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Abstract001

In this work, we study user-centered gender002
bias in LLMs: whether the same task yields003
different outputs when phrased in language004
patterns historically associated with women005
versus men. In a realistic email-generation006
setting, we build controlled prompt pairs007
by perturbing only gender-correlated stylis-008
tic features and evaluate outputs on com-009
plexity and sophistication. Across multiple010
models, women-associated prompts elicit011
consistently shorter and less lexically so-012
phisticated emails, with implications for013
disparity in user experience. These differ-014
ences are strongly correlated with perceived015
professionalism and authority, potentially016
further entrenching gender disparity in pro-017
fessional settings.018

1 Introduction019

Although substantial research has demon-020

strated evidence of social bias in LLMs (Cheng021

et al., 2023; Bianchi et al., 2023; Wan et al.,022

2023; Bai et al., 2025; Wan and Chang, 2025),023

the majority of studies have focused on de-024

pictions of people in model outputs, including025

narrative descriptions or decision-making tasks.026

These studies leave potential model bias fo-027

cused on the user crucially underexplored: do028

models perform differently for different users?029

In this work, we investigate this question focus-030

ing on user-centered gender bias by measuring031

how model outputs vary when prompted with032

language historically used more commonly by033

women and men.034

Numerous sociolinguistic studies have shown035

that men and women commonly write and036

speak differently (Argamon et al., 2003) 1.037

1However, relatively few studies quantify gender
differences outside of the binary. As such, we choose to
focus on the well-studied and more concrete differences
established in this binary analysis but acknowledge

Prompt: Compose an email to 
schedule a Mid-year review with your
team

Response:Subject: Mid-Year Review 
Schedule Dear Team, As we 
approach the midpoint of the year, I 
would like to take this opportunity to 
evaluate our progress, discuss 
challenges, and set new goals for the 
second half of the year. I am 
scheduling a mid-year review for our 
team and would like to invite each of 
you to participate. The purpose of 
this review is to: - Evaluate our 
performance against the goals set at 
the beginning of the year - Discuss 
any challenges or obstacles we have
faced and identify so...

Prompt: Let’s compose an email 
together to arrange our mid-year
appraisal with our team

Response: I’d be happy to help you 
compose an email to arrange your 
mid-year appraisal with your team. To 
start, let’s begin with a 
basic structure. Here’s a draft: 
Subject: Mid-Year Appraisal - 
Scheduling a Meeting
Dear [Team Members], I hope this 
email finds you well. As we approach 
the middle of the year, I would like to 
schedule our mid-year appraisals to 
discuss our goals and progress so far. 
This will be a great opportunity for us 
to reflect on our accomplishments, 
set new targets, and align our obj..

Figure 1: An example of two modified prompts
and responses to each. The prompt with more
men-associated features (left) results in an email
with higher sophistication and complexity than the
prompt with women-associated features (right).

Given the well-established sensitivity of mod- 038

els to subtle changes in prompts, such as for- 039

matting differences (Sclar et al., 2023), these 040

language differences could influence model out- 041

puts, particularly in settings with already 042

prevalent gender stereotypes. Some prior 043

work demonstrates that language differences in 044

prompts associated with demographic groups 045

influence model outputs, focusing on African 046

American English using decision settings (Hof- 047

mann et al., 2024) or probing tasks (Deas et al., 048

2023). However, unlike African American En- 049

glish, which may be used consciously (Rickford, 050

1999), gendered language differences are often 051

unconscious, making potential model biases 052

difficult for users to mitigate (Eckert, 2000). 053

We carefully construct empirical experiments 054

that reflect realistic use, focusing on the task 055

of email generation. This task reflects a real 056

LLM use case, as general users report using AI 057

for writing and editing assistance, and include 058

that differences likely span across gender and gender
expression.

