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Figure 1: Interface of our writing assistant providing autocomplete suggestions for evaluating job candidates’ résumés. The
system provides short-phrase suggestions that differ by condition. (Left) In the stereotypical condition, suggestions emphasize
female-associated warmth-oriented traits (e.g., approachable, supportive, empathetic). (Right) In the counter-stereotypical
condition, suggestions highlightmale-associated competence-oriented traits (e.g., confidence, analytical, ambitious). Suggestions
are color-coded in this figure to illustrate condition-specific content but appeared in standard black text during the study. By
subtly altering the descriptive language participants adopt to describe candidates, the system intervenes on stereotypes directly
at the point of language production, reshaping perceptions of the candidate and downstream behavioral decisions.

Abstract
Women remain underrepresented in the workplace, partly due to
stereotypes associating competence traits with men rather than
women. Efforts to change such stereotypes often yield mixed results.
As language models become integrated into daily life, AI writing
assistants offer an opportunity to shift gender images. In a prereg-
istered experiment (𝑁 = 672), participants evaluated résumés for
a female (“Jennifer”) and a male (“John”) candidate applying to a
financial analyst role. They wrote evaluations using AI-generated
suggestions in one of three conditions: suggestions for Jennifer
integrated stereotypically male, female, or neutral traits. Sugges-
tions for John remained neutral. Participants exposed to male-trait
suggestions evaluated Jennifer as more competent, selected her as
the leader, and offered higher salaries. However, we also observed
signs of backlash: participants were less willing to work with com-
petent Jennifer. We discuss implications for designing AI writing
assistants to mitigate gender bias in hiring contexts.
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1 Introduction
Despite the increasing representation of women in political, fi-
nancial, academic, and industrial sectors [63, 68, 72, 97, 141, 148],
women continue to face challenges at every stage of their careers
compared to men. For example, women are less likely to be offered
a short meeting with faculty mentors [142], called back for a job
interview [12], promoted due to perceived lower potential [11], and
compensated with salaries and bonuses comparable to their male
counterparts [111]. Psychologists and other social scientists have
long argued that gender stereotypes play a key role in sustaining
these disparities [63, 68, 97]. Originating from the traditional social
roles of women as caregivers and men as breadwinners [63, 65],
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people tend to perceive women as community-oriented, warm, car-
ing, and empathetic, and men as goal-directed, assertive, competent,
and analytical [1, 46, 66, 68, 74, 96]. Many roles in the workplace
are culturally coded as requiring competence-oriented traits such
as assertiveness and analytical skills that align with stereotypes of
men [39, 40, 81, 94]. As a result, the communal women are often
seen as incongruent with these demands [7, 63, 88], leading evalu-
ators to judge female candidates as less suitable for leadership or
technical positions [15, 64, 97, 118, 163, 188].

Gender stereotypes, defined as cognitive representations that
link gender groups with specific traits [68, 74, 92, 101], have proven
challenging to change. Social scientists and policy makers have ex-
perimented with various interventions, but results are often mixed.
One common strategy targets stereotypes at a meta-cognitive level:
training sessions and educational programs encourage people to
recognize their own biases, assuming that awareness of gender in-
equality will update beliefs, attitudes, and behaviors [36, 58, 78, 181].
Another strategy is to provide counter-stereotypical examples: pre-
senting female scientists in classrooms [174], or promoting women
into leadership rather than supporter roles [124]. Yet, both strate-
gies share the same limitation: they operate indirectly, relying on
reflection or exposure to change gender-trait associations; a premise
that empirical evidence suggests often requires multiple-sessions
and produces mixed results [181].

An alternative strategy for reshaping gender stereotypes is to
directly address the language people use to describe women in
work-related contexts. Organizational documents, performance
reviews, and hiring memos, for instance, all rely on descriptive
language to represent and evaluate candidates. Stereotypes are
reinforced every time a woman is described as “warm and friendly”
while a man is described as “decisive and ambitious,” or when job
titles default to “businessman” or “chairman” [19, 124]. However,
replacing ingrained linguistic habits carries high cognitive and
social costs [19, 36, 171], and spontaneous usage of gender fair
language remains low, even in countries with advanced gender-
language policies [171, 172].

Recent advances in language models and their integration into
writing tools across a variety of contexts [127], ranging from sci-
entific and academic writing [146, 161], business emails and re-
ports [31, 106], English language learning [201], and creative story
writing [108, 164, 177] have opened up a new opportunity for
language-based interventions. In the context of changing gender
stereotypes, AI writing assistants present a powerful design oppor-
tunity that differ from existing interventions in mechanism. Exist-
ing interventions operate explicitly and meta-cognitively, requiring
people to recognize their biases, reflect on counter-stereotypical
possibilities, and consciously monitor their behavior [151]. This
is cognitively costly and potentially counter-productive: attempts
to actively inhibit stereotypic thoughts result in these thoughts
later resurfacing with even greater strength [139]. In contrast, AI
writing assistants can intervene implicitly and linguistically: pro-
viding alternatives to biased defaults by shaping the descriptive
language people produce as they write. Thus, instead of relying on
individuals to suppress stereotypic thoughts or engage in counter-
stereotypical thinking, such tools can nudge participants toward
alternative descriptors with relative ease. By intervening directly

in language production – the very medium through which stereo-
types are perpetuated – AI writing assistants provide a bottom-up
approach to disrupting the vicious cycle.

While language models bring new opportunities to change gen-
der stereotypes, they also carry potential risks [194, 195]. On the
one hand, language models often reproduce social biases [5, 32,
102, 152, 162], and tools built on top of such biased models may
suffer from similar issues. For example, language models attribute
less agency to woman [192] and write weaker reference letters for
female applicants [193]. Interacting with these models can cause
downstream biases in users, such as through shifting voters’ po-
litical stance [71, 158] and inducing essentialist attitudes towards
culture [47]. AI writing assistants may also homogenize both the
style and content of writing, drifting towards Western styles and
reducing diversity [2, 10].

De-biasing interventions may also cause gender backlash. Gen-
der backlash refers to the social and evaluative penalties individuals
receive when they violate prescriptive gender norms, for example
when women display dominance, assertiveness, or other behav-
iors culturally coded as masculine [169, 170]. As stereotypes en-
code expectations about the "appropriate" traits and behaviors of
social groups, stereotype-reducing AI suggestions that describe
women with unexpected or counter-normative attributes may elicit
discomfort. For example, if the prescriptive gender norm for a
woman in applying to a role is "team-oriented and caring," then
a counter-stereotypical completion that describes her as "domi-
neering" may violate expectations, making people dislike and even
criticize her [63, 169, 170]. As gender backlash often stems from
members of the privileged class who – whether subconsciously
or consciously – wish to uphold existing power hierarchies, the
degree of effectiveness and backlash may also depend on the social
status of the user [24]. Understanding whether and how AI writing
assistants can meaningfully shift how people write, evaluate, and
decide in high-stakes settings while minimizing chances of backlash
remains an important empirical question.

In this paper, we examine one high-stake decision context: hiring
(Section 2). We investigate the potential of autocomplete-style AI
writing assistants to reduce gender stereotypes in hiring evalua-
tions. In a preregistered online experiment (𝑁 = 672), participants
reviewed résumés for a male and a female candidate and wrote eval-
uations using an language-model-powered autocomplete tool [128].
Participants were randomly assigned to write with suggestions that
contain stereotypically masculine, feminine, or neutral descriptors
for the female candidate. Suggestions for the male candidate were al-
ways neutral. We thenmeasured the effects of these subtle linguistic
manipulations on written evaluations (cognition), trait impressions
and affiliative judgments (attitudes), hiring decisions and salary
recommendations (intended behaviors) (Section 3). Overall, our
results show that AI-generated suggestions can increase the per-
ceived competence of female candidates and improve their hiring
prospects, but we also observed potential signs of gender stereotype
backlash, in which the female candidate is disliked because she vio-
lates prescriptive norms of warmth and communality. (Section 4).
These findings highlight both the promise and the complexity of
using AI writing assistants as interventions against gender bias.
We conclude with implications for the psychology of gender bias,
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language-based interventions, design insights for socially oriented
computing systems, and limitations of this work (Section 5).

2 Related Work
In this section, we review gender stereotypes in the workplace,
assess existing interventions and their limitations, outline the cog-
nitive foundations underlying thought and language, and charac-
terize the opportunities and risks of using AI writing assistants to
reshape gender stereotypes in professional contexts.

2.1 Gender stereotypes in the workplace
Views about gender and work have changed significantly in the past
century, but negative stereotypes regarding women’s suitability
for leadership and intellectual work persist. At the turn of the
nineteenth century, gender essentialism – the belief that differences
between men and women reflect innate, immutable traits [82, 99,
165] – predominated discourse on gender and labor [89]. Women
were portrayed as less evolved and lacking the capacity to reason,
while men were seen as rational and progressive [91, 125]. These
portrayals rationalized the then-consensus that women’s “natural”
traits made them best suited for domestic and caregiving roles.
At the same time, essentialist views also claimed positive traits in
women, such as being peace and relationship-oriented [86].

As women’s visibility in the workplace grew throughout the
20th century, the claims of gender essentialism were challenged
but did not disappear; instead they evolved into more subtle forms.
Women entered the workforce in large numbers, but were dis-
proportionately concentrated in supporting roles such as clerical
work, teaching, and nursing [70, 143]. These shifting dynamics gave
rise to a new form of bias that includes both hostile and benevo-
lent attitudes, known as ambivalent sexism [88]. Hostile sexism
reflects overtly negative beliefs about women who challenge tra-
ditional roles or seek power, portraying them as threatening or
undeserving. Benevolent sexism, by contrast, idealizes women for
their warmth and empathy, thus affirming that they need male pro-
tection [7, 88]. Although benevolent sexism may appear supportive,
it similarly justifies women’s exclusion from leadership and other
high-competence and agentic roles [40, 62, 63, 97, 163].

Today, as women become more represented in a wider variety
of sectors, explicit discrimination has declined, but subtler biases
remain. Women are offered fewer high-visibility assignments, less
favorable performance evaluations, and lower rewards than equally
qualified men [97]. Identical résumés are evaluated less favorably
when assigned female names, resulting in fewer hiring recommen-
dations and reduced salary offers [144]. Incompetence perceptions
scale with perceived femininity; for example, women perceived as
more stereotypically feminine due to motherhood [149] or physi-
cal attractiveness [153] are judged to be more incompetent. When
women attempt to avoid incompetence stereotyping by displaying
agentic behaviors deemed necessary for leadership such as self-
promotion, they are still penalized for defying gender prescriptive
norms – a double bind that constrains real progress [149, 167, 169].
These effects are amplified by intersectionality, compounding bar-
riers through the interaction of gender with race, class, and other
marginalized social identities [16, 57].

