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ABSTRACT 
Given large language models’ (LLMs) increasing integration into 
workplace software, it is important to examine how biases in the 
models may impact workers. For example, stylistic biases in the 
language suggested by LLMs may cause feelings of alienation and 
result in increased labor for individuals or groups whose style 
does not match. We examine how such writer-style bias impacts 
inclusion, control, and ownership over the work when co-writing 
with LLMs. In an online experiment, participants wrote hypothetical 
job promotion requests using either hesitant or self-assured auto-
complete suggestions from an LLM and reported their subsequent 
perceptions. We found that the style of the AI model did not impact 
perceived inclusion. However, individuals with higher perceived 
inclusion did perceive greater agency and ownership, an efect more 
strongly impacting participants of minoritized genders. Feelings of 
inclusion mitigated a loss of control and agency when accepting 
more AI suggestions. 
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1 INTRODUCTION 
Large language models (LLMs) have the potential to transform 
workplace communication but can also exacerbate existing soci-
etal biases. LLMs are already seeing widespread use in assisting in 

Permission to make digital or hard copies of part or all of this work for personal or 
classroom use is granted without fee provided that copies are not made or distributed 
for proft or commercial advantage and that copies bear this notice and the full citation 
on the frst page. Copyrights for third-party components of this work must be honored. 
For all other uses, contact the owner/author(s). 
CHI ’24, May 11–16, 2024, Honolulu, HI, USA 
© 2024 Copyright held by the owner/author(s). 
ACM ISBN 979-8-4007-0330-0/24/05 
https://doi.org/10.1145/3613904.3642650 

everyday workplace tasks like writing emails and authoring docu-
ments. Recent scholarship has shown that workers can use LLMs to 
increase their productivity and produce higher-quality work [22]. 
Despite these potential benefts, LLMs also have drawbacks, includ-
ing the potential to reproduce social biases [4, 31]. For instance, 
when LLMs generate text about particular identity groups, they 
may display social biases in the content and style of the resulting 
text [30], causing representational harm through stereotyping and 
demeaning language [26, 31]. Beyond representational harms, we 
focus in this work on another category of harm: quality-of-service 
harm [6, 26], in which systems unequally serve diferent groups, 
which may “result in feelings of alienation, increased labor, and 
service or beneft loss” for people of diferent identities [26]. For 
example, if an LLM produces text that is stylistically better aligned 
with one gender group over another, the result is a model that 
disparately benefts certain users over others. 

Such stylistic biases, whether real or perceived by users, can im-
pact how individuals and groups of end-users feel about and interact 
with AI tools. When an LLM’s text style better suits one group over 
another, such mismatch may impact users’ feelings of inclusion 
when using that system. Inclusion could afect other psychological 
factors like users’ sense of the human experiences of control and 
ownership [25] during the co-writing process. For example, lower 
perceptions of inclusion may lead users to accept fewer AI sugges-
tions; prior work has shown the relationship between accepting 
AI suggestions and feelings of agency and control [18]. Given the 
potential importance of feelings of inclusion on people’s use of AI 
tools, we set out to examine the relationship between writer-style 
bias and perceptions of inclusion, control, and ownership while 
co-writing with AI. 

In particular, we focus here on the potential impact of AI writing 
assistants that provide auto-complete suggestions as the user is 
typing text, for example, while writing an email. In this context, we 
ask the following questions: 

• RQ1: Can the style of AI auto-complete suggestions impact 
people’s sense of inclusion, control, and ownership over the 
text they write? 

• RQ2: How do these perceptions difer by gender? 

More specifcally, in this work, we investigate the impact of a 
specifc communication style—assertiveness—on writers and its 
impact on minoritized gender groups. We build on a rich history 
examining gender disparities, particularly in the workplace where 
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assertive language can be very consequential [1, 16] and associated 
with better work outcomes [1, 14]. While there are many cultural 
diferences that guide expectations of gender presentation in the 
workplace, scholars in gender-based communication describe male 
talk in Western workplaces as being assertive, powerful, and au-
thoritative [16, 20, 29]. If writing assistants making suggestions in a 
more assertive style are not as well-aligned with the communication 
style of women and members of other minoritized gender groups, 
the discrepancy in style alignment could cause an additional burden 
for women and gender minorities by increasing writing efort and 
task completion time. 

This paper addresses the research questions above using an 
online experiment where participants completed a hypothetical 
but common and consequential workplace writing task: writing 
to a manager to ask for a promotion. Participants received auto-
complete suggestions from one of two LLM-powered AI writing 
assistants, one assistant ofering suggestions in an assertive style 
and the other in a hesitant style. We then asked participants about 
their feelings of inclusion, control, and ownership in the writing 
experience. 

