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Abstract

Despite the growing use of large language mod-
els (LLMs) for writing tasks, users may hes-
itate to rely on LLMs when personal style is
important. Post-editing LLM-generated drafts
or translations is a common collaborative writ-
ing strategy, but it remains unclear whether
users can effectively reshape LLM-generated
text to reflect their personal style. We con-
duct a pre-registered online study (n = 81)
in which participants post-edit LLM-generated
drafts for writing tasks where personal style
matters to them. Using embedding-based style
similarity metrics, we find that post-editing in-
creases stylistic similarity to participants’ unas-
sisted writing and reduces similarity to fully
LLM-generated output. However, post-edited
text still remains stylistically closer in style
to LLM text than to participants’ unassisted
control text, and it exhibits reduced stylistic di-
versity compared to unassisted human text. We
find a gap between perceived stylistic authen-
ticity and model-measured stylistic similarity,
with post-edited text often perceived as repre-
sentative of participants’ personal style despite
remaining detectable LLM stylistic traces.

1 Introduction

Today, many people use large language models
(LLMs) to assist with routine workplace writ-
ing and other professional communication. (Liang
et al., 2025) However, their use in personal writ-
ing tasks—where authenticity and faithfulness to
the author’s personal style is especially salient—
remains controversial. For example, online discus-
sions about AI-assisted wedding vows show mixed
reactions: while some view such use as “icky” or
as signaling insufficient care or effort, others ar-
gue that using AI to produce an initial draft that is
then personalized is no different from consulting
example vows and adapting them.1

1For example, see this Reddit discussion on AI-assisted
wedding vows.

These intuitions align with prior findings that
people’s acceptance of AI assistance depends on
the writing task and where in the writing process
assistance is applied. Reza et al. (2025) show that
in tasks where personal style is important, writers
are more receptive to AI support in planning and
organizing ideas, but resist assistance in translating
ideas into language or revising text, as these stages
directly shape stylistic expression.

Motivated by these findings, we ask whether
writers can accept AI involvement in initial draft-
ing if they can post-edit the draft to reintroduce
their personal style. In a pre-registered2 and IRB-
approved3 online study (n = 81), participants com-
pleted writing tasks in which personal style mat-
ters to them, such as wedding vows or an apology
letter. In treatment tasks, participants provided
planned content details and then post-edited an
LLM-generated draft.4

Using embedding-based style similarity metrics,
which have been shown to substantially capture
linguistic style–often to a higher degree than hu-
man assessments (Rexha et al., 2018)—we find that
participants can post-edit LLM-generated drafts to
make them sound significantly more like their own
unassisted writing and significantly less like LLM-
generated text. Participant self-reports align with
this pattern: they perceive that their post-edited text
is more stylistically similar to themselves and is
more usable for the writing task. Participants also
expressed a preference for using this workflow for
future personal writing with the most prominent
obstacle to adoption being the lack of originality of
the LLM-generated text.

Despite these stylistic improvements and par-
ticipant satisfaction, post-edited drafts remained
substantially more similar stylistically to LLM-

2https://aspredicted.org/ck6xk4.pdf
3University of Maryland IRB package number 2072441-4
4The collected data is available at https://github.com

/ctbaumler/personal_style_postedit.
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generated text than to participants’ unassisted writ-
ing and were overall less stylistically diverse than
unassisted human writing. Nevertheless, partici-
pants perceived their post-edited drafts as equally
representative of their personal style and suitable
for the writing task. Even when embedding-based
metrics detect residual LLM stylistic cues, partic-
ipants considered the resulting text authentic and
usable. These results highlight a disconnect be-
tween model-measured stylistic similarity and user-
perceived authenticity, emphasizing that partici-
pants can achieve outcomes they find acceptable
without fully aligning LLM-generated drafts with
their unassisted writing.

2 Background

2.1 Defining and Measuring Style
What is style? Crystal and Davy (2013) define
writing style as “a selection of language habits,
the occasional linguistic idiosyncrasies which char-
acterize an individual’s uniqueness”. Biber and
Conrad (2009) treat style as patterns of lexical
and grammatical variation distinct from register
(variation driven by situational context) and genre
(variation driven by text format). We adopt Crys-
tal’s view of style as individual linguistic habits,
focusing on personal writing tasks rather than cross-
domain comparisons.

Stylistic choices are socially meaningful: writers
adjust style to signal identity or group affiliation
(Khalid and Srinivasan, 2020) and to manage au-
dience expectations and engagement (Choi et al.,
2025; Lee et al., 2024). These considerations raise
the risk that AI assistance in co-writing may im-
plicitly push writers toward a more generic or ho-
mogenized style that conflicts with their intended
audience or personal style.

How is style measured? Computational ap-
proaches to measuring style have taken multi-
ple forms. Early work in stylometry captures
author- or community-specific fingerprints using
features such as function-word distributions, part-
of-speech patterns, and character- or word-level
statistics (Argamon et al., 2003; Herrmann et al.,
2015; Khalid and Srinivasan, 2020). Another ap-
proach, common in style transfer literature, treats
style as a discrete attribute, such as formality, sim-
plicity, or sentiment, and evaluates generated text
using classifiers for the target attribute (Xu, 2017;
Tikhonov et al., 2019; Jin et al., 2022). An alter-
native method learns continuous embeddings from

authorship data using objectives that pull together
texts expected to share style (e.g., written by the
same author) and push apart texts that differ in
style, even when content varies (Rivera-Soto et al.,
2021; Wegmann et al., 2022; Patel et al., 2025).

What is the style of LLM-generated text? A
growing body of work has documented systematic
stylistic differences between LLM-generated and
human-written text (e.g. Dentella et al., 2025; Shaib
et al., 2024; Richburg et al., 2024). These differ-
ences include lower-level patterns such as lexical
choice and syntactic templates (Gray, 2024; Shaib
et al., 2024), as well as higher-level tendencies
such as reduced specificity or reliance on generic
phrasing (Chakrabarty et al., 2025). Such stylis-
tic signatures can be detected both automatically
and by expert human readers (e.g. Emi and Spero,
2024; Russell et al., 2025).

Beyond detecting LLM-associated stylistic
traces, recent work has examined whether LLM-
generated text can be “salvaged” into higher-quality
writing through editing. Chakrabarty et al. (2025)
show that expert human edits can mitigate issues
such as clichéd phrasing, lack of detail, and awk-
ward constructions, producing writing that is pre-
ferred by creative writing experts over the model’s
default output. While this work focuses on align-
ing AI writing with expert norms of quality, we ask
whether post-editing can shift LLM-generated text
toward an authentic representation of an individual
writer’s personal style.