These findings illustrate that as women joined the workforce,
stereotypes have evolved rather than disappeared. Biases shifted
from overt exclusion grounded in essentialist thinking to more sub-
tle, benevolent forms of bias that nonetheless present a barrier for
women at every stage of their career. Given this historical context,
our study focuses on how to shift stereotypes of women, while also
acknowledging that stereotypes of men can be equally harmful [8].

2.2 Existing interventions and their limitations
Researchers and practitioners have developed a wide range of inter-
ventions to in attempt to counter gender stereotypes. Most share
a common underlying assumption: that increasing awareness of
gender inequality or exposing people to counter-stereotypical ex-
amples will lead to changes in beliefs, attitudes, and behaviors.
Meta-analyses and reviews suggest that these approaches often
have limited or inconsistent effects [68, 181].

Awareness-raising and training programs. Educational programs
and training modules typically aim to sensitize participants to the
existence and consequences of gender bias. However, raising aware-
ness does not guarantee behavioral change: reported attitudes may
shift without altering actual decision making [181]. For instance,
male undergraduate students who watched videos explaining the
harms of stereotypical masculinity and the benefits of seeking pro-
fessional support reported less belief in male gender roles, but did
not engage in more help-seeking [25] . In organizational contexts,
mandatory diversity training often fail to increase the representa-
tion of women and minorities in management, and in some cases
even causes decrease [114]. For example, online diversity train-
ing at a global organization found minimal changes in employees’
decisions about whom to promote, hire, or invite to mentoring
meeting [36]. These programs may create an “illusion of fairness”
that reduces willingness to report discrimination [113]. These find-
ings illustrate that raising awareness on its own may be insufficient
to change stereotypes.

Counter-stereotypical examples and role models. This approach
aims to broaden mental representation by exposing participants
to counter-stereotypical exemplars [41, 129], such as presenting
images of women in STEM roles [154], imagining oneself in the role
of a female scientist [174], or otherwise highlighting female leaders
[49]. For example, interacting with a female role model for one hour
increased the probability that female high school seniors will enroll
in an advanced STEM course by 30%, and receiving a letter from a
female role model reduced dropout from undergraduate chemistry
and psychology classes [23, 98]. Role models in position of high
visibility also have organizational impacts: corporations that hired
women into senior leadership positions begin to use more agentic
descriptors for women across the organization [124]. Yet the impact
of such interventions are context-dependent and may be short-
lived without repeated reinforcement [150, 174]. A more critical
limitation is that role model interventions require participants to
infer the connection that all women can embody agentic traits
the role model; they must not attribute the role model’s success
to individual brilliance. This depends on personal factors such as
how the role model interaction is designed, psychological distance
to the role model (through e.g. race, age, lived experiences), and
perceiving the role model’s success as attainable [87]. Otherwise,
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Figure 2: Conceptual illustration of gender stereotypes. (A) Occupations are positioned along two dimensions: competence
and agency versus warmth and communality. Male-typed roles such as CEO, lawyer, and financial manager cluster toward
high competence and agency, while female-typed roles such as teacher, librarian, and childcare fall toward high warmth. (B)
Trait associations follow a similar pattern. Men are linked with competence-oriented strengths and warm-related weaknesses
(e.g., “analytical,” “arrogant” ), while women are linked with warmth-oriented strengths but competence-related weaknesses
(e.g., “caring,” “illogical”). Together, these diagrams illustrate how stereotypes connect gender with different regions of the
competence-warmth space [68, 74]. Gender demographic data from Data USA [50–53].

role model interventions can easily backfire and lead girls or women
to form “We can, I cant” perceptions of high-competence careers
[6, 13, 132].

Altogether, current interventions hope to shift cognitive rep-
resentations of women as incompetent to women as competent
by raising awareness of gender inequality or exposing people to
counter-stereotypical examples. While potentially effective, these
strategies rely on individuals to be sufficiently motivated to change
their biases and to correctly draw the connection that a counter-
stereotypical role model implies women’s competence in general.
Existing strategies are also difficult to personalize: they do not
enable interventions to be designed based on each individual’s ex-
isting gender attitudes, identities, or preferences. Complementing
prior approaches, we use AI writing assistants to provide tailored
counter-stereotypical suggestions that directly reshape gender rep-
resentations through language.

2.3 Cognitive foundations for thoughts in
language

Natural language and human thought are closely intertwined, al-
though the extent to which the two modules are separable have
been contested by philosophers, psychologists, linguists, and cog-
nitive and social scientists alike [26, 35, 85, 95, 134, 156, 190]. The
classicWhorfian hypothesis conjectures that humans dissect nature
along lines laid down by their native language; the world is thus or-
ganized by the linguistic systems of human minds [26, 55, 196] (but
see [95, 156]). Consider, for example, when a committee replaces
chairman with chair, as one such case [85].

On the one hand, cognition can be reflected in language. The
male-oriented chairman label came about because men were the
typical occupants of such leadership positions; in this case, lan-
guage mirrors the state of the world. More broadly, minds organize
experience into categories and assign linguistic symbols to index
and distinguish them. For example, humans assign different words,
such red and green, to distinguish between colors [26, 55], and
use different concepts, such as north versus south, to index spatial
relations [42, 130, 131]. From this view, language encodes mental
categories and serves as a conduit of belief. On the other hand, lan-
guage also sculpts cognition. For example, calling a position chair-
man may potentiate gender bias, whereas chair makes it less likely
for people to assume the role-holder should be male [19, 85, 124].
Similarly, learning relational language augments humans’ ability
to engage in relational thought [84, 119]; acquiring complement
clauses fosters the development of theory of mind and the ability
to pass false-belief tasks [56]. From this view, language functions
as a toolkit that actively shapes and delineates cognition.

This influence of language on thought is central to cognition in
social contexts [104, 173]. People use language to communicate their
personality traits [21], perceptions and judgment of others [76],
and cultural knowledge including stereotypes [136, 137]. Language
provides the means for categorizing others [20, 83], coordinating
meaning with different goals [90], and transmitting norms within
and across cultures [9, 115, 135]. At the same time, changes in
language can reshape these very social processes. For example,
the“saying-is-believing” effect demonstrate that when people are
induced to argue for a position they do not initially endorse, their
attitudes shift toward their expressed statements [3, 73, 100, 110].
Beyond content, the form of expression matters: structural priming
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studies show that recently produced linguistic structures bias sub-
sequent utterances [155]. Framing effects indicate that even subtle
lexical switches, for instance, describing crime as a “virus” versus a
“beast”, shift reasoning and policy preferences [187]. Research on
hiring practices has found that replacing masculine language in job
postings (e.g., “entrepreneurial spirit”) with more gender-neutral
phrasing (e.g., “willingness to pursue new and creative ideas”) in-
creases the likelihood that women will apply to those positions [94].

In sum, drawing on the language-thought hypothesis, we predict
that interventions directly targeting people’s use of language may
shift the way they cognitively represent gender. If thought is struc-
tured through language, then one way to change thought may be
by reshaping these linguistic inputs [77, 85]. By interrupting stereo-
typical language production and suggesting alternative descriptors,
we hypothesize participants come to author less stereotyped lan-
guage. When they accept these edits, their internal representations
gradually shift to align with what they have written, potentially
leading to changes in downstream decisions.

2.4 Opportunities for AI writing assistants to
change gender stereotypes

HCI research has long studied writing support tools, with efficiency,
error rate, and predictive entry being the original central concerns
[37, 121, 138, 189]. From there, research turned toward support-
ing grammar, spelling, and correctness, through early grammar
checkers, automated essay scoring, and later large-scale grammar
error correction benchmarks [30, 126, 145]. With the advent of large
language models, writing assistants have evolved from efficiency
tools into collaborative partners described as a “second mind,” of-
fering phrase or sentence-level suggestions that not only influence
tone and structure, but also help users better plan and express cre-
ativity [191]. This shift towards seeing language models as active
co-authors has sparked new interest in how people interact with
these writing assistants [60, 127, 198]. As these systems become
more capable and widely deployed, understanding how they af-
fect the writer’s sense of agency and ownership [160], authenticity
[107] and values [14] have become a central concern.

A growing body of literature examines how AI writing assis-
tants can shift human beliefs, attitudes, and opinions across diverse
domains. For example, co-writing with opinionated models alters
users’ views [109], biased writing assistants shape attitudes on so-
cial issues [197], and AI-generated explanations influence belief
in misinformation [44, 48]. AI has also been used to facilitate per-
suasion in deep canvassing [4], support deliberation across demo-
graphic divides [185], and guide topic choice [157]. Taken together,
these studies demonstrate that language models can affect both
what people say and what they believe, making them potentially
powerful tools for changing users’ beliefs about gender. Recent
advances in language models create an opportunity to intervene at
this precise level: not by changing the structure of a task, but by
altering how people talk about others. Compared to traditional bias
interventions, language model-based suggestions offer three key
advantages: (1) they require minimal cognitive effort, (2) they can
be scaled across users and time, and (3) they can provide tailored
suggestions adapted to user input. Yet despite recent converging

evidence that AI writing assistants can influence expression and at-
titudes, no studies to date have intentionally designed such systems
with the explicit goal of reducing bias through counter-stereotypical
expression. Existing work has largely examined persuasion, delib-
eration, or unintentional effects of biased models, leaving open
the question of how AI writing assistants might be purposefully
engineered to de-bias stereotypical beliefs.

3 Methods
We conducted an online experiment (𝑁 = 672) in which partici-
pants viewed two résumés, one female (“Jennifer”) and one male
(“John”), and wrote short evaluations with the help of an autocom-
plete tool. When writing about the female candidate, we configured
the writing assistant to generate either gender neutral, stereotyp-
ical, or counter-stereotypical completions, while completions for
the male candidate were always gender neutral. We compared writ-
ten evaluations, hiring justification, trait ratings, and salary offers
across conditions. Writing artefacts provide a naturalistic lens into
underlying psychological processes [184], and we quantify levels of
gender bias in participants’ evaluations. Since writing alone does
not necessarily translate into attitudinal or behavioral change, we
also quantified levels of bias in participants’ attitudes and intended
behaviors, using well-established measures in psychological and
behavioral science research [12, 74, 144].

3.1 Experimental design
We created the scenario of making a hiring decision for an entry-
level financial analyst role between résumé of two recent college
graduates (Figure 3). We selected this role based on its relatively
higher male gender ratio (57.3% men versus 42.7% women), ac-
cessibility to a general participant pool without requiring special-
ized technical knowledge and to avoid preconceptions of strong
competence. To make sure any differences in evaluations can not
be attributed to considerable differences in candidates’ qualifica-
tions beyond gender, we carefully designed the two résumé to be
matched in competence and qualifications (e.g., same GPA, degree,
SAT scores). To signal gender identity, we chose gendered names
of John and Jennifer, and also included competence-unrelated but
gender-suggestive traits as hobbies (e.g., ‘intramural soccer league’
for John and ‘yoga and pilates’ for Jennifer). (See Appendix A for
full résumés.)