We found that the intervention—getting suggestions in an as-
sertive or hesitant style from an AI assistant—did not impact partici-
pants’ perceptions of inclusion. However, it did impact their percep-
tions of control and ownership. We did not fnd the assistant style 
treatments directly resulted in gender diferences in our main mea-
sures. We do fnd evidence that gender plays some role: minoritized 
genders’ perceptions of control and ownership are more greatly 
impacted by their (likely pre-existing) feelings of inclusion than 
men’s. In light of these fndings, we ofer a new conceptual model 
for understanding the impact of task- and user-style alignment on 
people’s feelings of overall agency in AI-mediated environments. 

2 BACKGROUND 
As LLMs become more robust with the ability to inspire ideas, revise 
text, and generate short stories, the writing assistants powered by 
large language models are increasingly seen as co-writers. There is 
a growing body of work studying the interaction between users and 
these co-writing systems [13, 19]. Recent scholarship in this area 
has focused on understanding how writers evaluate and integrate 
the suggestions provided by LLMs into their cognitive writing 
processes [5], and how writers proactively engage with system-
generated content [27]. 

Along with their potential benefts, however, these models carry 
potential risks—risks that may not be equally distributed across 
diferent user groups. Prior work has identifed several categories 
of harms including social systems harms, allocative harms, rep-
resentational harms, quality of service harms, and interpersonal 
harms [26, 31]. Prior work has pointed to the existence of such 
harms in the context of auto-complete suggestions. For example, 
societal biases in the suggestions can cause information harms (a 
subset of social systems harms) by infuencing what content is 
written [10, 23], and even shifting writers’ attitudes, potentially 
without their awareness [10, 11]. While we do not know of work 
showing representational harms in auto-complete environments, 
given the potential for content infuence [10, 11] and the known 

representational biases that exist in LLM text generation [26, 31], 
the issue is likely to persist in the auto-complete context as well. 

Quality-of-service harms are another concern identifed by re-
searchers. These harms refect developer’s choices and result in 
unintended performance disparities based on identity [6, 26]. For 
example, prior work has shown that audio speech recognition (ASR) 
systems have signifcantly higher error rates for Black speakers 
than White speakers [12]. These error rates can have psychological 
and behavioral impacts on Black users such as feelings of frustra-
tion and disappointment; they can cause users to have to modify 
their linguistic patterns [15]. Such quality-of-service harms can 
lead to alienation and result in greater labor burdens and loss of 
benefts for marginalized communities [26]. In this short paper, 
we extend research on this topic to consider writer-style biases in 
auto-complete suggestions and their potential to cause diferential 
impacts on inclusion, control, and ownership for diferent social 
groups, with a specifc focus on gender. 

3 METHODS 
We addressed our research questions using an online experiment 
where participants completed a common workplace writing task. 
We asked participants to write a hypothetical email to their man-
ager asking for a promotion. We chose the promotion task since it is 
a situation that requires high assertiveness in context in which mi-
noritized genders face several challenges [1, 2, 14]. The experiment 
had three conditions. Participants in two of the treatments received 
auto-complete suggestions from a language model. In one of these 
treatments, the model made assertive auto-complete suggestions, 
and in the other, it made hesitant auto-complete suggestions. A 
control group of participants wrote without the assistance of any 
model. 

After the writing task, participants answered a demographic 
questionnaire. Participants in the AI conditions answered an addi-
tional post-task questionnaire regarding their perceptions of inclu-
sion, ownership, and agency while writing with the AI assistant. 
The questions and 5-point Likert scale answers were adapted from 
previous work [10, 18]. The research design was approved by Cor-
nell’s IRB. The design was preregistered and is available on OSF1. 

3.1 Writing App 
We used a custom experimental platform combining a rich-text 
editor and a writing assistant, as seen in Figure 1. The platform 
code was adapted from prior experimental work on auto-complete 
systems [10]. The suggestions work such that when the participant 
pauses typing, the system displays suggestions for completion that 
are 20 words or less. The user can then choose to accept the sug-
gestion by pressing tab or right arrow key, or they can ignore the 
suggestion by continuing to type. Pressing tab accepts the subse-
quent word in the suggestion, and a user can press multiple times 
to accept the full suggestion. 