2.2 Co-Writing With LLMs

Flower and Hayes (1981) propose a cognitive pro-
cess theory of writing in which writers iteratively
engage in planning what to express, translating
those plans into natural language, reviewing the
text, and monitoring when to switch between pro-
cesses. Building on this framework, prior work has
examined how LLMs may be introduced at differ-
ent stages of the writing process through various in-
teraction strategies (Reza et al., 2025). One widely
studied method for human-AI co-creation of text
is post-editing, in which humans revise machine-
generated drafts. This approach has a long his-
tory in machine translation research as a means of
improving output quality and speed (Knight and
Chander, 1994; Simard et al., 2007).

Prior work shows that co-writing with LLMs can
influence various aspects of human writing. These
effects include changes in stylistic features such
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as lexical choice (Padmakumar and He, 2024), as
well as content-related characteristics including ex-
pressed opinions (Jakesch et al., 2023), stereotypes
(Baumler and Daumé, 2026), and self-presentation
(Poddar et al., 2023). Together, this literature sug-
gests that LLMs can shape both what is written and
how it is expressed.

Reza et al. (2025) find that writer preferences
for AI assistance depend on both the goals of the
writing task and the stage of the writing process at
which AI intervenes. In writing scenarios where
content is the primary contribution, writers tend to
resist AI assistance during planning but are more
receptive to AI support for translating ideas into lan-
guage. In contrast, in writing scenarios where form
is more important and that heavily involve one’s
“unique voice and style”, writers are willing to use
AI during planning, but resist AI involvement in
translating or reviewing text. Similarly, Hwang
et al. (2025) find that AI writing assistance is least
harmful to perceived authenticity when used dur-
ing early, exploratory stages of idea development
rather than in producing the final draft.

Together, this work suggests that writers are gen-
erally receptive to AI support during early stages
of writing but resist AI involvement in later stages
when stylistic control is most important. We build
on this observation by examining whether post-
editing LLM-generated drafts allows writers to ex-
press their personal style, and how they perceive
the value of this workflow in settings where stylis-
tic authenticity matters.

3 Research Hypotheses

Our study focuses on participants’ ability and de-
sire to express their unique writing style. They
write or post-edit text in scenarios in which they
perceive writing with their authentic style to be
important. AI systems have distinctive, often unhu-
manlike writing styles, which are unlikely to match
a user’s style without intervention.

To this end, we formulate two main preregistered
hypotheses.5 First, we consider whether partici-
pants can post-edit LLM-generated text to sound
authentically like themselves in writing scenarios
where personal style is important to them.6

5These hypotheses have been lightly edited from preregis-
tration for clarity.

6Style encompasses multiple independent features, so, as
we will later see, texts can become more similar to one refer-
ence (the participant’s own control writing, LLM-generated
text, etc) independently of change with respect to another.

H1: Participants’ AI-assisted writing (through
post-editing) matches their own natural, unas-
sisted writing style.
H1a: Participants’ AI-assisted writing

sounds more like their unassisted writing
after post-editing than before.

H1a′: Post-editing will make participants’
AI-assisted writing sound more like their
own unassisted writing than it does like
other participants’ unassisted writing.

H1b: Participants’ AI-assisted writing
sounds less like LLM-generated writing
after post-editing than before.

H1c: Participants’ post-edited writing sounds
less like LLM-generated writing than
their unassisted writing.

Second, we investigate the style of the resulting
post-edited text themselves and whether these texts
are best categorized as a distinct and detectable
“third” variety that is neither fully human-authored
nor fully LLM-generated.

H2: Post-edited text has a distinct and consistent
style.
H2a: Participants’ LLM-assisted writing

(through post-editing) has a more ho-
mogenous style than their non-AI as-
sisted writing

H2b: Participants’ LLM-assisted writing has
a less homogeneous style than LLM-
generated writing

H2c: This post-edited style is distinct enough
that after-post editing, participants will
sound less like their own unassisted writ-
ing than they do like other participants’
post-edited writing.

The hypotheses above focus on model-measured
changes in style. We additionally consider whether
these measurements match participants’ percep-
tions of style.

H3: Participants agree with automatic metrics at
identifying whether they have successfully
post-edited LLM-assisted writing to sound
like themselves.

Beyond these hypotheses, we present further pre-
registered analyses of participants’ perceptions of
the usability of post-edited text and of potential in-
equities in post-editing effort across demographic
groups as well as additional non-preregistered ex-
ploratory analyses in Appendix B.
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Pre-Survey

• Choice of 
writing tasks

• Desire to 
post-edit

Tutorial Control   
Task Block

• 2 writing 
tasks with 
perception 
questions

Treatment 
Task Block

• 4 post-editing 
tasks with 
perception 
questions

Task 
Difficulty 
Survey 1

Task 
Difficulty 
Survey 2

Post-Survey

• Desire to 
post-edit 
(extended)

• Demogra-
phics

Figure 1: Study overview: pre-survey, tutorial, two randomized task blocks (treatment and control) with task
difficulty surveys, and a post-survey. See Appendix D for interface screenshots.

Stage in Writing Process (Flower and Hayes, 1981)

Planning Translating Reviewing

Control

Participant writes (and edits) aloneParticipant plans details
I remember when em and my brother would play 
football outside

He was the best brother I could ever have he 
improved my life greatly

We did everything together and enjoyed playing 
sports together

⋮

My brother was everything to me he was a mentor 
when I needed it and a best friend on other days. I 
remember all the days of playing football in the 
backyard with each other as we were both very 
competitive.He was the best brother I could of 
asked to have in my life and improved my life so 
much. We did everything we could together from 
sports to getting food. He would always be willing 
to spend some of his money on me when getting a 
meal or surprising me with a present of some

Treatment

Participant plans details
I'm really sorry to hear about your dog

I remember meeting her when she was a little 
puppy

She was always so happy and wanted to greet 
everyone by licking them.

⋮

LLM writes initial draft
I was so sorry to hear about the passing of your 
beloved dog. I remember when you first brought 
her home as a little puppy—her bright eyes and 
wagging tail were impossible to resist. She 
greeted everyone with excited licks and the 
happiest wiggle, making each visit feel like a 
special occasion. She was not only joyful but also 
incredibly smart and well-trained, mastering every 
command you taught her with ease. I’ll always be 
amazed by how fast and athletic she was; she ran

Participant post-edits
I was so sorry to hear about the passing of your 
beloved dog. I remember when you first brought 
her home as a little puppy—her bright eyes and 
wagging tail were impossible to resist. She 
greeted everyone with excited licks and the 
happiest wiggle, making. She made each visit feel 
like a special occasion. She was not only joyful 
but also incredibly smart and well-trained, 
mastering every command you taught her with 
ease. I’ll always be amazed by how fast and

Figure 2: The main writing task. In both treatment and control blocks, participants plan details alone (top and
bottom, left). In the treatment block, an LLM generates an initial draft (bottom, middle) which participants post-edit
(bottom, right), and in the control block, participants write alone (top, middle and right). See Appendix D for a full
set of interface screenshots and Table 1 for example text from the treatment condition.