After reading the task instruction, participants were shown the
two résumé on the same page, with the left/right order randomized.
They were asked to write 150-word evaluations for each applicant.
At this stage, the résumés were no longer visible, requiring the
participants to rely on their impressions and memory. This design
choice was intended to encourage more spontaneous judgments,
making it more likely that gender stereotypes would implicitly
shape evaluations and mirror real-world hiring contexts, where
résumés are often reviewed only briefly.

As participants typed, they could press TAB to view short phrase
completions from the autocomplete assistant. The assistant always
provided neutral completions for the male candidate, while sugges-
tions for the female candidate varied by condition: neutral (control),
communal/warmth-oriented (stereotypical), or agentic/competence-
oriented (counter-stereotypical). Participants were required to press
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Figure 3: Experimental task and manipulation. (A) Task flow: participants first reviewed résumés for Jennifer and John,
then wrote evaluations with the assistance of an AI autocomplete tool. After writing, they completed trait ratings, made
hiring and salary decisions, provided justifications, and indicated affiliative preferences. (B) Example completions across
conditions: the counter-stereotypical condition described Jennifer with competence-oriented traits (“courageous and decisive”);
the stereotypical condition described her with communal traits (“warm and friendly”); and the control condition provided
neutral phrases (“she made organized reports”).

TAB (i.e., view completions) at least eight times (no upper limit), but
were not required to accept any suggestions. Thus, if participants
found the completions to be irrelevant or unhelpful, they could
simply ignore them or incorporate them to any extent they wanted,
including heavily modifying them or not using them at all.

After writing their evaluation for John and Jennifer, participants
were shown both writings at the same time, and told to make
any final edits. Next, they rated both candidates on warmth and
competence related traits while their evaluations were provided
at the top of the page as notes, serving as a reminder. They then
made a hiring choice, justified their decision, indicated proposed
starting salaries using a slider, and made affiliative decisions of who
they would (1) want to lead their team and (2) enjoy working with.
Finally, participants completed demographic questions and were
asked to guess the purpose of the study and provide any feedback.

3.2 Writing assistant configuration
We used CoAuthor [128], an AI writing assistant that provides
autocomplete suggestions, as our writing platform. The assistant
was powered by GPT-4o with temperature = 1, maximum tokens
= 150, presence penalty = 0.5, and a newline stop token. Based on
pilot experiments, we opted for short, phrase-long completions
to encourage participants to integrate suggestions into their own
writing rather than relying on long, sentence-level continuations.

To implement our manipulation, we manually engineered and
tested prompts for each condition. Each prompt included a phrase
bank containing both positive and negative terms along warmth
and competence dimensions (Table 1) [46, 74, 81]. Suggestions were
designed to align with the valence of the participant’s sentence,
offering positive continuations for positive statements and negative
continuations for negative statements. This approach allowed us
to subtly shift participants’ descriptive language without directly
instructing them whom to favor. To ground completions in context,
the full candidate résumé was also provided in the system prompt.
In the control condition, résumé matched those seen by partici-
pants. In the stereotypical and counter-stereotypical conditions,
the internship supervisor letter was slightly modified to empha-
size either communal traits or competence-related traits, thereby
increasing the genderedness of model suggestions. Full prompts for
each condition are provided in Appendix G

3.3 Outcome measures and covariates
We collected several outcome measures to evaluate how language
model completions influenced participants’ evaluations of the candi-
dates. Drawing from the psychological literature [76], we collected
three levels of outcomes: cognitive (written evaluations), attitudinal
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Counter-stereotypical Stereotypical Control

Positive

courageous in tackling hard tasks social, friendly and approachable organized and responsible

confident in financial analysis diplomatic in discussions consistent in meeting expectations

competitive in case competitions makes others feel included learns from feedback

Negative

less approachable in group settings hesitant to take the lead a bit of a perfectionist

takes charge too much indecisive under pressure limited experience

less attuned to others’ needs needs more independence occasionally slow to adapt

Table 1: Examples from the phrase bank. AI writing assistant is prompted to include linguistic cues in their suggestions: positive
(upper) or negative (lower row) adjectives of male stereotypical (left), female stereotypical (middle), or neutral (right column)
traits.

(trait evaluation and affiliative judgments), and behavioural inten-
tion (hiring and salary decisions). (See all questions in Appendix B)
[46, 74, 75]. Here we summarize these measures in brief.

Written evaluations. As the primary measure, we collected open-
ended texts written evaluations (approximately 150 words) describ-
ing each candidate, including real-time keystroke level interaction
data describing what suggestions were provided, what suggestions
were accepted, edits, and any pauses participants made. We quan-
tify the gender bias expressed in evaluation texts as described in
Section 3.4.

Trait evaluations. We collected eight likert-scale responses as-
sessing candidate’s perceived warmth and competence, for example
“The candidate is friendly and personable.” and “The candidate
demonstrates strong leadership.” Each item ranged from 1-7, John
and Jennifer representing the two extremes. For example, a score of
1means participants thought John fits this trait themost, and a score
of 7 favors Jennifer. The actual anchoring of John/Jennifer on 1 or
7 was randomized to avoid order effects. To capture affiliative judg-
ments, we asked participants to make binary decisions framed as
personal preferences references: “Which candidate would you per-
sonally enjoy working with?”, indexing warmth, “Who would you
trust to lead a difficult project?”, indexing competence. We adapted
these statements from social perception literature [74, 116, 117] to
be more relevant to the workplace.

Hiring decision and salary offer. After participants completed
both written evaluations and the trait survey, they faced a binary
choice: “Which candidate would you hire for an entry-level financial
analyst position at a financial services firm (e.g. banks, accounting
firms, advisory firms)? You can only choose one. Your choice should
reflect who you think would be more successful in a financial ana-
lyst role and environment.” After this trial, they were prompted for
their reasoning and required to write at least 30 words. They were
then presented with two sliders ($55,000–$80,000), told that the me-
dian salary for the position was $62,000, and asked to recommend a
salary for both John and Jennifer. We adapted these measures from
a study which asked participants to view male versus female un-
dergraduate resumes (resumes were identical except for the name)
and rate their likelihood of hiring the student as well as select an
annual starting salary [144].

Covariates. In addition to standard demographic variables in-
cluding age, gender, race, ethnicity, and education, we collected
post-task feedback on the study and their guesses about its purpose
to check for suspicion. We also embedded an attention check item
in the trait evaluation survey to exclude inattentive participants.

3.4 Quantifying gender bias in written text
We applied three complementary approaches to quantify magnitude
of gender bias in participants’ written evaluations.

• Dictionary-based analysis: we applied unigram matching
with predefined competence and warmth dictionaries to
measure the frequency of stereotype-consistent descriptors.
The dictionary we used is validated and widely-used in psy-
chological studies of stereotypes [147]. We normalized the
number of matches by the number of words in the written
evaluation to derive a continuous metric per evaluation. The
scores for warm and competence range from 0 to 1, such that
0 meant no word in the text was in the warm / competence
dictionary, and 1 meant all words in the text appeared in the
dictionary.

• Gender polarity analysis: we applied an adapted version
of the gender polarity metric from the BOLD framework
[59]. The original gender polarity method projects calculates
a bias score 𝑏𝑖 for each word embedding in a text onto a
gender vector 𝑔, defined as the difference between she and
he vectors: 𝑔 = 𝑣she − 𝑣he:

𝑏𝑖 =
®𝑤𝑖 · ®𝑔

∥ ®𝑤𝑖 ∥ ∥ ®𝑔∥
The location of each word on this projection corresponds
to human annotations of word-level gender. As we were
interested in more nuanced warmth and competence asso-
ciations rather than only sex-based differences, we instead
defined two sets of seed adjectives commonly used in social
psychology to capture communal/warmth traits (e.g., affec-
tionate, cooperative, empathetic) and agentic/competence
traits (e.g., assertive, ambitious, analytical). These adjective
sets were adapted from the validated dictionary used in our
unigram analysis and from established measures of stereo-
type content [74, 147]. We then computed embeddings for
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each adjective set and projected participants’ sentence em-
beddings onto these vectors using cosine similarity. For each
response, we calculated an average feminine coded similarity
score, an average masculine coded similarity score, and a
net bias score (feminine minus masculine), which we used
as our primary outcome measure of gender bias in writing.
Scores range from −1 to +1, with higher values indicating
that a participant’s writing was more semantically similar
to feminine-coded adjectives, and lower values indicating
more masculine-coded adjectives. For parsimony, we report
the aggregate similarity scores in the main text; however, to
ensure comparability with the original polarity method, we
also compute and report full polarity scores in the Appendix
C.

• LLM-as-judge analysis [122]: we prompted GPT-4 to evalu-
ate each text for evidence of warmth bias and competence
bias on a 1–5 scale, where higher values indicated stronger
reliance on gender stereotypes. We aggregated these ratings
across participants to compare conditions. Scores range from
1-5, such that 1 meant the evaluative text was completely
neutral to warmth/competence and 5 meant the text rely
fully on warmth/competence stereotypes to make the evalu-
ation. We note that this measure is an exploratory measure
not calibrated against human coders.

These measures capture gender bias at multiple levels of granu-
larity. The dictionary counts identify whether participants explicitly
used communal or agentic descriptors aligned with gender stereo-
types. The adapted Gender-Wavg metric detects subtle shifts even
when specific dictionary terms are absent. Finally, the LLM-as-judge
ratings provide a holistic assessment of the gender bias present
in the writing. By combining these approaches, we obtain a nu-
anced understanding of gendered language in participants’ written
evaluations.

3.5 Participant recruitment
We recruited 672 participants through the online platform Prolific.
Based on a pilot study with 150 participants, we conducted a power
analysis for our primary pairwise contrasts. For binary outcomes
such as hiring choice, we used a Cohen’s h–based calculation with
𝛼 = .05 (two-sided) to estimate the detectable effect size. This
analysis indicated that approximately 200 participants per condition
would provide 80% power to detect small effects (Cohen’s ℎ ≈ 0.17).

Participants were based in the U.S., between 18 and 65 years
old, fluent in English as their first language, and had completed at
least 10 previous Prolific submissions with a 98% or higher approval
rate. All participants reported normal or corrected-to-normal vision.
Participants were randomly assigned in equal proportions to one of
the three experimental conditions: control, stereotypical, or counter-
stereotypical. Participants were paid $3.50 for an average task time
of 20 minutes, for an hourly task rate of $10.50. The experimental
protocols were approved by the Institutional Review Board.