1



email writing in example queries (Bassignana059

et al., 2025). Furthermore, the problem of gen-060

der bias in the work place, women-associated061

professionalism, and gendered professional com-062

munication is a long-standing one with exten-063

sive background (Heilman, 2012; Crompton,064

1987; Prabhakaran et al., 2014). Email is a re-065

cent, but well-studied variation on this theme066

(Colley and Todd, 2002; Atifi and Marcoccia,067

2020). Additionally, our focus on an open-068

ended generation task allows us to identify069

more subtle differences in model generations070

than is feasible in constrained output settings.071

To investigate this task, we identify real user072

prompts focusing on email generation, and we073

perturb them to include language character-074

istics correlated with gender. We then ana-075

lyze how these language differences influence076

model outputs, focusing on dimensions rele-077

vant to workplace competence and profession-078

alism. We find consistent significant differences:079

women-associated language in prompts leads080

to shorter, less sophisticated outputs. Ulti-081

mately, our results suggest that as LLMs are082

adopted for writing assistance, natural varia-083

tion in user prompts could reduce the perceived084

competency and intelligence of women.085

2 Methods086

We craft an experimental set-up that draws087

language variation from well-established soci-088

olinguistic research and conducts controlled089

experiments closely tied to realistic use. Our090

experimental set-up is easily reusable for fu-091

ture models, and can be adapted to focus on092

different generation tasks.2 First, we identify a093

set of features that reflect the bias in prompt-094

ing we are studying - in this case gender biases.095

Next, we manipulate existing, natural language096

prompts to use or not use these features and097

feed these prompts to LLM models to collect098

their output. Finally, we analyze this output099

for differences based on the prompting features.100

Gender variation in language Gender101

variation in language is a well-studied topic.102

These natural variations are often unconscious,103

subtle, and pervasive (Argamon et al., 2003).104

To simulate these natural variations, we iden-105

tify several of the strongest examples of gender106

variation. For women-associated language, we107

2code to be released upon publication

exploit tendencies towards collective speech, 108

expressive speech, and hedging. For men- 109

associated speech, we use the opposite ten- 110

dencies, including a tendency towards direct- 111

ness (Argamon et al., 2003; Gramley et al., 112

2020). We formalize this as the use or non-use 113

of collective demands, expressive adjectives, 114

tag questions, hedges, determiners, and quan- 115

tifiers. We validate that people do use these 116

features in prompts to language models by mea- 117

suring their frequencies in two datasets of user 118

queries Wildchat (Zhao et al., 2024) and Mila 119

(Bassignana et al., 2025) datasets (Table 1). 120

Table 1: Percentage of all full-sentence features in
Wildchat and Mila datasets with given features.
All features we study are present in real prompts,
although frequency varies significantly.

feature Wildchat Mila

expressive 14.70 4.70
collective 4.40 2.40
hedges 5.10 2.10
tag questions 0.66 0.36
quantifiers 57.70 32.20
determiners 64.30 69.70