4 Study Procedure

As illustrated in Figure 1, participants completed
pre- and post-surveys, task difficulty surveys, a
brief tutorial, and two randomized writing task
blocks (treatment and control). Using this pro-
cedure, we recruit 100 participants of which we
include 81 in our final analysis (See §A.1 for more
details about participants and compensation.).

Pre- and Post-Surveys. In the pre-survey, par-
ticipants selected six of eight writing tasks7 and
rated their willingness to use AI for writing and
ability to post-edit for style. These questions were
repeated in the post-survey, which also included
questions about participants’ desire to post-edit
LLM-generated text in the future, factors influenc-
ing this decision (e.g., quality, privacy), etc. Full
survey items are provided in Appendix D.

7See Table 9 for the task options and Appendix C for
details on how the set of tasks was determined.

Task Difficulty Surveys. After each task block,
participants completed a short survey assessing task
difficulty (Figure 17) through modified NASA TLX
questions (Hart and Staveland, 1988).

Tutorial. Participants completed a brief interac-
tive tutorial introducing the process of planning
details and then writing or editing a draft.

Writing Task and Task-Level Survey. For each
selected writing task, participants provided at least
30 characters of planned details, such as where the
couple met to include in wedding vows (Figure 2,
Figure 20).8 These details were used to generate
the LLM drafts as we are interested in the edits
participants make to fix stylistic issues in the drafts,
not to fix the factual content. The six selected writ-
ing tasks were randomized between the treatment
and control blocks.

8To preserve privacy, they are asked to provide fake details.
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Prompt 4.1: Prompt for wedding vows writing task

Please help me write a draft wedding vows. Only respond
with the draft vows with no additional content or explana-
tion. Please do not include any placeholder text such as
“[name”. The final draft should be about 150 words. Here
are some details to help you write:
[Bulleted list of participant-written details]

In the treatment block, participants edited the
LLM-generated draft to reflect their personal style,
spending at least two minutes9 before continuing.
In the control block, participants wrote at least 150
characters directly from their plans without seeing
any LLM-generated text. Task-level questions col-
lected prior experience and perceived importance
of personal style for the given task. Participants
also rated the stylistic authenticity of their writing
on a 5-point likert scale: in the control condition,
this referred only to their own fully human-written
text, and in the treatment condition, to both the
original LLM-generated draft and their post-edited
version. In the treatment condition, participants
additionally indicated the types of edits they made.

5 Methods

We use LLMs both to generate initial drafts in the
treatment condition and to measure the style of
treatment and control texts.

5.1 Generation of LLM Drafts

LLM drafts were generated using GPT-o4-
mini (OpenAI, 2025). The model was prompted
with the type of writing task, the participant-written
list of details,10 and instructions including approxi-
mate word count (see Prompt 4.1).

5.2 Measuring Style

Our analyses largely use measures of stylistic simi-
larity as outcomes. We estimate stylistic similarity
between texts using the cosine similarity between
their LUAR embeddings (Rivera-Soto et al., 2021).
As we discuss in §B.2, we selected this style em-
bedding model as it was the most performant on an
authorship identification task on our control data.
While it may not be the current top-performing
model on standard authorship benchmarks, we find

9We did not set a minimum amount of edits, as participants
may have felt that the LLM-generated text already sufficiently
matched their personal style.

10Under this design, it is possible that the LLM could pick
up on stylistic cues in the list of details and tailor its output
accordingly. We consider this concern in §B.1 and find no
evidence of such stylistic personalization in our study.

that it most effectively captures the stylistic dif-
ferences among participants within the specific
writing-task domains of this study.

We also analyze AI detector scores via PAN-
GRAM (Emi and Spero, 2024). These scores esti-
mate the likelihood of a text being AI-authored,
similar to assessing the stylistic similarities be-
tween a given text against an LLM-generated text.

6 Results

In this section, we examine how effectively partici-
pants post-edited LLM-generated text to sound like
themselves (§6.1) and the style of post-edited text
itself (§6.2). We also discuss participants’ percep-
tion of style (§6.3), the features participants do and
do not post-edit (§6.4), and participants’ reasons to
use or not use LLM drafts in future writing where
personal style is important (§6.5).

Unless otherwise stated, group comparisons
were performed using permutation tests (see §A.2),
with corresponding effect sizes reported as Hedges’
g (Hedges, 1981) with 95% confidence intervals
calculated from 1000 bootstrap samples. Asso-
ciations were analyzed using repeated-measures
correlation (Bakdash and Marusich, 2017). Claims
of statistical significance for preregistered analy-
ses refer to results surviving Benjamini–Hochberg
correction (Benjamini and Hochberg, 1995), con-
trolling the false discovery rate at q = 0.05. Raw
p-values are reported throughout.11

6.1 Effectiveness of Post-Editing in Improving
Stylistic Authenticity

First, we consider how well participants were able
to post-edit LLM-generated text to match their per-
sonal writing style (H1).12 After post-editing, par-
ticipants’ treatment text is significantly more stylis-
tically similar to their control writing (p = .0002,
g = 0.55, 95% CI: [0.38, 0.71], Figure 3 right) and
significantly less similar to LLM-generated text
(H1b, p = .0002, g = −0.41, 95% CI: [−0.44,
−0.39], Figure 3 left). This shift away from stylis-
tic similarity to LLM-generated text is also ob-
served using PANGRAM AI-detector scores (H1b,
p = .0002, g = −0.45, 95% CI: [−0.55, −0.35]).

We also see that the stylistic shift through post-
editing moves participants’ style more toward their

11Exploratory analyses were not included in this multiple-
testing correction and are identified as such.

12This analysis includes all treatment observations. We
explore in §B.5 how these effects may vary on tasks where
personal style was somewhat less important to participants.
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Figure 3: Similarity to LLM-generated text (left)
and control text (right) before and after post-editing.
Through post-editing, text is more similar to control text
(H1a) and less similar to LLM-generated text (H1b).

own unassisted style than it does to other partici-
pants’ style (H1a′, p = .0002, g = −0.56, 95% CI:
[−0.7, −0.43], Figure 5 left). That is, the effects
seen in H1a and H1b would not be well explained
by saying that participants post-editing their text to
sound generically more “human”. In this case, we
would have expected post-editing to lead to roughly
equal increases in stylistic similarity regardless of
which human author we compare to.

However, despite significant evidence that partic-
ipants could post-edit LLM-generated text to better
match the style of their control writing, partici-
pants’ post-edited text remained significantly more
stylistically similar to LLM-generated text than
to their unassisted control text (H1c, p = .0002,
g = −1.43, 95% CI: [−1.55, −1.32], Figure 4
right), implying that participants were not able to
fully remove LLM stylistic cues from the drafts.

6.2 Post-Editing and Stylistic Homogeneity

Here we analyze whether post-edited LLM text
exhibits a consistent and identifiable style (H2). In
Figure 6, we show the stylistic similarity between
LLM-generated text, text post-edited by different
participants, and text written alone by different
participants. Here, high stylistic similarity scores
indicate a more homogeneous writing style within
a group. For example, if all participants wrote their
unassisted text in approximately the same style, the
stylistic similarity between control texts from two
random participants would be close to 1.