4 Results
In this section, we present the results from our pre-registered anal-
yses, beginning with a summary of our key findings.

4.1 Summary of Results
Our intervention shifted participants’ language along competence
and warmth dimensions as intended. These linguistic shifts had
downstream effects on trait perceptions and decision-making. Counter-
stereotypical language increased Jennifer’s perceived competence
and likelihood of being selected as a trusted leader, but reduced
her likability as a colleague. Most notably, counter-stereotypical
completions eliminated the salary gap between Jennifer and John
that appears in both control and stereotypical conditions. How-
ever, hiring decisions showed only directional (non-significant)
changes, with Jennifer chosen slightly more often in the counter-
stereotypical condition compared to control and stereotypical, but
John still preferred overall across all conditions. We report interac-
tion data (exposure, acceptance rate, post-insertions edits, reaction
time) and dose-response analysis, although we find no evidence that
decision-making outcomes scale with these interactions metrics. In
the sections below, we present detailed analyses of each key result.

4.1.1 Data Quality. Data from 6 participants was omitted due to a
failed attention check. We confirmed the success of random assign-
ment. Across conditions, the average percentage of female partici-
pants was 51.0%, average age was 39.8, average years of education
received was 15.3, and 70.4% were white. A balance test indicated
that these demographic variables did not differ significantly across
conditions, suggesting that the samples were comparable.

4.1.2 Manipulation Awareness. According to post-study surveys,
participants were largely unaware of the intention of gender manip-
ulation but rather praised the integration of AI writing assistants.
For example, “The writing assistant is easy and helpful to use. The
study is about people[’s] ability to effectively use writing assistants.”
and “The writing assistant was very helpful in my writing task. The
study sought to determine how humans and AI can collaborate
productively.” While some participants understood that the study
was about gender, it appeared that participants were aware that
the writing autocompletion assistant was an intervention designed
to manipulate the gendered stereotypicality of language.

4.2 Did the AI writing assistant affect gender
stereotypes in participant writing?

Unigram matching analysis showed strong effects of condition
on participants’ word choice (Figure 4). We ran an ordinary least
squares regression with the ratio of competence words to total
words in an evaluation as the dependent variable (and subsequently,
ratio of warmth), and experimental condition as the independent
variable. For competence-related descriptors, counter-stereotypical
completions increased the use of competence terms relative to con-
trol (𝛽 = +0.030, 𝑝 < .001), while stereotypical completions slightly
decreased them (𝛽 = −0.006, 𝑝 = .042). Pairwise contrasts con-
firmed that counter-stereotypical and stereotypical conditions dif-
fered significantly (𝑝 < .001). That is, when participants evaluated
Jennifer in the counter stereotypical condition, their overall writing
integrated more terms such as as competitive or confident from the
writing assistant, compared to when suggestions highlighted con-
sistent (control) or friendly (stereotypical). For warmth-related de-
scriptors, the pattern reversed: stereotypical completions increased
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Figure 4: Quantifying gender bias in evaluation text across experimental conditions. (A): Dictionary-based unigram analysis
showing the relative frequency difference in gendered descriptors by dimension (competence vs. warmth). (B): Cosine similarity-
based net gender bias score, computed as the difference in semantic similarity to femininity- and masculinity-associated
embeddings. (C): 2D scatter plot of femininity vs. masculinity cosine similarity for individual text samples, colored by condition.
Each point represents a participant’s response, with position reflecting semantic proximity to gendered constructs.

warmth-related terms (𝛽 = +0.030, 𝑝 < .001), whereas counter-
stereotypical completions reduced them (𝛽 = −0.018, 𝑝 < .001);
both effects differed statistically significantly from the control con-
dition. In other words, when participants evaluated Jennifer with
counter-stereotypical suggestions, such as being confident in fi-
nance or takes charge too much, their overall memos contained
fewer warmth-related descriptors. This indicates that our inter-
vention successfully manipulated participant use of descriptive
language, and suggestions were found relevant enough by partici-
pants across conditions to be accepted and incorporated into their
own description of the job candidates.

Sentence-level embedding analysis confirmed intervention ef-
fects of gendered language (Figure 4). We ran an ordinary least
squares regression with the sentence-wise embedding gender bias
score (see 3.4) as the dependent variable, and experimental con-
dition as the independent variable. We found a strong treatment
effect: Relative to control, counter-stereotypical completions de-
creased net bias scores (𝛽 = −0.012, 𝑝 < .001), while stereotypi-
cal completions increased them (𝛽 = +0.012, 𝑝 < .001). Post-hoc
tests further showed that the two manipulated conditions differed
strongly from each other (mean difference = 0.024, 𝑝 < .001). In
other words, beyond individual word choices, the overall warmth
and competence dimensions of the written evaluations also shifted:
counter-stereotypical prompts made their evaluations semantically
more competence-focused, while stereotypical prompts made them
more warmth-focused.

Finally, exploratory LLM-as-judge ratings also support that the
intervention changed gender stereotypes in the participants’ writ-
ing (Figure 4). We ran an ordinary least squares regression with the

average LLM-generated warmth-competence rating as the depen-
dent variables, and the experimental condition as the independent
variable. For competence, GPT-4 judged the evaluation as a whole
as reflecting higher competence of Jennifer for written artifacts
in the counter-stereotypical condition (𝑀 = 3.51, 𝑆𝐸𝑀 = 0.05),
higher than control (𝑀 = 2.81, 𝑆𝐸𝑀 = 0.04), and stereotypical
completions (𝑀 = 2.02, 𝑆𝐸𝑀 = 0.07). Regression results showed
that counter-stereotypical completions significantly increased com-
petence bias (𝛽 = +0.71, 𝑝 < .001), while stereotypical comple-
tions decreased it (𝛽 = −0.79, 𝑝 < .001). For warmth, as expected,
warmth was rated as the lowest in the counter-stereotypical com-
pletions (𝑀 = 0.41, 𝑆𝐸𝑀 = 0.05), as compared to control (𝑀 =

0.70, 𝑆𝐸𝑀 = 0.05) while warmth was rated the highest in the stereo-
typical completions (𝑀 = 3.28, 𝑆𝐸𝑀 = 0.09). Regression confirmed
that stereotypical completions significantly increased warmth bias
(𝛽 = +2.58, 𝑝 < .001), whereas counter-stereotypical completions
reduced it (𝛽 = −0.29, 𝑝 = .002).

These results confirm that the writing assistant can systemati-
cally shift participants’ use of language in line with the intended
manipulation. Rather than being anchored to their prior beliefs,
when the AI writing assistant suggested masculine traits, partic-
ipants were more likely to write of Jennifer as more competent
and less warm. Conversely, when suggestions emphasized feminine
traits, participants wrote of Jennifer as less competent and warmer.

4.3 Did the AI writing assistant affect
participants’ impressions of the candidates?

Affiliative judgments showed signs of sensitivity to our experi-
mental manipulation (Figure 5). We ran a chi-squared test with
the the binary affiliative decisions as the dependent variable, and
experimental condition as the independent variable. For trust in
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Figure 5: Gendered perceptions of competence and warmth traits across conditions. (Top): Affiliative decision outcomes
comparing preferences for “Jennifer” (pink) versus “John” (blue) across control, counter, and stereotype conditions. (A) shows
who is trusted as a leader; (B) shows who is rated as more enjoyable to work with. (C) Average trait ratings (normalized relative
to Jennifer) across leadership, technical skills, experience, assertive/confident, warm, friendly, teamwork, and respect. Bars
represent condition means (gray = control, blue = counter, pink = stereotype) with error bars showing standard error.

leadership, the omnibus chi-square test was marginally significant,
𝜒2 (2) = 5.27, 𝑝 = .072. Participants in the counter-stereotypical
condition were more likely to select Jennifer as a trusted leader com-
pared to the stereotypical condition (98 vs. 75; 𝜒2 (1) = 4.73, 𝑝 =

.030; Fisher’s exact 𝑂𝑅 = 1.56, 𝑝 = .026). No reliable difference
emerged between the counter-stereotypical and control conditions.
Enjoyment of working with the candidates showed a clearer effect
(𝜒2 (2) = 10.20, 𝑝 = .006). Jennifer was chosen as themore enjoyable
colleague more often in the control and stereotypical conditions
(149 and 158, respectively) than in the counter-stereotypical condi-
tion (126). Pairwise comparisons confirmed that Jennifer’s advan-
tage over John was reduced in the counter-stereotypical condition

compared to both control (𝜒2 (1) = 4.32, 𝑝 = .038) and stereotypical
conditions (𝜒2 (1) = 8.90, 𝑝 = .003).

Trait ratings showed a similar tradeoff between competence-
and warmth-related impressions (Figure 5). Using ordinary least
squares regressions with each trait rating as the dependent vari-
able, we observed that counter-stereotypical suggestionsmarginally
increased perceptions of technical skill relative to control (𝛽 =

0.217, 𝑝 = .093), whereas stereotypical suggestions reduced them
(𝛽 = −0.279, 𝑝 = .031). Effects on other competence-related traits
(experience, assertiveness/confidence, leadership) were smaller and
not statistically reliable (all |𝛽 | < 0.20, all 𝑝 > .15).
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Warmth-related traits showed clearer effects. Counter-stereotypical
suggestions reduced perceptions of warmth (𝛽 = −0.393, 𝑝 = .002)
and friendliness (𝛽 = −0.304, 𝑝 = .007), while stereotypical sugges-
tions increased both warmth (𝛽 = 0.353, 𝑝 = .005) and friendliness
(𝛽 = 0.422, 𝑝 < .001). Teamwork and respect showed weaker trends
in the same direction (teamwork: 𝛽 = −0.239, 𝑝 = .051; respect:
𝛽 = −0.152, 𝑝 = .098), though these effects did not reach signifi-
cance thresholds. Together, these patterns indicate that counter-
stereotypical suggestions increased competence-related impres-
sions slightly while reliably decreasing warmth-related evaluations.

Overall, these results suggest that counter-stereotypical sugges-
tions improved Jennifer’s standing as a trusted leader, suggesting
shifts in participants’ written evaluations carried over into mea-
surable and consistent changes in their attitudes. However, these
suggestions simultaneously reduced affiliative judgments, making
her appear personally less likeable. While we cannot determine
causality from current data, the divergence between competence-
related and affiliative judgments is consistent with a backlash-like
pattern where woman displaying competence/agentic traits are
seen as less warm and likeable.