To generate the interactive text suggestions for the experiment, 
we used GPT-4 via an API call with prompts carefully designed to 
display assertive or hesitant text. To achieve that goal, we inserted 
the prompt “In a [self-assured/hesitant] manner ask for a raise” 
before the participants’ written text. After the entered text, we 
1https://osf.io/kwbev?view_only=c5639dcc6292482b8bd79f2086b38d24 
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Figure 1: Screenshot of the writing task. Instructions are given in the panel at the top. Participants can hit ‘tab’ to accept the 
suggestion or ‘esc’ to generate a new suggestion. Written text is in black and suggestions appear in gray text. 

added the afrming instruction “add one sentence continuing the 
email in a [self-assured/hesitant] manner asking for a raise”. This 
way, the suggestions maintained the desired style regardless of the 
text already entered by the participant. 

3.2 Participant Recruitment 
We recruited 750 participants from a gender-balanced sample of 
English-speaking US-based adults on the crowdsourcing service 
Prolifc. The sample size was calculated using a two-way ANOVA 
with a power of 80% based on a pre-test survey. To ensure response 
quality, we required participants to have approval ratings greater 
than 95% on Prolifc. We excluded participants who did not state 
their gender and manually verifed that each writing sample was 
faithful to the writing task. In the end, we had usable data from 738 
participants. 

Our experiment considers two distinct gender categories: men, 
as category that is usually associated with greater societal infuence 
and dominance, and minoritized genders who typically encounter 
societal disparities. While describing our results, we will refer to 
Women, Non-Binary or third gender, and “preferred to describe” 
(also known as Self-Described) as WNBSD participants. Of the 738 
participants whose data is used, 48.9% identifed as men and 51.1% 
as WNBSD: 47.7% identifed as women, 3% identifed as non-binary 
or third gender, and 0.4% preferred to describe their gender. 

The majority of the participants were between 25-34 years old 
(56%), identifed as white (61.9%), received a bachelor’s degree 
(38.2%), reported working a full-time job (59.4%), and reported work-
ing entirely in person (40.6%). 

3.3 Measures 
We used the following measures to examine how participants in-
teracted with the AI assistant and their perceptions of the writing 
task with the AI assistant. 

AI reliance. Prior work on how users interact with AI writing 
assistants uses the measure of mutuality to describe the level of 
interaction the writer has with the AI assistant [13, 18]. However, 

in this work, we are interested in the fnal text output, not the 
event-based interactions. We introduce a new measure, AI reliance, 
as we believe this measure captures the construct more intuitively. 
AI reliance is the fraction of AI-written characters in the entire text. 
The measure uses a score from 0 to 1, where 1 means the assistant 
wrote the entire text (refecting complete reliance on the assistant) 
and 0 means the human wrote the entire text (no reliance). 

Inclusion. We draw on the concept of self-extension, which 
explains how objects become integral to one’s self-concept [3], to 
develop the notion of inclusion in AI-mediated communication. 
We focus on identity self-extension where the technology is a re-
fection of the user [18, 24]. This literature suggests that if a user 
feels the technology refects themselves, they will feel included. 
We therefore measure inclusion with the following statements: the 
writing assistant was made for people like me, and the writing as-
sistant sounded like I would write myself. Response options ranged 
from strongly disagree (1) to strongly agree (5). 

Control. Prior work has shown that feeling in control is not 
limited to one action or outcome. Feeling in control can encompass 
engaging in an action, control over the outcome, or both [18, 27]. 
For example, some users may feel a lack of control since they can-
not choose which suggestions they are seeing (control during the 
writing process). However, the fact that they can select which sug-
gestions are incorporated into the message can impact their sense 
of control over the process and the fnal version [5]. We therefore 
measure control by asking participants how much control did you 
feel over the process of writing the message and how much control did 
you feel over the fnal version of the message [18]. Response options 
ranged from not at all (1) to a great deal (5). 

Ownership. One aspect of ownership involves "mineness"—the 
idea that a specifc target belongs to an individual. The target can 
include physical objects but can also encompass intangible objects 
such as words and thoughts. In our experiment, we consider two 
targets—the message itself and the message style. Therefore, we 
also investigate ownership over the writing content and style. Our 
questions included to what extent do you feel like the message you 
wrote is yours and thinking back on the message writing activity, how 
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much did the message sound like you [18]. The response options 
were the same as those for the control questions. 

4 RESULTS 
Our results expose the impact of writing style on perceptions of 
inclusion, control, ownership, and agency and hint at potential 
diferences between genders in that respect. Our primary, prereg-
istered analysis fnds some signifcant efects of AI writing style 
on perceptions of control and ownership but not on inclusion. A 
follow-up, exploratory analysis suggests that perceptions of inclu-
sion mediate the loss of agency as AI reliance increases. Addition-
ally, the analysis suggests that heightened perceptions of inclusion 
lead to increased agency, particularly among minoritized genders. 