We see that post-edited writing is indeed more
stylistically homogeneous than unassisted writing
(H2a, p = .0002, g = 1.42, 95% CI: [1.33, 1.51])
and is less stylistically homogeneous than LLM-
generated writing (H2b, p = .0002, g = −0.69,
95% CI: [−0.74, −0.63]). This suggests that post-
editing injects a significant amount of stylistic di-
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Figure 4: Similarity before (left) and after post-editing
(right) to control and LLM-generated text. Even after
post-editing, text is more stylistically similar to LLM-
generated text than control text (H1c)
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Figure 5: Similarity of post-edited text to participants’
own control vs other participants’ control (left) and post-
edited (right) text. One’s post-edited text is less similar
to others’ control text (related to H1a′) and more similar
to others’ post-edited text (H2c).

versity into LLM-generated drafts, but not enough
to reach the diversity of fully human-written text.

However, in a similar pattern to H1c, partici-
pants’ post-edited text is significantly more stylisti-
cally similar to other participants’ post-edited text
than to their own control text (H2c, p = .0002,
g = 1.14, 95% CI: [1.02, 1.26], Figure 5 right)
showing that some features of the stylistic finger-
print of LLM-generated text are consistently pre-
served after post-editing across different partici-
pants. This result contrasts with our findings in
H1a′ in which we saw that post-edited writing is
more similar to the post-editor’s own unassisted
style than other participants’ unassisted styles. Be-
tween H1a′ and H2c, we can see that human-like
changes made during post-editing are meaningfully
unique to individuals while the AI-like aspects that
are not addressed during post-editing are meaning-
fully shared between participants.

6.3 Do Human Perceptions of Stylistic
Similarity Agree with Model Measures?

We’ve observed that post-editing increases LUAR-
measured stylistic-similarity to participants’ unas-
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Figure 6: Stylistic similarity between pairs of text from
different participants. The set of post-edited text is more
stylistically homogeneous than the set of fully human-
written text but less stylistically homogeneous than the
set of LLM-generated text.

sisted writing and increases stylistic diversity but
that text remains significantly more stylistically
similar to LLM-generated text than unassisted writ-
ing and significantly less diverse. However, LUAR
embeddings may not perfectly translate to how par-
ticipants experience their personal style.

After writing or post-editing, participants were
asked questions pertaining to how well each text
captures their style which we average into a sin-
gle score. Comparing this perceived stylistic simi-
larity to LUAR stylistic similarity measurements,
we find that they have a significantly positive but
weakly calibrated correlation (H3, r = 0.244 ±
0.076, p < .0001, Figure 8).

We observed in H1c that, using LUAR-
measured similarity, post-edited text was ultimately
more stylistically similar to LLM-generated text
than participants’ control text. However, while
we’ve seen a significant correlation between the
model measurements and human perceptions, we
exploratorily observe that participants perceive
their post-edited treatment text as no less repre-
sentative of their personal style than their control
text (p = .9062, g = 0.01, 95% CI: [−0.17, 0.19],
Figure 7). This means that participants may not
have experienced in practice the stylistic gap be-
tween their post-edited and control text measured
by LUAR in H1c. They may not have been aware
of certain LLM-associated features that they chose
not to post-edit or the style embeddings may have
included features that are not salient to participants’
stylistic preferences in our studied writing tasks.
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Figure 7: Differences in perceived self-similarity be-
tween LLM-generated text, post-edited text, and control
text.
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Figure 8: Relationship between participants’ perception
of and LUAR measurements of stylistic self-similarity for
treatment text (H3). Y-axis is scaled from the original
1-5 range. Solid lines show the participant-level relation-
ships from the repeated-measures correlation analysis
and the black dashed line shows the overall correlation.

6.4 What Are(n’t) Participants Editing?

In an initial manual review, we observed substan-
tial variation in the amount and density of edits
to LLM-generated text across participants. Some
participants primarily edited the LLM-generated
text directly, while others instead added new text
in their own style. As discussed in § B.7.3, nei-
ther dense nor diffuse edits were more effective in
increasing style-embedding-based similarity.

For further qualitative analysis, we open-coded
∼ 20% of the treatment documents. This included
examples where the word error rate between LLM
and final drafts was within one standard deviation
of the mean, excluded cases with near-complete
rewrites or minimal changes to better capture edit-
level behavior, and prioritized more “successful”
edits with larger increases in self-similarity.
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These successful edits took a variety of forms.
We observe many nonstandard edits, including po-
tential typos and systematic differences in punc-
tuation conventions, which may be accidental or
reflect personal stylistic choices. We exploratorily
analyze these less linguistically acceptable edits in
§B.7.1 and find that they increase stylistic similar-
ity to control text, particularly the participant’s own
writing, and more closely reflect individual-specific
patterns rather than generic humanization.

Participants made edits reflecting regional and
cultural norms, such as adopting British English
conventions or adding explicitly religious language
to eulogies and condolence letters. One participant
reported inserting language from a “traditional eu-
logy in the Church of England.” These patterns
suggest that certain groups may require more post-
editing to express their personal style (e.g., to adjust
spelling or add culturally specific language). For
additional analysis of differences in post-editing
effort across demographic groups, see §B.4.

In addition, participants made fine-grained punc-
tuation and lexical edits. As we discuss in §B.7.2,
some edits removed words or punctuation com-
monly associated with LLM-generated text (e.g.,
em dashes or “dive”) or added contractions, while
others reflected more idiosyncratic preferences,
such as changing “cozy” to “comfortable” or “as-
sistance” to “help.” While some edits could be in-
terpreted as “humanizing”, many instead reflected
participants’ personal sense of what sounded most
like them. Some edits also had a semantic compo-
nent: participants reported correcting factual con-
tent in ∼ 31% of treatment documents, and we
observe related changes such as replacing “Zoom”
with “WhatsApp video call.”

Finally, participants sometimes simplified sen-
tence structure or removed flowery language (e.g.,
changing “an amazing spirit, one whose generosity
knew no bounds” to “an amazing man”), while oth-
ers added clichéd expressions such as “She will for-
ever be a part of our lives,” suggesting this language
was not uniformly viewed as uncharacteristic.

Overall, participants employed a diverse set of
post-editing strategies to align LLM-generated text
with their personal writing style, highlighting the
variety of features individuals find personally mean-
ingful in their writing.