4.4 Did the AI writing assistant affect
participants’ hiring decisions and
recommended salary?

We first examined whether participants’ hiring choices varied by
condition. A chi-squared test with candidate chosen (Jennifer vs.
John) as the dependent variable and experimental condition as
the independent variable revealed no reliable differences across
conditions, 𝜒2 (2, 𝑁 = 665) = 1.44, 𝑝 = .488. The corresponding
effect size was very small (Cramer’s 𝑉 = 0.046). As shown in
Figure 6, Jennifer was selected by 44% of participants in the counter-
stereotypical condition, 41% in the control condition, and 39% in the
stereotypical condition, but these differences were not statistically
distinguishable.

Salary recommendations showed a clearer treatment effect. In
the control condition, participants offered Jennifer significantly
lower salaries than John (paired 𝑡 (223) = −3.18, 𝑝 = .002; Wilcoxon
𝑊 = 4181.5, 𝑝 = .001). A similar gap emerged in the stereotyp-
ical condition (paired 𝑡 (222) = −2.26, 𝑝 = .025; Wilcoxon𝑊 =

3587.5, 𝑝 = .007). By contrast, in the counter-stereotypical condi-
tion the difference between Jennifer’s and John’s salaries was not
statistically significant (paired 𝑡 (222) = −1.09, 𝑝 = .278; Wilcoxon
𝑊 = 4854.5, 𝑝 = .165).

Overall, we found participants remained more likely to hire John
than Jennifer, even when writing with AI suggesting competent
traits. However, these suggestions narrowed salary gaps: when
nudged to describe Jennifer as competent, participants offered her
the same starting salary as John – an effect we did not see in other
conditions.

4.5 Did the AI writing assistant affect how
participants explain their decision?

To complement our quantitative analyses, we conducted a qualita-
tive read-through of participants’ open-ended hiring justifications.
Below, we present illustrative excerpts that highlight how partici-
pants reasoned about their choices.

When the assistant suggested competence-oriented descriptors,
participants who chose Jennifer framed their decision around an-
alytical skills, leadership, confidence, and her experience as a re-
search assistant:

“I chose Jennifer because I think she might be a better
fit for the analytical criteria. Although shemay appear
to keep to herself, I see this as a value.”
“I chose to hire Jennifer due to her strong analytical
skills and her relevant experience as a research assis-
tant and Financial Analyst intern. Her steady improve-
ment and leadership make her a strong candidate for
the job.”
“I chose to hire Jennifer because she demonstrates per-
sistence, accuracy, and confidence—along with strong
leadership and mentoring experience. This makes her
well prepared to succeed in this role.”

When the auto-completion assistant suggested stereotypically
feminine descriptors, participants emphasized interpersonal quali-
ties, writing about how they found her personable, and how she
might collaborate and uplift teammates.

“I chose Jennifer because her warm nature is a good
boost for morale and to help the team succeed andwant
to do well. I think she will bring people together and
make them want to perform well.”
“I can choose to hire Jennifer because my spirit aligns
better with her and I consider her résumé more out-
standing and I believe she would do better in this role.
Although John isn’t bad himself, but I generally prefer
Jennifer.”
“I chose Jennifer because I think that for an entry level
position she will fit in better with the team. She is
warm and friendly and easy to get along with.”

Some responses revealed the pathways through which language
suggestions may shape downstream judgments. For example, one
participant in the competence-oriented condition explicitly tied
their hiring choice to earlier trait ratings:

“I chose to hire Jennifer because when presented with
the previous questions, I found myself leaning more
towards her side of the scale for most of the questions
that are relevant to success in the role.”

This reasoning aligns with our finding (Figure 5) that the writing
assistant intervention shifted trait impressions. During the trait
perception surveys, the two pieces of writing were displayed on
the screen for participants. Thus, for this participant, a plausible
interpretation is the gendered language from auto-completions
translated into trait perceptions when their were referencing their
writing to rate traits, which then impacted their hiring decision.

Another hiring justification in the control condition exemplifies
how gendered stereotypes may be the default. One participant who
hired John explained:

“I chose John for this type of industry because I per-
sonally believe while Jennifer has the skills necessary
... she is too kind for this type of industry which does
need people who are less interested in compromise



CHI ’26, April 13–17, 2026, Barcelona, Spain Liu et al.

Figure 6: Hiring and salary decisions by condition. (A): Hiring decisions for Jennifer (pink) and John (blue) across conditions.
Jennifer was chosen most often in the counter-stereotypical condition (44.6%), somewhat less in the control (41.5%), and
least in the stereotypical condition (39.7%). Despite this directional pattern, chi-square tests indicated that differences across
conditions were not statistically significant. (B): Average salary offers for Jennifer and John. In the control condition, Jennifer
was offered significantly lower salaries than John (M = $64,132 vs. $65,116, p = .002) . A similar significant gap was observed in the
stereotypical condition (M = $64,174 vs. $64,845, p = .025) . In the counter-stereotypical condition, the salary gap narrowed and
was no longer statistically significant (M = $64,446 vs. $64,802, p = .278). These results suggest that while binary hiring decisions
were resistant to change, the counter-stereotypical intervention reduced gender disparities in salary recommendations.

and collaboration andmore interested in authoritative
posturing to get the job done. It is really a blessing in
disguise for her and as well for him, his rough back-
ground would be a good match for this type of job as
it is about asserting oneself...”

Here, the participant interpreted identical résumés in highly
gendered terms, construing Jennifer’s warmth as a liability and
attributing competence to John through imagined biographical de-
tails. The contrastive phrasing (too kind versus rough background)
shows how gendered expectation casts the same qualifications in
opposite lights. This participant also emphasized this type of indus-
try, again showing how role congruity still presents a barrier for
women. This response illustrates how the stereotypical traits that
participants emphasize shape the very narratives they construct to
rationalize their hiring decision.

These excerpts illustrate how the language model shaped the
framing of participants’ justifications: competence-related language
appeared in the counter-stereotypical condition, warmth-related
language in the stereotypical condition, and gendered reasoning
emerged even in control. These qualitative examples complement
our quantitative results by showing, in participants’ own words,
how subtle differences in language suggestions could influence the
way they explained and rationalized their hiring choices.

4.6 Suggestion Exposure and Interaction
Behavior

Participants engaged extensively with the autocompletion system.
On average, they were shown 12.71 sets of suggestions for John (SD
= 7.83) and 13.43 sets of suggestions for Jennifer (SD = 14.35), both
well above the minimum exposure requirement. These averages
suggest that users generally engaged with the system even beyond
the mandated level, though this interpretation should be made

cautiously. Acceptance rates were high: participants accepted 77%
of suggestions for John (SD = 0.27) and 73% for Jennifer (SD =
0.27). Post-insertion editing was relatively rare, with an edit rate
of 10% for John (SD = 0.20) and 12% for Jennifer (SD = 0.23). The
resulting texts incorporated a substantial amount of AI-generated
language: 41% of words in John evaluations (SD = 0.26) and 39%
of words in Jennifer evaluations (SD = 0.26) came from accepted
completions. Word counts were similar across candidates (John:
M = 166.75, SD = 47.00; Jennifer: M = 165.77, SD = 70.01). None of
these engagement metrics differed significantly across candidates
or experimental conditions. Histograms of interaction metric are
provided in Appendix E

We conducted dose-response analyses to examine whether indi-
vidual differences in engagement with the system were associated
with downstream judgments. We estimated OLS and logistic regres-
sion models treating keystroke-based metrics (suggestions seen,
accepted, edited, and reading times) as continuous predictors of
Jennifer’s salary offer and the likelihood of hiring Jennifer over
John. We did not observe consistent or robust associations between
these interaction measures and evaluative outcomes. Details are
provided in Appendix D.

In an exploratory analysis, we observed a directional difference
in the average reaction time spent inspecting suggestions for Jen-
nifer across conditions. Participants in the control condition spent
8,933 ms (SD = 11456 ms) on average reviewing suggestions, com-
pared to 8,207 ms (SD = 5396 ms) in the stereotypical condition and
11,023 ms (SD = 31843 ms) in the counter-stereotypical condition,
suggesting that counter-stereotypical suggestions for Jennifer may
have prompted additional deliberation or surprise. This increased
processing time may indicate that participants were actively recon-
ciling unexpected characterizations with their initial impressions,
potentially considering Jennifer in ways that challenged their de-
fault stereotypical mental models.
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5 Discussion
This study shows that AI-assisted auto-completion writing tools
have the potential to change gender stereotypes through direct
manipulations of language. Specifically, our intervention system-
atically altered the descriptive language that participants used for
John and Jennifer along competence and warmth dimensions. These
linguistic shifts carried downstream effects. Counter-stereotypical
completions increased Jennifer’s likelihood of being selected as
a trusted leader but reduced likability. Hiring decisions, though
not statistically significant, followed the expected direction. Rela-
tive to herself, Jennifer was chosen the most often in the counter-
stereotypical condition and least in the stereotypical condition,
while out of the two candidates, John was favored across the con-
ditions. Salary recommendations showed the clearest interven-
tion effect: Jennifer received lower offers than John in control and
stereotypical conditions, but the gap disappeared in the counter-
stereotypical condition.

5.1 Intervention Effectiveness
Counter-stereotypical completions were successful in eliminating
the salary gap between Jennifer and John, but less so in chang-
ing the hiring decision. One explanation is that salary judgments
are continuous and independent across candidates, in other words,
participants could reward Jennifer with higher pay without pe-
nalizing John. The hiring decision, by contrast, required choosing
one candidate, creating a zero-sum trade-off [54]. This resilience
of hiring decisions despite linguistic and attitudinal shifts aligns
with prior research on the attitude-behavior gap [78], showing that
changing implicit associations and explicit attitudes sometimes fail
to translate to behavioral change. Furthermore, even if participants
recognized Jennifer’s competence, role congruity theory [63] sug-
gests that she have been less likable due to violating gender norms.
This is evidenced in participants trusting Jennifer as leader more in
the counter-stereotypical condition, but finding her less enjoyable
to work with. This pattern potentially indicates gender backlash
and may explain why salary decisions changed but not hiring: par-
ticipants acknowledge her skills with higher pay (while still giving
John a directionally higher salary), but still prefer John when forced
to pick one candidate due to decreased likability. The salary ques-
tion was framed such that participants were asked to set salaries
“if both candidates were hired,” which may have made it easier to
hire based on objective skill and experience impression. In contrast,
the hiring choice was more subjective and depended on perceived
fit, which may have amplified effects of role congruity conflict [63].
Overall, these findings suggest that our interventions can reduce
gender bias in continuous and independent evaluations but face
greater barriers in zero-sum choices between two candidates.