We frst provide an overview of the efects of using the AI auto-
complete suggestions on the writing task. We examined three com-
ponents of the writing task: the length of text written by partici-
pants, their writing time, and their degree of AI reliance. We per-
formed a two-way ANOVA to compare the means between the three 
treatment groups (self-assured AI writing style, hesitant AI writing 
style, and control) and two gender groups (men and WNBSD par-
ticipants). Overall, participants who wrote with the assistant wrote 
longer emails (M=160.18, SD=82.16) and spent less time on the task 
(M=303.82, SD=218.53) than participants in the control group (email 
length M=95.53, SD=35.64; time on task M=363.66, SD=292.68). The 
diferences are statistically signifcant (length: ANOVA F=67.86, 
p<0.001; time: ANOVA F=6.35, p=0.002). Post-hoc tests did not 
observe any diferences between the two AI conditions in email 
length and time on task. In contrast, we did observe signifcant 
impacts of AI writing style on AI reliance: participants who wrote 
with the self-assured writing style model relied on the model more 
(M=0.55, SD=0.34) than participants who wrote with the hesitant 
writing style model (M=0.45, SD=0.35). These diferences were also 
signifcant (t=3.16, p=0.002). We did not observe gender efects or 
interaction efects between gender and the AI treatment on any of 
these metrics. 

4.1 Inclusion 
We examine the impact of AI writing style on our key measures, 
beginning with perceptions of inclusion. Figure 2 shows the fre-
quency of diferent survey responses for each gender condition 
(diferent columns) for the inclusion statements: the writing assis-
tant was made for people like me (“Assistant Was Made for You” on 
the left), and the writing assistant sounded like I would write myself 
(“Assistant Sounds Like You” on the right). In the condition with 
the hesitant AI writing style (left side of Figure 2a), 65.1% of men 
(frst column) and 63% of WNBSD participants (second column) 
either agreed or strongly agreed (blue and dark blue bars in the 
column) that the writing assistant was made for people like them. 
As the fgure also shows, in the self-assured AI writing style group 
(right side of Figure 2a), 68.3% of the men and 68.6% of WNBSD 
participants either agreed or strongly agreed with this statement. 
In general, participants more readily agreed with the “made for you” 
statement (Figure 2a) compared to the “sounds like you” statement 
(Figure 2b). 

In Figure 2b, of the participants who received the hesitant treat-
ment (left), 42.8% of the men and 45.7% of the WNBSD participants 

Figure 2: Participants’ assessment of inclusion. Participants 
are more likely to say the assistant was made for them than 
sounds like them. Responses less than 5% are not labeled on 
the fgure. 

either agreed or strongly agreed that the assistant sounded like how 
they would write themselves. In the condition with the self-assured 
AI writing style, on the right side of Figure 2b, 50% of the men and 
51.8% of the WNBSD participants either agreed or strongly agreed. 
A two-way ANOVA analysis revealed no signifcant efects for gen-
der, AI treatment group, or the interaction between gender and 
treatment group across both inclusion questions shown in Figure 2. 

4.2 Control 

Figure 3: Participants assessment of control. Participants 
assisted by the hesitant writing style model are more likely 
to feel greater control over the fnal version of the message 
and the writing process than participants assisted by the self-
assured writing style model. Responses less than 5% are not 
labeled on the fgure. 

Figure 3 shows the frequency of diferent survey responses for 
each gender (diferent columns) for the following questions: how 
much control did you feel over the process of writing the message 
(“Control During Process” on the left), and how much control did 
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you feel over the fnal version of the message (“Control Over Message” 
on the right). In the condition with the hesitant AI writing style 
suggestions (left side of Figure 3a), 61.1% of the men (frst column) 
and 61.2% of WNBSD participants (second column) reported feeling 
a lot or great deal of control (the darker blue and darkest blue bars 
in the columns) during the writing process. In the condition with 
the self-assured AI writing style (right side of Figure 3a), 48% of men 
and 49% of the WNBSD participants expressed a lot or a great deal 
of control during the writing process. A two-way ANOVA revealed 
that the diference between the AI treatment groups was signif-
cant (p=0.004), meaning that participants in the hesitant condition 
reported more control over the process. There were no signifcant 
diferences for gender or the interaction between gender and the 
AI treatment groups for this question. 

