place and be published (Sloane et al. 2022;
New York City Local Law 144 of 2021 2021). Tests this
narrow can clear a biased model (SD et al. 2026; Iso
et al. 2025). But they fail to establish that the system
is fair, and the appearance of objectivity leaves the
bias difficult to suspect, inspect, contest, or repair.
Tests this narrow can clear a biased model.

Amplification, the last of the four mechanisms,
explains why the pattern compounds rather than
dissipates. Biased outputs do not stay inside one
system: generated text and images are published,
indexed, and scraped into the data on which the
next generation of models trains.

But the pattern compounds through people as well
as through data. Men are over-represented in the Al
workforce. In the OECD's analysis of LinkedIn data,
men are about twice as likely as women to work in
an Al occupation or to list Al skills (OECD 2024). The
gap is widest at the top of the field (Pal et al. 2024).

Over-representation among developers is not itself
proof that any system is biased, but it bears on what
gets anticipated, tested, or missed: the gendered
proxies in credit, the male-default assumptions in
risk scoring, the clinical evidence gaps in healthcare,
and the feminized service roles built into assistants.
A second gap opens at the point of use: women
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adopt generative Al at lower rates than men, and

the gap widens with worry about the technology’s
harms (Aldasoro et al. 2024; Stephany and Duszynski
2026). This gendered difference in attitude toward
Al extends to the people who will decide how these
systems are governed: among United States local
officials, women were significantly less supportive of
Al applications, and prior hands-on experience was
the most consistent predictor of support (Horowitz
and Kahn 2021).

Together, these gaps create a feedback loop. Fewer
women build Al, so gendered proxies and male-

default assumptions are less likely to be caught
before deployment. Systems that serve women
less well, or that women trust less, are adopted by
women at lower rates. Lower adoption deprives
women of the experience, workplace presence, and
governing influence that would register their needs.
So the next generation of tools is built without
those needs in view, and the cycle begins again.
Breaking the cycle does not require measuring its
full circuit; each step can be acted on separately.

> <<
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About this Report

Gender Equity Policy Institute’s How Al Fails Women:
When Bias Becomes Amplified, by Myriam Shiran,
examines how advances in artificial intelligence
and the deployment of Al-enabled systems
across government and industry exacerbate
systemic gender inequalities. It is based on a
comprehensive review of the academic and gray
literature on gender and Al across six domains:
economic opportunity, healthcare, criminal justice,
Al generated content and media, the design of
consumer Al, and image-based sexual abuse
enabled by Deepfake technology.

The report’s focus is on harms that arise from

Al and machine-learning systems themselves—
algorithmic hiring and credit tools, clinical decision-
support models, criminal-justice risk instruments,
generative text and image systems, biometric
classifiers, voice assistants, and Al companions. The
report does not treat all digital harms as Al harms.
Online harassment, social-media abuse, and the
nonconsensual sharing of real images are outside its
scope, except where Al is the instrument that makes
the harm possible, scalable, or different in kind.

Evidence comes primarily from the United States.
Yet many systems examined here are transnational
by design: they are built, distributed, and used
across borders. The harms these systems

produce, especially representational, platform,

and generative-system harms, have often been
measured outside the United States because that is
where researchers could observe them. When the
report relies on such evidence, it says so and keeps
US-specific claims distinct from claims drawn from
international studies.

Much of that evidence comes from audits, and
the term recurs throughout the report. An audit,
as used here, is a systematic independent, third-
party examination of an Al system'’s outputs.

Researchers give the system many controlled
inputs, such as resumes, patient cases, prompts,
or photographs, which are often identical except
for a single attribute such as gender. They record
what the system returns, and compare the pattern
against a benchmark, such as labor statistics,
human decisions on the same cases, or the same
input with the gender changed. An audit measures
what a system does, not how it was built. It requires
no access to the system'’s inner workings, which

is why independent researchers are able to audit
proprietary commercial systems.

The report holds two kinds of harm apart,

because conflating them is the most common

way claims about Al bias outrun their evidence
(Blodgett et al. 2020; Goldfarb-Tarrant et al. 2021).
A representational harm derives from how a
system depicts or classifies people. For example,

a large language model describes women in terms
of warmth and helpfulness and men in terms of
ability and leadership. Or a system treats men as
the standard case and women as the variation.
These representational harms fall on groups, not on
individuals. Each output stereotypes, demeans, or
erases; together they lower the standing of women
as a group and make the assumptions behind
unequal treatment feel ordinary. A representational
harm can be measured directly in the system’s
behavior. For example, across 67 occupations,

the image generator DALL-E mini drew women as
32 percent of workers, while US labor statistics

put their actual share at 49 percent (Cheong et

al. 2024). An allocative harm imposes a cost on

a specific individual, such as a job interview not
offered, a loan denied, or a missed diagnosis or
misdiagnosis. Determining an allocative harm means
following the system’s behavior to an outcome in a
real person’'s life.