5.2 AI autocomplete writing assistants as bias
mitigation tools

We show that autocomplete writing assistants can influence peo-
ple’s judgments and decisions through subtle changes in descriptive
language. Rather than being explicitly opinionated [109, 197], inject-
ing egalitarian statements, or presenting overt counter-stereotypes,
our intervention provided short descriptive phrases in ways that
participants naturally integrated into their writing. This draws

on a well-established principle in social cognition: everyday lin-
guistic habits are a primary pathway through which stereotypes
become expressed, reinforced, and made psychologically available
[29, 120, 137]. Shifting the linguistic cues people rely on there-
fore offers a direct and subtle way to influence how they mentally
represent others. Unlike interventions that focus on raising aware-
ness of gender inequality or exposing counter-stereotypical role
models [181], our work directly manipulated the mediator: lan-
guage [85]. By changing the words people used to evaluate Jennifer,
we were able to at least temporarily alter their cognitive represen-
tations. In this sense, our system offers an alternative way to think
about stereotype-intervention design.

Our prototype system demonstrates that AI writing assistants
can serve as low-cost, scalable stereotype interventions that work
by shaping language at the point of production. Importantly, our
intervention shifted participants’ use of competence andwarmth de-
scriptors without changing the overall valence of language, demon-
strating that stereotype-relevant traits are malleable through subtle
linguistic cues. Because our intervention operates through ordinary
word choice rather than overt persuasion, it may avoid some of
the reactance and fatigue associated with more explicit approaches
such as diversity training [114].

Rather than demanding deliberate monitoring or suppression of
biased thoughts, our approach instead provides subtle shifts in lan-
guage that work at the same level of processing as the stereotypes
themselves. Rather than requiring users to detect and override bias
in the moment, the system provides an alternative linguistic default
to the judgment process.

By leveraging their capability to influence impression-formation,
systems like our prototype can be developed for social good in
broader contexts. Beyond hiring evaluations, this principle extends
to many domains involving social inference based on a limited set
of trait perceptions. For example, two domains in which gender
bias is particularly salient are recommendation letters [140] and
students’ evaluation of professors [18]. The approach could also
address stereotypes along other dimensions including race, age,
accent, and intersectional identities [16, 45], though each would
require tailored interventions accounting for distinct stereotype
structures. In female-dominated fields, interventions might counter
different stereotypes (e.g., assumptions about men lacking warmth,
being selfish, or other devaluation of communal skills).

While our work highlights the potential of linguistic changes
in interrupting stereotype bias reproduction, it represents only
one point in a broader design space of bias-mitigation strategies.
Prior work has explored more explicit interface techniques such
as warnings, flagged terms, and explanation-based cues that high-
light potentially biased language and suggest alternatives [69, 123].
These approaches make bias visible, but they also have important
limitations: they tend to flag only overtly biased wording rather
than prompting users to generate counter-stereotypical descrip-
tions, and rely on trained classifiers that may fail to detect biased or
harmful language. For example, Microsoft’s Inclusivity Suggestion
tool has been found to not flag language such as common LGBTQIA+
slurs as sexual orientation bias [69]. They also can mis-classify re-
claimed language as biased: for example, the term "cripple" has
been reclaimed by the disabled community, but is flagged by Gram-
marly’s inclusive style guide [69]. Furthermore, they require careful
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design and personalization as users vary widely in preferred levels
of explanatory depth, with explanations that feel misaligned or un-
warranted sometimes triggering reactance or disengagement [61].
Explicit bias warnings can therefore introduce cognitive load or
unintended reactivity. Our findings complement these approaches
by showing that less obtrusive, language-level nudges can shift
impressions even without explanation and related friction. At the
same time, even subtle nudges can sometimes prompt reactivity
if users sense that their language is being steered. We do not in-
terpret our findings as robust evidence of such effects, but future
systems should remain attentive to these risks when deploying
counter-stereotypical suggestions in real-world settings to prevent
triggering backlash from gender role incongruity [168, 169].

We note here that the scope of this work is limited to inves-
tigating whether AI writing tools can reduce existing stereotype
biases in human decision-making. More broadly, we position our
work as demonstrating the potential of AI writing assistants in
changing stereotypical mental defaults across social perception and
evaluation contexts, even those in which decision-making is not
involved. We do not make any claims about whether purely human,
human and AI in cooperation, or purely AI decision-makers are
more or less biased, although recent work suggests that AI displays
comparable or greater biases as humans [5, 179].

5.3 Ethical and Practical Considerations
Our intervention raises ethical questions of transparency, user
agency, and appropriate deployment contexts. In this section, we
situate our work within debates about implicit debiasing inter-
ventions and propose deployment models that attempt to balance
effectiveness with ethical principles.

5.3.1 Agency and Implicit Interventions. AI-assisted writing sys-
tems can be understood along a spectrum of autonomy. At one
end, fully human decision-making affords maximal agency but is
vulnerable to biases and entrenched maladaptive habits [81, 114].
At the other, fully automated systems may reduce some forms of
bias but diminish human control, introduce new algorithmic harms,
and remove opportunities for deliberation [103]. Our approach oc-
cupies an intermediate point on this continuum: it preserves high
user agency by keeping humans fully responsible for judgments,
while aiming to nudge linguistic habits in less gender-stereotypical
directions.

Nudges and their benefits.Our intervention can be understood
as a form of “nudge,” a class of subtle environmental or interface
changes that guide behavior without restricting choice [182, 186].
Common examples include making unhealthy foods slightly harder
to reach in cafeterias [166] or defaulting to double-sided instead of
single-sided printing [67]. We adopt this principle by shifting the
linguistic defaults that users encounter during writing. However,
we note that the analogy is not perfect: unlike classic nudges that
preserve the full action space, counter-stereotypical suggestions
shape the set of options a user is most likely to see, limiting users
from utilizing the full range of AI suggestions that they could have
otherwise used in their writing. Future work could address this
by showing both neutral and counter-stereotypical suggestions so
users may experience the full breadth of possible AI suggestions,
thus increasing autonomy while still supporting bias-reduction.

Still, we see considerable overlap between our approach and nudges,
since both subtly influence how users act while preserving their abil-
ity to opt out. In many cases, these forms of support can help people
follow through on intentions that are difficult to enact consistently.
Just as healthier eating is easier to maintain when the environ-
ment reinforces that goal, reducing reliance on gender stereotypes
can be easier when the environment provides scaffolds that align
with users’ stated values. In this sense, our intervention, like many
nudges, aims to help users act in ways they already endorse, even
when those goals are hard to uphold through conscious effort alone.

Concerns about nudges and user agency. Nudges also raise
ethical concerns around autonomy and manipulation. Agency is
often defined as the capacity to act according to one’s values, in-
tentions, and desires [22, 79], and critics argue that influencing
behavior without full awareness can cross the line into coercion
[93]. These questions are especially salient for AI writing assistants,
where the boundary between tool and collaborator is often am-
biguous [127]. Users may be unsure whether the system is merely
assisting or subtly shaping their evaluative language, and different
users prefer different levels of transparency or explanation.

Mitigating agency concerns. To address these issues, our de-
sign preserves key dimensions of human control: users retain full
control over when to request AI suggestions, whether to accept,
modify, or ignore those suggestions, and how to make final hiring
decisions. Suggestions are valence-matched to the user’s own word-
ing, and accepting any suggestion is optional. At the same time, we
recognize steering adjective choice in writing inevitably introduces
tensions around user autonomy, particularly when it influences
decision-making in subtle ways. We acknowledge that our interven-
tion involves trade-offs between promoting equity and preserving
subjective agency in relation to human-centered AI principles [178].
These tensions highlight the need for carefully considered, context-
dependent deployment strategies that balance transparency, user
comfort, and debiasing effectiveness. We elaborate these strategies
in the following section.

5.3.2 Transparency and Context-Dependent Deployment. A tension
in implicit interventions research is that increasing transparency
can reduce effectiveness [38, 112], while opacity raises agency con-
cerns. We suggest this tradeoff may be context-dependent, and
discuss concrete contexts where our system may be implemented:

• Training contexts (full transparency). Our intervention
may be appropriate in bias training programs. Meta-analyses
show active, habit-breaking interventions outperform pas-
sive awareness-raising [58, 151]. Participants could practice
counter-stereotypical language use with our system and be
debriefed with full transparency about the intervention’s
purpose and reflect on changes post-training. Participants
could compare their notes with and without using the sys-
tem, and be encouraged to use such tools afterwards. This
maximizes both agency and transparency while potentially
supporting internalized change.

• Organizational deployment (informed opt-in). Hiring
managers using AI writing assistants in practice could prac-
tice informed opt-in: users are notified the system may offer
suggestions designed to counteract prevalent gender stereo-
types, with the option to reject or stop suggestions at any
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time. This mirrors existing professional tools (e.g., Gram-
marly’s tone adjustments, inclusivity checkers) where users
opt in knowing the tool will shape their expression without
knowing which exact moments it occurs. Some effectiveness
may be lost through transparency, though emerging evi-
dence suggests certain nudges remain effective even when
transparent [27, 38, 133]).

• Individual use (full transparency and control). Users
seeking to reduce their own biases could opt in with full
transparency, similar to habit formation tools or writing
assistants with customizable style preferences [199]. Our
system could be augmented with tools enabling reflection
[28, 34] and visualization of usage over time [105, 176] to
show how linguistic habits have shifted.

5.3.3 Practical implementation. Implementation could follow mul-
tiple pathways and stages. Companies could invite employees who
already use AI or auto-complete like tools in their daily workflow to
integrate our system in their writing. Given the relatively shortness
of our suggestions, our system could be integrated in writings of
any length, ranging from full-evaluations to quick emails. Organi-
zations could develop or adapt their own models to be aligned with
specific DEI commitment or task contexts (e.g., hiring evaluation,
performance review, internal presentations) to allow further cus-
tomization [38]. Regardless of approach, questions of governance
remain: who determines which language patterns to counter, who
ensures the quality and adherence of these models’ behaviors, how
models adapt as stereotypes evolve [62], and how responsibility is
distributed when biased outcomes occur despite AI assistance [103].

5.4 Limitations and future directions
This study has several limitations, many of which arise from de-
liberate design decisions made to balance experimental control,
realism, and feasibility. Because we position this work as a pro-
totype system, our aim was to illustrate the potential of scalable,
language-driven stereotype interventions rather than to deliver a
fully production-ready solution. We describe these design choices
and the limitations they induce below, and motivate directions for
future work.