Looking at Figure 3b and control over the fnal version, in the 
condition with the hesitant AI writing style (left), 73% of men and 
80.2% of WNBSD participants reported a lot or a great deal of control 
over the fnal version of the message. The right side of Figure 3b 
shows 59.6% of men and 70.7% of WNBSD participants who wrote 
with a self-assured writing style model reported a lot or a great deal 
of control over the fnal version of the message. For this question as 
well, a two-way ANOVA revealed that the diference between the 
AI treatment groups was signifcant (p=0.046), with participants in 
the hesitant AI writing style condition reporting greater control 
over the fnal version of the message. At the same time, there 
were no signifcant diferences in relation to gender or interactions 
between gender and the AI treatment group for this question. In 
both treatment conditions, participants generally reported higher 
levels of control over the fnal version of the message (Figure 3b) 
than the during the writing process (Figure 3a). 

4.3 Ownership 

Figure 4: Participants assessment of ownership. Participants 
assisted by a hesitant model are more likely to say that they 
wrote the message and the message sounds like them. Re-
sponses less than 5% are not labeled on the fgure. 

Figure 4 illustrates the frequency of diferent survey responses 
for each gender condition (columns) for the following questions: to 
what extent do you feel like the message you wrote is yours (“Message 

Is Yours”), and thinking back on the message writing activity, how 
much did the message sound like you (“Message Sounds Like You”). 
In the hesitant AI writing style condition (left side of Figure 4a), 
55.6% of the men and 53.5% of WNBSD participants expressed a lot 
or a great deal of ownership over the message (the dark blue and 
darkest blue bars in the column). In the self-assured AI writing style 
condition (right side of Figure 4a), participants experienced a higher 
level of ownership, with 41.4% of men and 44.1% of the WNBSD 
participants expressing a similar degree of ownership over the 
message. A two-way ANOVA revealed that this diference between 
the AI treatment groups was signifcant (p<0.001). There was no 
signifcant diference for gender or the interaction between gender 
and the AI treatment groups for this question. 

Refecting on the style of the message, Figure 4b shows a similar 
trend: participants in the hesitant AI writing style condition (left) 
were more likely to say the fnal message refected their style. Once 
again, a two-way ANOVA revealed that the diference between 
the AI treatment groups was signifcant (p=0.032). There was no 
signifcant diference for gender or the interaction between gender 
and the AI treatment groups and gender for this question. 

Overall, our results show AI writing style impacts control and 
ownership. Participants who wrote with the hesitant model ex-
pressed greater control over the writing process and the fnal mes-
sage and felt the message sounded more like them than participants 
who wrote with the self-assured model. However, our analysis did 
not reveal an impact of the AI writing style on perceived inclusion. 
Additionally, we did not see any efects of gender or interaction 
between gender and treatment group across inclusion, control, and 
ownership questions. We further explore these factors in the analy-
sis below. 

4.4 Exploratory Analysis: Inclusion and Agency 
To better understand the relationship between the diferent mea-
sures and the participants’ interaction with the AI model, we per-
form an exploratory analysis that brings together multiple factors 
using a linear regression model. To perform this analysis, we com-
bined various measures into simplifed high-level constructs. First, 
we use a compound measure of agency as our dependent variable. 
The concept of agency has been defned in several diferent ways but 
broadly captures the idea of “the capacity to alter a situation” [8, 21]. 
The variables that refect that in our study were control and owner-
ship. While distinct, the literature shows these concepts are closely 
related: whether a person has control greatly infuences their per-
ceived ownership [7, 18]. An analysis of our measures confrmed 
the control and ownership questions were indeed highly correlated 
in our data. We thus created a score for agency by performing a 
row-wise average across the control and ownership questions. 

The independent variables in the model consisted of a simplifed 
inclusion variable, the AI reliance score, the AI writing style, and 
demographic variables. To simplify the model and analysis, we 
combined the two highly correlated inclusion measures into one 
variable by performing a row-wise average across the two inclu-
sion questions (Table 3 in the appendix shows the correlation of 
the inclusion, control, and ownership measures). The model also 
included the measure of AI reliance as defned above, namely how 
much the participants accepted the AI suggestions in the writing 
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Table 1: OLS linear regression analysis predicting perceived 
agency based on demographic features, AI writing style, AI 
reliance, and perceived inclusion. The constant corresponds 
to the baseline perceived agency. 