Some findings discussed in this report do not
fit exactly in either category of harm. The report
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classes these cases by their consequences: as
representational when they distort how women are
seen, as allocative when the results or outputs cost
her money, care, or liberty.

How these systems behave can be measured

from outside. Wherever the data allowed, we have
reported what the behavior costs women. Other
costs or impacts cannot be reported, because they
are not publicly available to researchers. The data
that would allow for measurement sits within the
firms and institutions running the systems.

Glossary of Terms

Ad delivery. The platform'’s own decision about
who actually sees an advertisement, made after the
advertiser has chosen whom to target.

Al audit (or algorithmic audit). A systematic
evaluation of an automated system, whether of

a decision-making tool, a product, or a whole
platform. An audit measures what a system does,
not how it was built, and needs no access to the
system'’s inner workings. There are three types of
audits, distinguished by who conducts them. In this
report, we use the following terms:

B Internal audit (first-party audit): An
organization’s evaluation of its own system,
such as a developer’s bias testing or an
employer’s in-house checks.

B Commissioned audit (second-party
audit): An evaluation by an outside firm
hired and paid by the organization being
audited. The organization hiring the outside
firm typically sets the scope of the audit.
Most audits conducted under current law
are commissioned audits.

B Independent audit (third-party audit):
An evaluation by researchers, journalists,
regulators, or civil-society groups with no
contractual or financial relationship to the

system’s owner. Nearly all the evidence of
bias in this report comes from independent
audits. Researchers give the system
controlled inputs, identical except for an
attribute such as gender, and compare what
it returns against a benchmark.

Al system. The umbrella term this report uses

for automated decision systems and algorithmic
products, tools, and platforms, from a credit-scoring
model to a generative chatbot.

Algorithmic management. Al systems that manage
work directly: allocating tasks, setting schedules,
rating performance, or pricing time.

Allocative harm. A cost to a specific person in what
she receives: money, services, opportunities, or the
risk she is left to carry.

Alternative data. Records outside a conventional
credit file, such as cash-flow records and
employment patterns, used to score borrowers with
little or no credit history.

Automated employment decision tool (AEDT).
The legal term, from New York City’s Local Law 144,
for software that substantially assists or replaces
discretionary decisions about hiring or promotion.

Bias audit. Local Law 144's required annual audit of
an automated employment decision tool: a second-
party audit in this glossary's sense, conducted

by an auditor the statute styles as “independent”
but whom the audited employer or its vendor
selects and pays. The law requires the audit to be
commissioned and its summary published; it does
not require a passing result.

Companion Al. Applications offering a chatbot
partner or friend that is always available and shaped
by the user, in the companion market typically
feminine by design.
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Deepfake. Synthetic media that depicts a real
person doing or saying what they did not, produced
by face-swapping or generative methods.

Gender-blind design. Building a model without the
gender variable, on the premise that a model never
told an applicant’s gender cannot discriminate by it.

Generative Al. Systems that produce new content,
including text, images, and voices. Built on models
trained on text and images from across the internet,
they arrive with the gendered associations of that
material already inside them.

Image-based sexual abuse (IBSA). Creating,
sharing, or threatening to share sexual imagery of

a person without their consent, including imagery
an Al system fabricated. Non-consensual intimate
imagery (NCII) is the term most statutes use for the
material itself.

Large language model (LLM). A model trained
on text at internet scale to produce text: the
technology behind chatbots, assistants, and the
generative tools audited in this report.

Non-generative Al. Systems that classify and
predict from a specific dataset rather than
producing new content: reading a scan, forecasting
a risk, ranking a resume.

Nudify application. A consumer application that
generates a nude body from a clothed photograph.

Predictive policing. Models trained on police
records, such as calls for service, stops, and arrests,
to forecast where crime will occur and direct patrol
attention.

Proxy. A detail that indirectly signals a protected
attribute: the school attended, the jobs already held,

a women'’s chess club on a resume. A model reading
proxies does not need to be told an applicant’s
gender to sort by it.

Representational harm. Harm in how a

system depicts or classifies people: for example,
describing women in terms of warmth and men

in terms of ability. These harms fall on groups, not
individuals, and can be measured directly in the
system’s behavior.

Risk assessment (criminal justice). An instrument
that converts what is known about a defendant,
such as prior offenses, age, employment, and
housing, into a score meant to predict rearrest, used
by courts in decisions about release, supervision,
and sentencing.

Sex and gender. In a medical context, sex refers

to a person'’s biological characteristics, gender

to socially constructed roles and norms. Both are
commonly treated as binaries, but gender runs along
a spectrum and sex includes intersex variation. The
two are often conflated or used interchangeably in
data; this report follows the term each source used
(Lee et al. 2026).

Training data. The records a model learns from. In
every domain this report examines, those records
describe an unequal world, and the model learns the
inequality with the rest.

Vignette study. An audit design that presents a
system with constructed cases, identical except for
the attribute under test. It measures model behavior
under controlled conditions, not care, decisions, or
outcomes delivered to real people.
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