Curation of real user prompts We source 121

real user prompts focused on email generation 122

from the Wildchat dataset (Zhao et al., 2024). 123

We include all prompts that mention ‘email’, 124

contain at least one full sentence, and no more 125

than several sentences. Our final set consists 126

of 492 natural prompts. Most email requests 127

are business or school related and semi-formal. 128

Using these natural prompts, we then ma- 129

nipulate them to contain more men-associated 130

or women-associated features using GPT-4 Ta- 131

ble 3. This allows us to test many language 132

variations across the same dataset of real-world 133

prompts. To check the efficacy of the injection, 134

we then identified the features that exist in the 135

manipulated prompts using hand-built regu- 136

lar expressions and kept only the prompts for 137

which the injection was successful, resulting 138

in about 4,000 usable prompts with at least 139

two men-associated or women-associated asso- 140

ciated features. While some injections were 141

more efficient, we successfully increase the fea- 142

tures counts enough to run experiments. 143

2



Outcomes evaluated We measure the out-144

put across several metrics: type-token-ratio145

(TTR), fleisch-kincaid grade level metric, the146

flesich reading ease metric, the gunning-fog147

metric, the proportion of unique words (com-148

plexity) and the average length of words149

(sophistication). These metrics are well-150

established (DuBay, 2004). Additionally, lower151

complexity has been correlated with lower per-152

ceived trustworthiness (Withall and Sagi, 2021)153

and authority (Wang et al., 2022).154

3 Results155

3.1 Women-associated prompts lead to156

less sophisticated outputs157

In Figure 2, we report differences in model158

outputs when prompted with prompts con-159

taining women-associated language as com-160

pared to men-associated language. We prompt161

models with modified prompts that contain at162

least two designated men-associated or women-163

associated features. We then compare the164

complexity of the responses3. Overall, when165

prompted with women-associated language,166

models produce emails that are less complex,167

less sophisticated, and shorter than emails than168

when prompted with men-associated prompts.169

Examples in Figure 1 and Table 2 show dif-170

ferences in model generations more qualita-171

tively. Emails from women-associated prompts172

include more societal niceties and positive po-173

liteness like “I hope this email finds you well”,174

as well as negative politeness that seeks to min-175

imize imposition, e.g. ‘I would like to’, ‘I am176

writing to inform’, and ‘kindly request that177

you’. In contrast, men-associated-associated178

prompts results in more direct language and179

phrases that assume greater authority, includ-180

ing ‘feel free’ and ‘take a moment’.181

3.2 Feature Ablations182

In Figure 4, we conduct a finer-grained break-183

down to analyze which specific features influ-184

ence model outputs. Given the relative rarity185

of some features, we design a paired test to186

control for ways base prompts may vary. More187

specifically, we choose base prompts that had188

successful modifications that both contained189

3Evaluations conducted across four popular LLMS:
meta llama 3.1 8b instruct xvr, mistral 7b instruct v0
3 yet, gemma 2 27b it jyq, and gpt 4 (OpenAI, 2023;
Team, 2024; Chaplot, 2023; Dubey et al., 2024)

Figure 2: Red indicates a higher score for women-
associated prompts and blue a higher score for
men-associated prompts. Stars designate adjusted
significance. We see strong associations with so-
phistication, grade level, and length with men-
associated prompts. These tests use 6706 women-
associated featured prompt/response pairs and 8639
men-associated featured prompt/response pairs.

and did not contain particular features and 190

then use these groups to compare, ensuring the 191

base prompts are the same across tests. 192

Overall results remain consistent with Fig- 193

ure 2 in that expressive adjectives, tag ques- 194

tions, hedges, and collective demands gener- 195

ally produce lower sophistication emails, with 196

no feature resulting in a particularly strong 197

or weak effect. These result suggest that if 198

a user favors any one of these features, even 199

in isolation, their resulting model outputs will 200

imply lower sophistication and grade-level. In 201

contrast, determiners tend to results in higher- 202

complexity emails, though differences are not 203

always significant, and results for quantifiers 204

are more mixed. This may interact with men- 205

associated features being more common in the 206

baseline dataset and women-associated features 207

being a more unusual addition. Just as with 208

the collective tests, results are generally consis- 209

tent across models. 210

3.3 Feature Co-occurrence 211

Finally, deeper analysis of how GPT-4 inserted 212

the requested modifications to each prompt 213

offers possible insight into the mechanism be- 214

hind these trends. in Figure 3, we analyze 215

what features GPT-4 inserted into prompts 216

when we requested the inclusion of singular 217

features. Surprisingly, GPT-4 often produced 218

features that were not specifically requested, 219

3



Figure 3: In this heatmap we examine modifications
where we ask for only one feature. Each row repre-
sents all 492 prompts with that feature requested,
and the columns show the percentage of modifica-
tions in which each feature is actually produced.

but that contained the same historical gender220

correlations. For example, directing GPT-4 to221

modify a prompt to include hedges resulted in222

increased expressive adjectives (as compared to223

the frequency of expressive adjectives in unmod-224

ified prompts). Similarly, directing the injec-225

tion of expressive adjective also led to increased226

collective demands. While further research is227

needed to target this trend more specifically,228

the co-occurence of gender-associated features229

suggests that GPT-4 (and likely other models230

evaluated) encodes gender language tendencies,231

and thus actively enforces the gender stereo-232

types observed in Figure 2.233

4 Discussion234

Our work reveals an understudied form of gen-235

der bias in LLMs - disparity in generated out-236

put for different types of users. Users who use237

features like collective demands or expressive238

adjectives (historically, women), are likely to239

receive model outputs that have lower sophisti-240

cation. This usage gap suggests that as LLMs241

are increasingly adopted for writing assistance,242

particularly in domains with existing gender243

disparities, they risk maintaining or exacerbat-244

ing stereotyping. Our work encourages further245

research on the evaluation and mitigation of246

user-centric bias in LLMs.247

Limitations Our study is limited by its focus248

on American English, on email writing, and on249

binary gender markers, as well as by reliance250

on proxy metrics. These reduce the scope of251

the work to the very specific, if common, use-252

Figure 4: Orange represents higher scores and blue
lower scores, stars are adjusted significance with
Cohen’s D. Our results reflect (Fig 2). Women-
associated features generally result in lower com-
plexity and shorter length than men-associated fea-
tures.

case of American email writing. Additionally, 253

the metrics, while correlated with downstream 254

effects such as reduced perceptions of authority 255

or competence, are not substitutes for human 256

experiments and additional work is necessary 257

to establish the strength of these effects. 258
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Figure 5: This displays the metric outcomes for
all prompts that do or do not contain particular
features. Femen-associated features are in red and
men-associated features in blue. The cell numbers
represent z-score effect size and stars are cohen-d
significance.
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