6.5 (Why) Do Participants Like to Post-Edit?
Here, we present exploratory results on the factors
influencing participants’ satisfaction with text writ-

ten in this study and the process of post-editing. In
our post-survey, participants were asked how they
would prefer to write text in the future in scenar-
ios where personal style is important. A majority
(58) would prefer to post-edit text as they did in
the treatment block, while a large contingency (20)
would prefer to write without AI assistance. A few
participants (3) would prefer to use model genera-
tions without post-editing. Overall, after participat-
ing in the study, participants reported being more
likely to use AI in writing tasks where they believe
capturing their personal style is important com-
pared to their pre-study preferences (t(80) = 5.54,
p < .0001, g = 0.64). Participants generally found
writing alone somewhat more mentally demand-
ing (t(80) = −2.301, p = .024, g = −0.282),
time-consuming (t(80) = −2.214, p = .03, g =
−0.260), and effortful (t(80) = −2.602, p = .011,
g = −0.266) than post-editing.

As we discuss in § 6.1 and § B.3, participants
agreed with embedding-based measurements of
stylistic similarity (which showed an increase in
self-similarity after post-editing in §6.1) and that
increased perceived self-similarity was associated
with higher perceived usability. Putting these
findings together, we see that participants overall
indicated that they believe their post-edited text
matches their personal style better (p < .0001,
g = 0.56, 95% CI: [0.42, 0.69]) and is more us-
able (p < .0001, g = 0.53, 95% CI: [0.39, 0.66])
than the original LLM-generated text.

In Figure 11, we compare the rankings of rea-
sons why participants may prefer to post-edit LLM-
generated drafts or write alone. Participants prefer-
ring to write alone ranked the “Originality” of the
LLM-generated drafts as a somewhat more impor-
tant factor than those preferring to post-edit. They
ranked “Efficiency” and “Reliability” as less impor-
tant. There were no significant differences between
groups regarding the importance of “Style” (and
the effort required to correct it). In other words,
participants who prefer to write alone are less con-
cerned with the effort of post-editing or the inclu-
sion of details, and more with the perceived lack of
originality in AI-generated drafts.

These exploratory results (expanded in § B.6)
suggest that potential adoption of post-editing may
be limited less by the effort required (e.g., adjusting
style) and more by a perceived lack of interesting
or original content in LLM-generated drafts.
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7 Conclusion

In this work, we examined people’s ability to post-
edit LLM-generated text to capture their personal
style in tasks where expressing said personal style
is important. Post-editing significantly increased
stylistic similarity to participants’ own control text
and decreased stylistic similarity to LLM-generated
text. Our findings show that participants can exert
meaningful stylistic control through post-editing
and are generally positive about using AI this way
in tasks where expressing personal style matters.

However, despite these improvements, post-
edited text remained measurably closer in style
to LLM-generated text than to participants’ own
fully human-authored text, and it exhibited reduced
stylistic diversity relative to human control writing.
Participants did not seem to perceive these resid-
ual stylistic markers: although their perception of
stylistic self-similarity correlated with embedding-
based measurements, they judged their post-edited
text to be just as representative of their personal
style as their control writing.

This gap between model-measured and
participant-perceived stylistic similarity may have
arisen for several reasons. First, participants may
not have noticed certain LLM stylistic cues in
their post-edited text, or they may have deemed
these features irrelevant to their personal style. If
participants failed to notice relevant cues, this may
be caused by participants relying on simplified
heuristics or algorithmic folk theories when judg-
ing whether text is AI-generated (e.g., associating
“delve” or em dashes with LLM output), rather
than attending to broader stylistic distributions.
As a result, users (especially those with less
hands-on experience writing with LLMs) may
detect certain well-known cues while overlooking
others. This interpretation is consistent with
prior work showing that people develop partial
mental models of algorithmic systems that are
often incomplete or inaccurate (e.g., Karizat
et al., 2021), as well findings from Russell et al.
(2025) that suggest that frequent LLM users may
develop stronger intuitions about AI writing style.
Participants may easily gloss over and passively
accept potential stylistic differences, rationalizing
that a LLM-generated draft is close enough to
what they would have written alone, especially
when they have a less developed sense of the space
of stylistic differences to attend to.

Conversely, this gap may not reflect a lack of
“accuracy” in participants’ judgments, but rather a
mismatch in what is being measured. Embedding-
based metrics capture linguistic features that are
statistically salient, but these features may not align
with the aspects of style that lay users consider
meaningful for their own writing. As a result, even
highly “accurate” style embeddings may fail to pre-
dict how users perceive stylistic similarity. Differ-
ences in style judgments may not solely be a matter
of user ability but also depend on what aspects of
style are being focused on.

Given this potential gap between perceived and
“true” stylistic similarity, future work could explore
interventions that surface residual LLM stylistic
features, allowing for more precise post-editing.
However, these interventions may be of limited
utility for users who already perceive their post-
edited text as sufficiently representative of their
personal style, and they could even encroach on
users’ autonomy by prescribing what it means to
“sound like” themselves. Increasing the creativity
and originality of initial LLM drafts may be a more
impactful way to improve the utility of post-editing
workflows, as generic or clichéd drafts could limit
their effectiveness, even if they are easy to restyle.

Beyond post-editing workflows, potential “in-
accuracy” in users’ perceptions of their own style
may be a concern for work focused on using LLMs
to generate personalized text mimicking a user’s
style. In this setting, our findings suggest that users’
intuitions about their own style may not be fully
reliable and that additional scaffolding or feedback
may be needed to help users make accurate judg-
ments about style alignment.

Outside of our participants, it is unclear how au-
diences would perceive this post-edited text and
whether would they notice cues participants over-
looked, particularly in personal writing where au-
diences would be familiar with participants’ style.
Even when participants felt their post-edited text
captured their personal style, LLM markers could
undesirably influence how it is received.

In sum, our findings point to a disconnect be-
tween embedding-based representations of style
and writers’ experience of their personal style. Post-
editing can support a sense of stylistic authenticity
even when traces of LLM style remain. These
results motivate further study of human-AI co-
writing across settings, including how both writers
and audiences interpret stylistic authenticity in AI-
assisted personal writing.
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8 Limitations

Throughout our study stylistic similarity (and AI
detection) was measured via LLMs. While we
select a style embedding model that is most per-
formant in our domain and show that its output
correlates with participants’ self-assessments of
their style, these measures may be less reliable
than stylistic analyses conducted by human experts
in forensic linguistics.

Stylistic self-similarity was measured using two
unassisted reference texts which may not have cap-
tured all of a participant’s personal stylistic prefer-
ences. Further, participants did not complete the
same writing tasks in the control and treatment
blocks, so the references used to measure stylistic
self-similarity were collected on different writing
tasks than the treatment texts. While some aspects
of the participants’ personal style are likely consis-
tent between writing tasks, participants may have
had task-specific stylistic preferences that were not
captured in their control text. Overall, our mea-
surements may have underestimated how well their
treatment text captured participants’ personal style
and linguistic preferences.

While our study focused on real writing tasks
where participants feel personal style is important,
their writing is ultimately “fake”. They are asked
to not include real identifying details and the writ-
ing produced in the study will not ultimately be
used for its intended purpose. Even if participants
had a particular recipient in mind as they wrote an
apology letter, this recipient will not be shown this
apology. Participants’ behaviors may be different
when writing an apology letter with real details that
will be sent to the real recipient.