Dependent variable: 
Agency 

Age 0.024 
(0.020) 

Race 0.013 
(0.070) 

Income 0.023 
(0.034) 

Gender 0.571∗ 

(0.261) 
‘AI Reliance‘ −3.451∗∗∗ 

(0.367) 
Inclusion 0.136∗ 

(0.066) 
‘AI Writing Style‘ −0.244∗∗ 

(0.090) 
Gender:‘AI Reliance‘ 0.251 

(0.191) 
‘AI Reliance‘:Inclusion 0.666∗∗∗ 

(0.098) 
Gender:Inclusion −0.204∗∗ 

(0.071) 
Gender:‘AI Writing Style‘ 0.050 

(0.133) 
Constant 3.661∗∗∗ 

(0.248) 
Observations 489 
R2 0.354 
Adjusted R2 0.339 
Residual Std. Error 0.715 (df = 477) 
F Statistic 23.747∗∗∗ (df = 11; 477) 

Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001 

process. Finally, we include in our model the AI writing style of 
the model that participants wrote with (the AI treatment), as well 
as more detailed demographic variables: age, gender, race, and in-
come. The race and gender features were operationalized as binary 
variables where 1 refected the privileged group and 0 refected 
the minoritized group (e.g., for gender, 1=men, 0=WNBSD). We 
also mapped the AI writing style as a binary variable (0=hesitant 
model, 1=self-assured model). We operationalized the age and in-
come demographic features as ordinal variables. Note again that 
we consider this analysis exploratory, as it was not part of the 
preregistered analysis presented above that focused on the main 
efects. 

Table 1 shows the parameter estimates of a linear regression 
model predicting perceived agency. We tested several versions of 
the model that accounted for additional interactions (like AI writing 
style and AI reliance), and we present the model with the best ft. 
The model shows a main efect of AI writing style (Table 1, line 7) 
on agency. The negative value of the parameter signifes that writ-
ing with a self-assured model contributes to a loss of agency. We 
also see main efects of gender (line 4), showing men contributed 
to higher levels of agency. Perceptions of inclusion (line 6) also 
positively impacted agency, and AI reliance (line 5) had a negative 
impact. These efects were qualifed by interaction efects between 
AI reliance and perceived inclusion (line 9) and gender and per-
ceived inclusion (line 10), which we explore next. 

We explore the interaction efects to better understand their im-
pact on perceived agency. Figure 5a depicts the interaction between 
AI reliance and perceived inclusion. AI reliance is the x-axis, and 
perceived agency is the y-axis. The graph compares the groups that 
showed high (dark blue), medium (blue), and low (light blue) levels 
of inclusion. Participants with a high level of inclusion, as indicated 
by the dark blue line in the fgure, maintain their sense of agency 
even with increasing reliance on the writing assistant. Participants 
with a low (and to a lesser degree, medium) sense of inclusion lose 
their sense of agency rapidly when they rely more on AI. 

Figure 5b explores how the interaction between inclusion (x-axis) 
and gender impacts agency. The graph compares men (blue line) and 
minoritized genders (WNBSD, light blue line). While inclusion and 
agency have a direct relationship for all gender identities, the slope 
for WNBSD participants is greater than the slope for men, indicating 
that perceived inclusion is more strongly tied to perceived agency 
for minoritized genders. 

5 DISCUSSION 
Our fndings enhance the current models of “writing with AI” by 
introducing new factors and furthering our understanding of their 
relationships. The fndings also hint at the role that gender may 
play in such a context, though this line of investigation requires 
additional substantiation. Overall, the fndings ofer implications 
for research and design of co-writing interactions with AI. 

By introducing the construct of inclusion, our work extends the 
previous research on AI-MC, which has examined perceptions of 
agency while interacting with an AI writing assistant [17, 18]. We 
measure the concept of inclusion after the co-writing process by 
asking participants if they could envision themselves in the model 
and whether the model’s writing style matched their own. We 
show that this concept contributes to the perception of agency, a 
combined metric refecting ownership and control over the writing 
process and the fnal product. 

Informed by these fndings, Figure 6 presents a new conceptual 
model of the factors contributing to agency in AI co-writing envi-
ronments. This model is tentative: not all of these concepts were 
measured, let alone tested, in our work here. The model suggests 
that there are two paths for feeling agency in the co-writing process 
and its outcome. On the top, the AI writing style afects AI-user 
alignment—which we defne as the similarity between the AI writ-
ing style and the user’s own preferences that may be derived from 
their identity. High AI-user alignment leads to increased perceived 
inclusion, positively contributing to perceived agency. In our re-
search, we did not measure AI-user alignment. Instead, we built on 
the literature suggesting that minoritized genders are less likely 
to be aligned with assertive AI suggestions [9, 16]—which was not 
the case in this study. At the bottom of the model, the AI writing 
style afects AI-task alignment, which we defne as the perceived 
usefulness of the AI assistant for the task (e.g., writing to ask for a 
promotion with an assertive AI). If there is high AI-task alignment, 
the user will rely on the model to complete the task. However, such 
reliance, as we have shown, can negatively contribute to the user’s 
perceived agency. The conceptual model includes an interaction 
between AI reliance and inclusion, as suggested by our exploratory 
results. 
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(a) Participants who feel higher level of inclusion by the writing 
assistant maintain agency even when AI reliance increases 

(b) Gender minorities have a stronger sense of inclusion 

Figure 5: Interaction Efects in the Linear Regression. Figure 5a depicts the interaction between Inclusion and AI Reliance. 
Figure 5b depicts the interaction between Gender and Inclusion. 