Study design. Our design manipulated suggestions for the
woman candidate while keeping those for the male candidate neu-
tral, reflecting real-world asymmetry in how gender stereotypes
disproportionately disadvantage women in male-typed roles, which
are often high-prestige, high-power, and high-reward positions. Fu-
ture work should examine symmetric designs that also vary sugges-
tions for male candidates to assess whether counter-stereotypical
nudges operate similarly across gendered expectations. Participants
wrote short evaluations under time constraints, which allowed us
to maintain experimental consistency and better study the quick,
automatic process of stereotyping. But this means there were lim-
ited opportunities for richer narrative construction; longer-form
writing tasks may reveal different linguistic or cognitive dynamics.
We also note that participant gender may influence responses to
stereotype-consistent and stereotype-violating information, but the
study was not powered to detect such interaction effects; follow-up
work should investigate whether men and women differ in how
they interpret or react to counter-stereotypical suggestions. Finally,

our current design focused on a single career (Financial Analyst);
future work should examine how the intervention performs across
a broader set of occupations with different gender-typing and eval-
uative norms.

System Design and Ecological Validity. Our interface pro-
vides three autocomplete suggestions in a pop-up box style, follow-
ing prior work [127, 128] and our pilots, which confirmed three
was a balance between providing enough options to choose and
not causing information fatigue. We chose to provide short phrases
instead of full sentences in Gmail Smart Compose style suggestions
to reduce the cognitive load from reviewing suggestions, encourage
an active process of integrating suggestions with existing writing,
and prevent participants from submitting entirely AI-generated
writing [37]. We let the interaction be user initialized (i.e., partici-
pants must press TAB to view suggestions) instead of suggestions
automatically appearing, to preserve agency. While we did not re-
quire participants to accept suggestions, we asked them to view
suggestions at least eight times. This ensured enough exposure
to counter-stereotypical language but may not reflect naturalistic
autocomplete usage. Future work should examine spontaneous ac-
ceptance rates, whether effects persist when users are not required
to engage with the tool, and whether keystroke-level analysis might
reveal shifts in impression-formation dynamics even when final
judgments remain unchanged [202]. Moreover, the realism of au-
tocomplete use in hiring and evaluation settings remains an open
question: existing professional writing platforms increasingly incor-
porate AI-assisted suggestions, but adoption varies widely across
organizations and some hiring workflows may not involve writing
interfaces where autocomplete plays a central role. As such, our
findings speak to the potential influence of autocomplete when it
is used, but full ecological validity will require studying how hir-
ing professionals actually engage with AI suggestions in their real
workflows. Better understanding the attributes of populations who
refuse AI writing tools altogether could inform whether alternative
interventions could better serve them.

Existing Biases in LLMs. AI writing tools may inadvertently
worsen gender biases as AI systems often reflect and spread the
biases found in their training data [175, 200]. If trained on biased
text or not prompt engineered and tested rigorously, they may
suggest words or phrases that repeat or reinforce gender stereo-
types [5, 32, 102, 152, 162]. From static word embeddings [17, 33]
to contextualized embeddings [59, 152], in historical analyses [80],
from word-association games [5] to real-world decisions [183, 193],
language models have consistently associated women with lower
competence and higher warmth, supporter roles not leaders, or to
study humanities not science. Such biases, if they appear during
interventions, would legitimize stereotypes instead of reducing
them.

Cultural Homogenization and Global South Perspectives.
Recent work shows that the adoption of LLM-based writing assis-
tants is associated with shifts towardsWestern norms, resulting in a
measurable decline in linguistic diversity, especially in non-English
and non-Western contexts [2, 180]; and large-scale analyses of aca-
demic writing show convergence of style across regions, which
may be exacerbated by AI-writing tools [159]. In Global South con-
texts in particular, sensitive use requires co-designing interventions
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with stakeholders to align with local linguistic norms and sociocul-
tural expectations. Approached this way, our prototype system can
help counteract inequities without contributing to the erasure of
culturally grounded writing styles.

Generalizability. The résumé review task were completed by
online participants whowere not professional recruiters, and results
may not generalize to real organizational contexts. The design
focused on binary gender, a single job type, and one AI system,
which also limits generalizability. As our intervention is rooted in
stereotype content model and the warmth-competence dimension
that underlie universal social impression formation, we are hopeful
that it may be successfully extended towards other stereotypes
(e.g., race, age, nationality). Longitudinal studies in ecologically
valid contexts are also needed to test whether repeated exposure
to counter-stereotypical completions produces lasting changes in
language and judgment, or whether backlash persists.

Together, these limitations point to important opportunities for
future work to refine the intervention and test its effectiveness in
real-world settings. Our findings establish a proof-of-concept that
AI writing assistants can serve as scalable tools for reducing stereo-
type expression in high-stakes evaluations, providing a foundation
for research on how such language-level interventions can advance
equity while preserving user agency.
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A Resume Stimuli
We provide the full résumé stimuli used in this study (see Figure 7).
Following established practices in gender bias research [144], ré-
sumés were designed to reflect high but slightly ambiguous com-
petence, allowing for variability in participant evaluations. For
example, although both résumés included awards and 2 years of
experience as a research assistant, the GPAs were slightly below
average (3.1).

B Candidate Evaluation Questions Shown to
Participants

The following questions were presented after participants com-
pleted their written evaluations of both candidates. Items were
adapted from prior work on gender bias in hiring and assessed
perceptions of competence, warmth, and hire-ability (workplace
affiliative decisions, hiring choice, salary recommendation). Fol-
lowing [144], we anchored salary recommendations to a realistic
industry range $55,000–$80,000 to increase ecological validity.

Trait Impressions
Based on your impressions, rate which candidate fits each statement
better. Your evaluations have been provided above to help you rate.
1 = John fits more, 7 = Jennifer fits more, 4 = Equal or Unsure.
(Note: This scale is flipped depending on which resume is shown first).

Leadership and Competence Traits
(1) The candidate demonstrates strong leadership.
(2) The candidate has the logical and technical skills to succeed.
(3) The candidate has the experience necessary for this role.
(4) Attention check: Please select “5” for this question.
(5) The candidate is assertive and confident.

Warmth and Interpersonal Traits
(1) The candidate is warm, approachable, and easy to work with.
(2) The candidate is friendly and personable.
(3) The candidate values teamwork and contributes to group

success.
(4) The candidate demonstrates respect and consideration for

colleagues.

Affiliative Decisions
(1) Who would you trust to lead a difficult project? (binary

choice)
(2) If both were your colleagues, who would you personally find

easier and more enjoyable to work with? (binary choice)

Hiring Decision
Which candidate would you hire for an entry-level financial analyst
position at a financial services firm (e.g., banks, accounting firms,
advisory firms)? You can only choose one. Your choice should reflect
who you think would be more successful in a financial analyst role
and environment. Please select one candidate.

https://arxiv.org/abs/2310.09219
https://doi.org/10.31234/osf.io/mhjn6_v2
https://doi.org/10.1177/00336882221094089
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Figure 7: Resume stimuli used in the study.

Open-Ended Justification
Please briefly explain why you chose this job candidate. You may
refer to specific phrases, impressions, or overall qualities of the two
candidates.

Salary Decision
Entry-level financial analysts at financial services firms typically
earn between $55,000 and $80,000 per year, with a median starting
salary of $62,000. What is the amount you think each candidate
should be paid based on their experience, skills, and competence?
(sliding scale for both candidates with range $55,000–$80,000)

C Unaggregated Cosine Similarity Gender Bias
Score

For parsimony, the main text reports aggregate net bias scores
(feminine minus masculine similarity). Here, we present the dis-
aggregated cosine similarity scores for warmth and competence
dimensions separately (Figure 8), following the text polarity method
from the BOLD framework [59].

D Keystroke Dose-Response Analysis
We conducted dose–response analyses to examine whether individ-
ual differences in interaction behavior with the AI writing assistant

are associated with downstream evaluations. Five continuous pre-
dictors were tested in separate ordinary least squares models pre-
dicting Jennifer’s salary and in logistic regression models predicting
the likelihood of hiring Jennifer over John.

(1) Suggestions shown measured how many autocomplete sug-
gestions participants saw.

(2) Acceptance rate measured the proportion of suggestions that
participants accepted.

(3) AI post-edit rate measured the proportion of AI-generated
text that were edited after being accepted.

(4) AI share final measured the total proportion of the final
written evaluation that consisted of AI-generated text.

(5) Reaction time measured the average time spent looking at
the autocomplete suggestions after pressing TAB.

Across models, effect sizes were small and inconsistent (see Ta-
bles 2, 3, and 4). The analyses do not provide evidence that the
amount of engagement with the AI writing assistant, as measured
by suggestions shown, acceptance rate, AI post-edit rate, AI share
final, or mean reading time, systematically influenced downstream
judgments. This result is consistent with the possibility that simply
encountering counter-stereotypical language is sufficient to shift
evaluations.
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Figure 8: Standard text polarity metric (competence dimension and warmth dimension not aggregated).

Predictor Control Counter Stereotypical

Suggestions Shown 123.24 (.0109) 67.24 (.1697) 47.72 (.0007)

Acceptance Rate 1170.83 (.4385) -351.24 (.7639) -481.23 (.6863)

AI Post-Edit Rate -2943.02 (.0773) 916.14 (.5502) 1356.61 (.3176)

AI Share (Final) 2549.96 (.0461) -338.75 (.7876) 803.32 (.5564)

Mean RT (ms) -0.0127 (.6824) 0.0137 (.1965) 0.0483 (.4434)

Table 2: OLS regression coefficients predicting salary offered to Jennifer, estimated separately within each condition. Values
represent 𝛽 coefficients with corresponding p-values in parentheses.

E Main Keystroke Variables Interaction
Histogram by Condition

We provide histograms of the keystroke interaction variables used
in the dose–response analyses by condition (see Figure 9, Figure 10).
For completeness, we also plot John keystroke interactions by con-
dition, but note that the John was always written about with control

writing assistant suggestions. Thus the John condition corresponds
to which condition the participant wrote about Jennifer in.
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Predictor Control Counter Stereotypical

Suggestions Shown 60.50 (.1852) 71.69 (.1532) 29.32 (.0250)

Acceptance Rate -2051.37 (.1395) -503.32 (.6702) -927.32 (.3906)

AI Post-Edit Rate -1931.74 (.2067) 1487.60 (.3342) 553.34 (.6523)

AI Share (Final) -803.28 (.5059) 1325.82 (.3024) 1149.52 (.3679)

Mean RT (ms) 0.0115 (.6866) 0.0101 (.3455) -0.0215 (.7058)

Table 3: OLS regression coefficients predicting the John–Jennifer salary gapwithin each condition. Values represent 𝛽 coefficients
with p-values in parentheses.