We also acknowledge that our process for gen-
erating LLM drafts may not be representative of
how real users would request a draft from an LLM.
Users who do not, for example, provide bullet point
details to an LLM may receive qualitatively differ-
ent initial drafts and therefore have different expe-
riences in post-editing.

More broadly, the paradigm of an LLM provid-
ing an initial draft that users post-edit is of course
not the only way for people and LLMs to write
together (Mysore et al., 2025). Some users may
prefer to write the initial draft themselves and use
an LLM for editing, some users may prefer more in-
teraction turns, etc., and future work may consider
how differently structuring the co-writing experi-
ence affects the style of the final text.

Our work considers participants’ self-
perceptions of the style and usability of the
text they wrote or post-edited. However, this does
not account for the perspective of the eventual
reader. As we discussed in § 7, future work
may examine whether audiences notice residual
markers of AI style and how these influence their
perception of the text, particularly for the writing
tasks in which personal style is especially salient.

9 Ethical considerations

In our study, we encourage participants to provide
fake details for the LLM to include in draft text. In
a real-world setting, users may provide true details
to an API-based LLM, introducing privacy risks.

Our study does not consider whether or how par-
ticipants feel their use of LLMs should be disclosed
to their imagined recipient (in this case, that they
planned and post-edited the text but did not write
the full initial draft themselves). While user percep-
tions of their ownership of and contributions to the
final text may vary (e.g., Reza et al., 2025; Hwang
et al., 2025), obscuring the model’s contributions
via lack of disclosure or via removal of stylistic
fingerprints lessens the reader’s ability to identify
“who” they are engaging with (Jain et al., 2025).

In this project, we used GitHub Copilot during
implementation and ChatGPT while revising our
(human-written) paper drafts.
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A Additional Experimental Details

A.1 Participant Recruitment, Demographics,
and Compensation

We recruited 100 participants13 for our study
through the crowdsourcing platform Prolific.14 Par-
ticipation was limited to one session per person and
to English-fluent users, as non-fluent speakers may
have a less clear sense of personal style in English.
Participants took an average of 1.69 hours to com-
plete the study and were compensated at US$15 per
hour on average including a US$3 “bonus”. To dis-
courage low-effort submissions participants were
told they would receive the bonus only if their style
was consistent throughout the study. In practice, all

13This is lower than planned in preregistration due to partic-
ipants taking longer to complete our study than in our piloting.
This change was made to achieve the expected hourly payment
given our budget and was not based on study results.

14https://www.prolific.com/

participants were paid the full amount. Following
our preregistered exclusion criteria, we discarded
responses where participants never edited any of
the LLM-generated drafts or did not complete the
entire study, leaving 81 participants.

In our post-survey, all demographic questions
were optional, and participants could select more
than one gender and race category. 67.9% of these
participants self-identified as women and 32.1% as
men, one of which identified as a transgender man.
23.5% of participants were between the ages of 18-
25, 45.7% between 26-40, 18.5% between 41-60,
and 3.7% over the age of 60 with 8.6% preferring
not to report. 74.1% of participants self-identified
as Black or African American, 13.6% as White,
4.9% as Asian, and 1.2% as Native Hawaiian or
Other Pacific Islander with 6.2% preferring not
to report. 3.7% of participants self-identified as
Hispanic or Latino. 1.2% of participants reported
their highest level of educational achievement to
be a High school diploma or equivalent, 1.2% as
Some college, no degree, 2.5% as Associate de-
gree, 6.2% as Bachelor’s degree, 1.2% as Master’s
degree, 55.6% as Professional degree, 18.5% as
Doctorate, and 13.6% as Other.

A.2 Permutation Test Details
Much of our main analysis was conducted using
two-tailed permutation tests with 10, 000 permuta-
tions. For example, in H1a, we consider whether
participants’ treatment text sounds more like their
control writing after post-editing than before. Us-
ing a style embedding model, we generate an em-
bedding of each participant’s concatenated control
texts, an embedding for each treatment text before
post-editing, and an embedding for each treatment
text after post-editing. Taking the cosine similar-
ity between treatment and control embeddings, we
then have a measurement for the treatment texts’
stylistic similarity to the participant’s control text
before and after they post-edited the treatment text.
We calculate the mean similarity of each list and
treat the absolute difference as the observed mean.
We then consider 10, 000 permutations of these
scores. We can then calculate p-value as the per-
centage of permutations where the mean absolute
difference between groups is greater than the ob-
served mean.

Where applicable, we match the writing tasks in
reference texts between comparisons. For example,
for a single participant, we collect two unassisted
control texts. When we calculate similarity of that
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participant’s treatment text to LLM-generated text,
we only consider comparisons to LLM-generated
text that was generated for the same writing task as
that participant’s control tasks.

B Additional Analyses

Here we report additional analyses and expanded
details from analyses in § 6. These results in-
clude discussion of three additional preregistered
hypotheses.
H4: In writing tasks where participants consider

authentic style to be important, they are more
likely to report willingness to use a piece of
text they deem to match their style more accu-
rately.

Beyond individualized style, we consider how
post-editing labor is distributed among people from
various demographic backgrounds who value writ-
ing text that communicates this community mem-
bership.
H5: Participants from marginalized communities

who want that community membership to
come across in their writing will require more
post-editing to capture their personal style.

H4 and H5 are discussed in § B.3 and § B.4
respectively. We confirm that the style of LLM-
generated text used in our study is consistent across
participants (§B.1) and discuss our choice of style
embedding model (§B.2). We provide additional
details about our analysis of the reasons why our
participants would or would not prefer to post-edit
from LLM-generated drafts in future writing (§B.6).
We also explore whether our results in H1 change
on tasks where personal style is viewed as some-
what less important (§B.5) and various aspects of
participants’ edits including their lexical choices,
length, etc (§B.7).

B.1 LLM-generated Text’s Style is Consistent
Between Participants

As we discussed in §4, we provide the LLM gener-
ating treatment drafts with an initial set of planned
details provided by the participant. For example, if
the task is to write a an apology letter, the partici-
pant might provide bullet points summarizing what
they did wrong and the steps they will take to avoid
repeating the problem. These bullet points may in-
clude some markers of participants’ personal style.
While the model was not prompted to do so, it is
possible that the model could pick up on some of
these markers and use them when creating a draft.

This would mean that participants were not post-
editing from a “generic” or “default” LLM style
but a somewhat personalized style. To confirm that
this did not happen, we consider the stylistic con-
sistency between model generations produced for
the same participant or for different participants (in
a procedure similar to that done for H2a and H2b in
§6.2). If the model is taking the style of the bullet
points into account, we would expect to see higher
stylistic similarity between text generated using the
same participant’s bullet points than we do between
text generated using different participant’s bullet
points. We observe no such difference (p = .697).