Figure 6: Conceptual Model of Agency: A proposed model 
of the constructs and measured variables that contribute to 
feelings of agency. 

Our model raises several open questions that have implications 
for designers. The most salient question is the potential competition 
between AI-User alignment and AI-Task alignment. Or, how can 
developers strike a balance between models that are inclusive of 
various users but are also efective in completing the task? We 
note that even if the models align with both the user and task, 
there is remaining confict: the AI-User alignment will ultimately 
contribute to agency, but the AI alignment with the task—which will 
increase reliance—will also reduce agency. This fnding complicates 
the question of how developers can build models that help the user 
accomplish the task while also supporting the user’s agency, given 
the tension between those. Further work is needed to understand 
the trade-of between agency and task performance in real-world 
applications. 

The idea of inclusion via AI-User alignment captures our hy-
pothesis that gender identity will play a role in perceived inclusion 
and agency. We hypothesized that minoritized genders would feel 
more included in the hesitant AI writing style condition, at least 
compared to men. However, our main fndings did not show such 
gender efects. Although existing literature highlights language use 
difers by gender in negotiation contexts, it often relies on experi-
mental methods (such as laboratory studies) that encompass factors 

beyond the scope of our experiment like job status, vocal pitch, or 
physical presence [1, 14]. Many of the laboratory studies show it is 
the small details, like the tone of voice or the wording, which makes 
gender diferences salient [29]. The absence of physical cues, as 
shown in computer-mediated negotiations, reduces gender-based 
communication bias [28]. 

While gender diferences did not account for our expected main 
efect, our exploratory analysis also suggests there are still, poten-
tially, some diferences between genders. A noteworthy fnding in 
this analysis was the signifcant interaction between gender and 
inclusion in relation to perceived agency. The interaction suggests 
that for minoritized genders, perceptions of inclusion have a greater 
efect on the perception of agency compared to men. If they hold, 
these fndings lend support to our initial hypothesis: that people 
of diferent genders may react diferently to writing assistants of 
diferent styles. This fnding suggests that it may be useful to devise, 
develop, and test language models that also optimize on generat-
ing perceptions of inclusion by people of diferent demographic 
backgrounds. 

Our work explored the impact of AI auto-complete suggestions 
on feelings of inclusion, control, and ownership over the written 
text and considered the implications for users of various back-
grounds. The work has a number of limitations. First, in asking 
people to write as if asking for a promotion, our study focused on 
an important and realistic workplace task. However, other work-
place writing tasks should also be studied to generalize the results. 
Furthermore, we did not measure individual diferences in assertive-
ness, which could have provided additional insight on the efect 
of the treatment. Pre-task measurement of such attitudes, though, 
could have introduced bias to the experimental task. We focus on 
English-speaking US residents. Additional work is needed to under-
stand how users from various linguistic backgrounds and cultures 
interact with such AI agents. Despite these limitations, this short 
paper showed some of the frst evidence that minoritized genders’ 
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perceptions of control and ownership could vary in some ways 
from men’s as a response to writer-style biases. We ofer a new 
conceptual model for understanding the impact of these factors on 
people’s feelings of overall agency in AI-mediated environments. 
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participants from each AI treatment condition. We selected sug-
gestions that appeared at the beginning, middle, and end of the 
writing task for a total of fve suggestions per participant. We used 
LIWC-22 on the auto-complete suggestions to analyze the following 
features: positive tone, negative tone, pro-social behavior, polite-
ness, confict, clout, authenticity, and social behavior as a whole. 
Clout refers to the social status or confdence people display in 
writing. Authenticity refers to how much a person self-regulates, 
with low authenticity indicating the person is socially cautious 
and high authenticity indicating a person is spontaneous. Based 
on prior literature [16, 20, 29], self-assured language and hesitant 
language should difer along these metrics. With the exception of 
the positive tone metric, t-tests revealed signifcant diferences be-
tween the means of the self-assured model suggestions and hesitant 
model suggestions across all the metrics (negative tone: t=-6.73, 
p<0.001; pro-social behavior: t=3.29, p=0.0012; politeness: t= 3.77, 
p=0.0024, confict: t=-2.27, p=0.025; clout: t=3.15, p=0.002; authen-
ticity: t=-4.00, p<0.001; social behavior: t=3.24, p=0.001). Table 2 
shows several of the model suggestions with some selected self-
assured suggestions highlighted in dark blue and selected hesitant 
suggestions highlighted in light blue. 