Predictor Control Counter Stereotypical

Suggestions Shown -0.0003 (p = .987), OR = 0.9997 -0.0224 (p = .305), OR = 0.9778 -0.0162 (p = .270), OR = 0.9839

Acceptance Rate -0.1540 (p = .800), OR = 0.8573 0.4737 (p = .355), OR = 1.6059 0.1566 (p = .761), OR = 1.1695

AI Post-Edit Rate 0.9405 (p = .161), OR = 2.5613 -0.2986 (p = .653), OR = 0.7419 -0.3992 (p = .510), OR = 0.6709

AI Share (Final) -0.1221 (p = .816), OR = 0.8851 -0.1994 (p = .714), OR = 0.8192 0.2650 (p = .657), OR = 1.3034

Mean RT (ms) -0.0000 (p = .955), OR = 1.0000 -0.0000 (p = .204), OR = 1.0000 0.0000 (p = .823), OR = 1.0000

Table 4: Logistic regression coefficients predicting the likelihood of hiring Jennifer over John, estimated separately within each
condition. Cells show the regression coefficient, p-value, and odds ratio (OR).
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(a) Suggestions Sets Shown

(b) Suggestion Accept Rate

(c) AI Share of Final Writing

Figure 9: Keystroke analysis results (part 1). (A) Suggestions shown, (B) Accept rate, (C) AI share
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(a) Post Insertion Edit Rate

(b) Mean Reaction Time (miliseconds)

Figure 10: Keystroke analysis results (part 2). (D) Post insert edit, (E) Mean reaction time (ms).
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F Full Phrase Bank
The table below presents the complete phrase bank used to generate AI writing assistant autocomplete suggestions across all three
experimental conditions.

Counter-stereotypical Stereotypical Control

Positive

logical, analytical thinker, great with numbers social, friendly and approachable organized in managing responsibilities

confident in financial analysis supportive in group settings a dependable member of the team

strong performance in upper-level course-
work

cooperative with colleagues produces organized reports

logical approach to problem-solving empathetic and caring consistent in meeting expectations

disciplined and relentless in pursuit of goals sensitive and perceptive to group dynamics responsible and trustworthy

persistent in improving skills thrives on working closely with peers learns from feedback

resilient when facing challenges diplomatic in discussions consistent effort across most courses

decisive under pressure warm and collaborative 2 years as economics research assistant

analytical and detail-oriented nurturing and encouraging

strong-willed and unwilling to back down sensitive to others’ perspectives

competitive in case competitions enjoys working with peers

independent and disciplined makes others feel included

courageous in tackling hard tasks creates a positive team atmosphere

enjoys logical challenges like poker

Negative

can be overly assertive in group settings struggled in statistics coursework still gaining professional experience

takes charge too much slow to learn quantitative concepts limited experience

less approachable in group settings hesitant to take the lead not always the most proactive

sometimes keeps to herself lacks confidence in tough tasks a bit of a perfectionist

not always engaged in campus activities indecisive under pressure limited exposure to complex projects

not always socially engaged not the most organized occasionally slow to adapt

reserved when meeting new colleagues sometimes overly engaged in chitchat

can appear less collaborative cannot assert her ideas

does not always prioritize team harmony struggles to speak up in groups

less attuned to others’ needs not good at statistics early on

sometimes slow to build rapport less ambitious than top candidates

less active in social activities sometimes avoids challenging problems

needs more independence

too soft-spoken in team discussions

slower to adapt to new tools

not competitive

Table 5: Full phrase bank.
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G Full Prompt Text
Below are the complete text of all prompts across the three experimental conditions (Control, Counter-Stereotypical, Stereotypical) and
for both applicant profiles (Jennifer and John). Prompts include both the applicant resume shown to participants and the condition-specific
tone instructions used to generate text suggestions. The phrase bank for each condition is appended to the end of each prompt.

G.1 Jennifer — Control Condition
BEGIN APPLICANT RESUME
Name: Jennifer
Gender: Female
Age: 22
Degree: Bachelors of Arts, obtained May 2025 from Northern Illinois University
GPA: 3.2
SAT score: 650 verbal, 660 math
Awards/honors: College Merit Scholarship, Business School Leadership Award
Previous work experience: 2 years as research assistant in business school research center;
supported data entry in Excel; 1 summer internship at regional consulting firm
Academic standing: In good standing overall. Struggled with statistics coursework in freshman
year, but improved steadily in advanced classes
Extracurricular activities: Student government representative, volunteer economics tutor for
high school seniors, active member of women in business club
Position sought: Entry-level Financial Analyst
Hobbies & Interests: yoga and pilates, baking, trying new foods, playing poker with friends

Excerpt from student statement:
“I am eager to apply my skills as a Financial Analyst and contribute to your organization.
During my time as a research assistant and intern, I developed solid skills and produced work
that met high standards. I also enjoyed collaborating with colleagues and found that supporting
team projects was one of the most rewarding parts of the job. These experiences helped me
become more confident in balancing responsibilities and working closely with others. I am
motivated, detail-oriented, and excited to bring these strengths into a Financial Analyst role.”

Excerpt from internship supervisor letter:
“Although Jennifer took a little longer than some interns to adapt to the fast pace of our
projects, she has impressed me with her persistence and steady improvement. She completes
her assignments carefully and generally submits accurate work. Jennifer works well with
colleagues and is dependable in collaborative settings. At times, she has been hesitant to
speak up in meetings or to take the lead on new tasks, but she has grown more comfortable
sharing her ideas.”
END APPLICANT RESUME

TONE INSTRUCTIONS
If continuing a positive sentence, emphasize general professional strengths without leaning
heavily toward social or analytical traits. Examples: dependable, organized, responsible,
detail-oriented. Highlight balanced, steady professional growth.

If continuing a negative sentence, note career-stage appropriate weaknesses, such as still
gaining experience, taking time to adjust, hesitating in unfamiliar situations, or occasionally
needing guidance. Avoid exaggeration.

When possible, reference resume details such as “initially struggled with heavy course load,”
“produced organized reports,” or “treasurer of student finance club.”

Completions may be full sentences or partial phrases; ending punctuation is optional.

G.2 Jennifer — Counter-Stereotypical Condition
BEGIN APPLICANT RESUME
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Name: Jennifer
Gender: Female
Age: 22
Degree: Bachelors of Arts, obtained May 2025 from Northern Illinois University
GPA: 3.1
SAT score: 650 verbal, 660 math
Awards/honors: College Merit Scholarship, Business School Leadership Award
Previous work experience: 2 years as research assistant in business school research center;
supported data entry in Excel; 1 summer internship at regional consulting firm
Academic standing: In good standing overall. Struggled with statistics coursework in freshman
year, but improved steadily in advanced classes
Extracurricular activities: Student government representative, volunteer economics tutor for
high school seniors, active member of women in business club
Position sought: Entry-level Financial Analyst
Hobbies & Interests: yoga and pilates, baking, trying new foods, playing poker with friends

Excerpt from student statement:
“I am eager to apply my skills as a Financial Analyst and contribute to your organization. . . ”

Excerpt from internship supervisor letter:
“Jennifer adapted quickly to the fast pace of our projects and impressed me with her persistence
and steady improvement. She approached assignments with precision and produced accurate,
well-structured work. Jennifer demonstrated resilience under pressure, consistently meeting
deadlines and showing ambition in taking on challenging tasks. She was confident in analyzing
data and decisive in implementing solutions. Over time, she also grew more assertive in
meetings, taking initiative to share her ideas and contribute strategically to team discussions.”
BEGIN APPLICANT RESUME

TONE INSTRUCTIONS
If continuing a positive sentence, emphasize agentic and competence-related strengths such as
confidence, analytical ability, independence, ambition, decisiveness, and resilience.

If continuing a negative sentence, focus on communal/warmth-related weaknesses, including
being hesitant to connect with teammates, less approachable, reserved, or slow to build rapport.

When possible, reference details such as “Business School Leadership Award,” “2 years of
research experience,” or “plays poker.”

Completions may be full sentences or partial phrases; ending punctuation is optional.

G.3 Jennifer — Stereotypical Condition
BEGIN APPLICANT RESUME
Name: Jennifer
Gender: Female
Age: 22
Degree: Bachelors of Arts, obtained May 2025 from Northern Illinois University
GPA: 3.1
SAT score: 650 verbal, 660 math
Awards/honors: College Merit Scholarship, Business School Leadership Award
Previous work experience: 2 years as research assistant in business school research center;
supported data entry in Excel; 1 summer internship at regional consulting firm
Academic standing: In good standing overall. Struggled with statistics coursework in freshman
year, but improved steadily in advanced classes
Extracurricular activities: Student government representative, volunteer economics tutor,
active member of women in business club
Position sought: Entry-level Financial Analyst
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Hobbies & Interests: yoga, pilates, baking, new foods, poker nights

Excerpt from internship supervisor letter:
“Jennifer took some extra time to adjust to the fast pace of our projects, but she stood out for
her supportive nature and steady growth. She was thoughtful in her work, careful to consider
others’ input, and dependable when collaborating with colleagues. Jennifer fostered a positive
team atmosphere. . . ”
END APPLICANT RESUME

TONE INSTRUCTIONS
If continuing a positive sentence, emphasize communal strengths such as empathy, cooperation,
friendliness, supportiveness, and social connectedness.

If continuing a negative sentence, emphasize competence/agency weaknesses such as
hesitancy, indecision, lack of confidence, difficulty under pressure, risk aversion.

When possible, reference resume details such as “hesitant to speak up in meetings,” “member
of women in business club,” or “2 years of research experience.”

Completions may be full sentences or partial phrases; ending punctuation is optional.

G.4 John — Control Condition
BEGIN APPLICANT RESUME
Name: John
Gender: Male
Age: 22
Degree: Bachelors of Arts, obtained May 2025 from Southern Illinois University
GPA: 3.2
SAT score: 640 verbal, 680 math
Awards/Honors: Dean’s List (2 semesters), Economics Department Service Award
Previous work experience: 2 years as research assistant in economics department;
worked on financial data analysis and prepared Excel reports; 1 summer internship at regional
accounting firm
Academic standing: In good standing. Initially had difficulty balancing a heavy course load
with extracurricular commitments, but adjusted over time.
Extracurricular activities: Treasurer of student finance club, peer mentor, case competition
participant
Position sought: Entry-level Financial Analyst
Hobbies & Interests: intramural soccer, barbecuing, chess puzzles

Excerpt from student statement:
“I am motivated to build on my background in finance and apply what I’ve learned
as a Financial Analyst. . . ”

Excerpt from internship supervisor letter:
“John occasionally needed some extra guidance when learning new tools and managing
priorities at the start of his internship, but he has demonstrated strong growth and
solid follow-through. . . He produces organized reports that are clear, logical, and
easy for others to use. . . ”
END APPLICANT RESUME

TONE INSTRUCTIONS
If continuing a positive sentence, emphasize balanced professional strengths such as
dependability, organization, responsibility, and attention to detail.

If continuing a negative sentence, note early-career limitations such as adjusting slowly,
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needing guidance, or hesitating in new situations.

Reference resume details where possible. Completions may be full or partial sentences.
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