B.2 Style Embedding Model Selection
We select a style embedding model to use in our
analysis from a set of six models (Kim et al., 2025;
Rivera-Soto et al., 2021; Wegmann et al., 2022;
Koornstra, 2023; Patel et al., 2025). As these mod-
els’ robustness may vary based on factors such as
the domain of the text samples, their length, etc,
we choose to evaluate them on an authorship iden-
tification task on our control data. Using this setup
allows us to choose the model that best captures
salient stylistic features in our study’s writing tasks.

In the authorship identification task, the model
is given a query document written by an unknown
author and set of reference documents. The task is
then to rank the reference documents based on how
likely they are to be written by the same author
as the query document. One of these reference
documents is written by the same author as the
query document and ought to be ranked first.

Say we are considering the first control docu-
ment from a participant as a query. To construct
the set of reference documents, we first take the
participant’s other control document as the correct
reference. For every remaining participant, we in-
clude one of their two control documents either
selecting at random or selecting the document that
was not written for the same task as the query. For
each model, we embed the query document and
each of the 81 reference documents. The final pre-
dicted ranking of reference authors is calculated
using the cosine similarity between the query em-
bedding and each reference document embedding.

In Table 2, we show the mean reciprocal rank,
average recall at 1 (1 if the true author is ranked
first), and average recall at 8 (1 if the true author is
ranked in the top 8) for each model as well as for
random rankings. We observe that all models per-
form much better than random ranking. LUAR-MUD
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Original LLM-generated Text Post-edited Text Comparison Measures

Dear Jennifer,

I’m so sorry for my behavior at the
Italian restaurant last night. I shouted
at you because I felt you dismissed my
worries about my job and I believed you
were being insincere. I was under a lot of
stress and pressure, and I let my emotions
get the better of me. I realize now that I
should have communicated my feelings
calmly instead of reacting impulsively.

I know you were only trying to be
supportive and caring, and I truly ap-
preciate how hard you’ve listened and
stood by me. My reaction was unfair to
you and hurtful. I regret causing you pain.

Our friendship means the world to
me, and I hope you can forgive me. I am
committed to making things right and
doing whatever it takes to rebuild your
trust. Thank you for being there, and I
hope we can move forward together.

Sincerely,
Your friend

Dear Jennifer,

I’m so sorry for my
:::::::
behaviour at

the Italian restaurant last night. I shouted
at you because I

:::::::
(wrongly)

:
felt you

dismissed my worries about my job and I
believed you were being insincere. I was
under a lot of stress and pressure, and I let
my emotions get the better of me. I

:::::
realise

now that I should have communicated my
feelings calmly

:
, instead of reacting

:
as
::

I
::
did.

I know you were only trying to be
supportive and caring, and I truly appreci-
ate how hard

::
you

::::
have listened and stood

by me. My reaction was unfair to you
and hurtful. I regret

:::::::
upsetting

:::
you

::::
and

causing
:
a
::
bit

::
of

:
a
:::::
scene

::
in

::
the

:::::::::
restaurant.-

:
to
:::
put

::
it

:::::
mildly!

Our friendship means the world to
me, and I hope you can forgive me. I am
committed to making things right and
doing what it takes to rebuild your trust
:::
and

::::::::
friendship.. Thank you for being

there
::
in

:::
the

:::
past, and I

:::::
really

::::
hope

::::
you

:::
will

::
be

::::
there

::
in
:::
the

:::::
future-

:::
as

:
I
:::
will

::::
also

::
be

::::
there

::
for

::::
you..

Sincerely,
Your friend

{
∆ self-sim:
∆ LLM-sim (avg):
∆ Pangram Score:
WER:

}

0.202,
−0.197,
−0.999,
0.320

My love, today I stand before you grate-
ful for every laugh, every adventure, ev-
ery quiet moment shared. Your kindness,
patience, and quick wit have made me
stronger, braver, and joyful. I promise
to support you in your dreams, to cele-
brate your successes, and to lift you up
when challenges arise. I vow to be your
partner in all of Life’s journeys, from road
trips at dawn to cozy nights on the couch.
I promise to share the remote. I pledge
to listen with understanding, to forgive
with compassion, and to always choose
love over pride. Together we will build
a home filled with laughter, honesty, and
curiosity. I cherish our memories—the
picnic that turned into a dance, our first
sunrise hike—and look forward to creat-
ing many more. With sincerity and devo-
tion, I commit my heart to you, now and
always, as we grow, learn, and chase our
dreams side by side.

My
:::
soon

::
to
::
be

:::::::
husband, today I stand be-

fore you grateful for every laugh, every
adventure, every quiet

:::
and

::::
loud moment

:
s

shared. Your kindness, patience, and
:::

love
have made me stronger, braver, and joyful.
I promise to support you in your dreams,
to celebrate your successes, and to lift you
up when challenges arise. I vow to be your
partner in all

::
the

::::::
journey

::
of

:::
life, from road

trips at dawn to cozy nights on the couch.
I promise to share the remote. I pledge
to listen with understanding, to forgive
with compassion, and to always choose
love over pride. Together we will build
a home filled with laughter, honesty, and
:::
love I cherish our memories—the picnic
that turned into a dance, our first sunrise
hike—and look forward to creating many
more. With sincerity and devotion, I com-
mit my heart to you, now and always, as
we grow, learn, and chase our dreams side
by side.

{
∆ self-sim:
∆ LLM-sim (avg):
∆ Pangram Score:
WER:

}

−0.029,
−0.007,
0.000,
0.093

Table 1: Example LLM-generated and post-edited text from our study. The first is a relatively “successful” case
where the LUAR-measured similarity to the participant’s unassisted control text increases and the LUAR-measured
similarity to other LLM-generated text as well as the Pangram-predicted AI-likelihood decrease through post-editing.
The second is less successful with the LUAR-measured similarity to the participant’s unassisted control text not
improving despite the edits made. For the full set of text written, generated, or post-edited in the treatment and
control blocks of our study, see https://github.com/ctbaumler/personal_style_postedit.
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Model MRR (↑) R@1 (↑) R@8 (↑)

Rivera-Soto et al. (2021) (LUAR-MUD) 0.5888 0.4506 0.8333
Rivera-Soto et al. (2021) (LUAR-CRUD) 0.4966 0.3519 0.7778
Kim et al. (2025) (multilingual-style-representation) 0.4364 0.2901 0.6975
Wegmann et al. (2022) (CISR) 0.4058 0.2778 0.6481
Patel et al. (2025) (StyleDistance) 0.3688 0.2469 0.6049
Koornstra (2023) (SAURON) 0.3457 0.2284 0.5000

Random 0.0615 0.0123 0.0988

Table 2: Authorship identification performance of style embedding models on our control text. Authorship rankings
are made with 80 references from other participants and one reference from the true author. Both versions of LUAR
are distributed under the terms of the Apache License (Version 2.0). StyleDistance is distributed under the terms
of an MIT license. SAURON is distributed under the terms of the GNU General Public License v3.0.