Additional analysis showed the suggestions had an efect on the 
fnal message. We had three human annotators evaluate all of the 
fnal messages on a scale from 1-10, where 1 indicated no assertive-
ness and 10 indicated high assertiveness. T-tests revealed the means 

between conditions to be signifcant (self-assured/control: t=14.56, 
p<0.001; self-assured/hesitant: t= 14.56, p<0.001; control/hesitant: 
t= 10.09, p<0.001). Using the same LIWC-22 analysis, t-tests showed 
signifcant diferences between the text produced by these groups, 
with the exception of the positive tone metric and politeness (neg-
ative tone: t=-7.09, p<0.001; pro-social behavior: t=4.83, p<0.001; 
confict: t=-2.24, p=0.026; clout: t= 3.00, p=0.003; authenticity: t= 
-2.24, p=0.03; social behavior: t= 5.36, p<0.001). 

A.2 Exploratory Analysis Details 
In the exploratory analysis (section 4.4), we performed a row-wise 
average across the inclusion questions and the control and own-
ership questions to create our agency measure. Table 3 shows the 
correlation between the post-task questions. The two ownership 
questions (message sounds like me, message is mine), two control 
questions (control during process, control over message), and two 
inclusion questions (assistant made for me, assistant sounds like me) 
are each highly correlated, as indicated by the bold text. 

Table 4 shows the correlation analysis for the predictors in our 
model (Table 1 in section 4.4). The demographic features race and 
gender in the model are binary with 1 corresponding to the privi-
leged group (white, male) and 0 corresponds to minoritized groups 
(non-white, WNBSD). 
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Table 2: We prompted GPT-4 to generate suggestions in self-assured style and hesitant style. We sampled a few suggestions 
participants saw while they were writing. Noticeable diferences in the suggestions are highlighted. 

Prompt Sampled Suggestions 

Come up with a continuation to the input 
text in a self-assured manner asking for 
a raise 

“Be justifable to review my current compensation package. I believe an 
increase commensurate with my increased...” 
“Over the past year, I have consistently met and exceeded my performance 
objectives, taking on additional responsibilities without...” 
“My compensation should refect this. I would appreciate the opportunity 
to discuss this with you.” 
“It is fair to align my compensation with these mounting responsibilities. I have 
done extensive research on industry.” 

“I certainly don’t want to come across as ungrateful or discontented.” 
“...my performance and contributions, if needed. I am not asking for an immediate 
response, but rather a thoughtful...” 

Come up with a continuation to the input “In comparison to the industry standard, my current compensation seems a bit... 
text in a hesitant manner asking for a well, it’s not entirely...” 
raise “I thought it might be time to discuss the possibility of... well, perhaps a slight 

adjustment in my...” 

Table 3: Correlation table for the post-task questions. The highest correlations are between message is mine and message sounds 
like me (the two ownership questions), control during process and control over message (the two control questions), and assistant 
made for me and assistant sounds like me (the two inclusion questions). 

message is mine control over message control during process message sounds like me assistant made for me (assistant sounds like me) ai_reliance 

message is mine 
control over message 

control during process 
message sounds like me 
assistant made for me 

1.00 
0.53 
0.45 
0.67 
0.23 

1.00 
0.65 
0.51 
0.21 

1.00 
0.45 
0.21 

1.00 
0.37 1.00 

assistant sounds like me 0.13 0.17 0.22 0.21 0.56 1.00 
ai_reliance -0.37 -0.27 -0.22 -0.28 0.13 0.16 1.00 

Table 4: Correlation table for the predictors in the OLS linear regression 

Age Race Income Gender AI Reliance Inclusion AI Style 
Age 1.00 
Race 0.16 1.00 

Income 0.22 0.06 1.00 
Gender -0.02 -0.05 0.08 1.00 

AI Reliance 0.04 -0.01 0.09 0.07 1.00 
Inclusion -0.08 -0.12 -0.08 0.02 0.17 1.00 
AI Style -0.00 0.03 0.04 -0.10 0.14 0.10 1.00 
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