Hypothesis p g 95% CI Model

H1a
0.0002 ∗ 0.55 [ 0.38, 0.71] LUAR-MUD
0.0002 ∗ 0.48 [ 0.32, 0.64] CISR
0.0002 ∗ −0.56 [−0.70, −0.43] LUAR-MUD

H1a′
0.0002 ∗ −0.30 [−0.44, −0.16] CISR

H1b
0.0002 ∗ −0.41 [−0.44, −0.39] LUAR-MUD
0.0002 ∗ −0.55 [−0.57, −0.53] CISR
0.0002 ∗ −0.45 [−0.55, −0.35] Pangram
0.0002 ∗ −1.43 [−1.55, −1.32] LUAR-MUD

H1c
0.0002 ∗ −2.30 [−2.46, −2.15] CISR

H2a
0.0002 ∗ 1.42 [ 1.33, 1.51] LUAR-MUD
0.0002 ∗ 1.03 [ 0.91, 1.14] CISR
0.0002 ∗ −0.69 [−0.74, −0.63] LUAR-MUD

H2b
0.0002 ∗ −0.66 [−0.70, −0.62] CISR

H2c
0.0002 ∗ 1.14 [ 1.02, 1.26] LUAR-MUD
0.0002 ∗ 2.09 [ 1.94, 2.24] CISR

Table 3: Comparison of H1 and H2 results between style embedding (and AI detector) models. We see that the
significance of effects and the direction of effect sizes are the same regardless of model choice though the magnitude
of the effect sizes somewhat vary.

performs best on this proxy task, so we use this
model’s embeddings for the rest of our analysis.
We also repeat our analysis for H1 and H2 using
CISR. As we see in Table 3, the conclusions be-
tween these models are the same, though the effect
sizes sometimes differ in magnitude.

B.3 Humans Perceptions of Stylistic
Authenticity vs Usability of Text

As we discuss in Appendix C, our study includes
writing tasks where formative study participants
(and our main study participants) believe express-
ing their personal style is important. This should
mean that participants will think a text is more us-
able (e.g., they are more likely to send someone the

apology they wrote) if it is stylistically authentic
(H4). However, there is a potential for mismatch
between how important participants claim style is
and how much style affects their perceived usabil-
ity of text. In other words, people may claim that
style is important to writing an apology but, in prac-
tice, may still be willing to send an apology letter
that does not match their true style, echoing con-
cerns from other human-AI tasks about mismatch
between user’s stated preferences and their behav-
ior. (Balepur et al., 2025, 2024; Wen et al., 2025;
Mozannar et al., 2024)

However, we see that, for the writing tasks con-
sidered in this study, participants say their are more
likely to use text when they believe it is more
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Figure 9: Relationship between participants’ perception
of the usability and stylistic self-similarity of treatment
text. Solid lines show the participant-level relationships
from the repeated-measures correlation analysis and the
black dashed line shows the overall correlation.

stylistically authentic (H4, r = 0.774 ± 0.031,
p < .0001, Figure 9). We note that this usability
measurement is based on a self-reported willing-
ness to use the text written or post-edited in this
study in it’s intended purpose. It is possible that
participants’ observed behaviors would not match
these measurements. That is, this result does not
rule out the possibility of observing a disconnect
between perceived stylistic authenticity and a user’s
decision to use or not use text in practice.

B.4 Inequities in Effort to Post-Edit to
Capture Individual Style Across
Demographic Groups

We hypothesized (H5) that there may be unequal
burden in post-editing to capture individual style
between participants from marginalized communi-
ties who want to express this facet of their identity
in their writing and participants from privileged
groups. However, we find that in our study, the
slices of data available for this planned analysis
were relatively small. While (as we discussed in
§B.2), we saw consistency between style embed-
ding models in H1 and H2 (which consider our
full dataset), stylistic self-similarity as measured
by LUAR and CISR are not always consistent in the
relevant slices of data.

For example, our study included 10 non-
Hispanic white participants15 and 23 Hispanic or

15Analyses in this section use bucketed demographic groups
due to the small overall sample size (e.g., we grouped the
single transgender male participant with the cisgender men).

Man

Woman

18 (69.2%) 7 (26.9%) 1 (3.8%)

20 (37.0%) 28 (51.9%) 6 (11.1%)

Gender

Non-Hispanic White

Non-white

0 (0.0%) 10 (100.0%) 0 (0.0%)

23 (35.4%) 30 (46.2%) 12 (18.5%)

Race/Ethnicity

Bachelor's degree
or higher

Less than
Bachelor's degree

33 (46.5%) 29 (40.8%) 9 (12.7%)

3 (30.0%) 6 (60.0%) 1 (10.0%)

Level of Education

Important
to express

Neutral Important
to mask

18-25

26-40

41-60

61+

9 (45.0%) 5 (25.0%) 6 (30.0%)

14 (37.8%) 19 (51.4%) 4 (10.8%)

6 (40.0%) 8 (53.3%) 1 (6.7%)

5 (55.6%) 3 (33.3%) 1 (11.1%)

Age

Figure 10: Comparison of participant’s desires for vari-
ous aspects of their identity to be expressed or masked
in the writing tasks they completed in our study. Per-
centages are computed at the row-level.

non-white participants who said it was important
that their race/ethnicity come across in the writ-
ing tasks in our study. Using CISR to measure
style, we find that non-Hispanic white partici-
pants had a higher stylistic similarity between ini-
tial LLM-generated text and their unassisted con-
trol text (p = .0002, d = 1.08, 95% CI: [0.73,
1.52]), meaning that participants from a privileged
background would need less post-editing to ex-
press their personal style. However, using LUAR
to measure style, we observe the opposite effect
(p = .0162, d = −0.54, 95% CI: [−0.91, −0.18]).
For non-Hispanic white participants (p = 0.1001,
r = −1.20) and for Hispanic or non-white par-
ticipants who want to express this identity (p =
0.0009, r = −0.26) we see respectively insignifi-
cant and significantly negative repeated measures
correlation between the initial self-similarity scores

Participants with fully or partially unspecified answers were
not included (e.g., we had one cisgender participant with
unspecified gender).
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Predictor Estimate SE z p 95% CI

Intercept 0.507 0.008 61.427 <.001 [0.490, 0.523]
post-edited (True) 0.055 0.006 9.167 <.001 [0.043, 0.066]
personal style importance (Non-max) -0.010 0.011 -0.975 .329 [-0.031, 0.010]
post-edited (True) × personal style importance (Non-max) -0.017 0.013 -1.280 .201 [-0.042, 0.009]

Table 4: Parameter estimates from a mixed-effects model predicting stylistic self-similarity from post-editing and
the perceived importance of personal style.

Predictor Estimate SE z p 95% CI

Intercept 0.730 0.004 184.014 <.001 [0.722, 0.737]
post-edited (True) -0.039 0.001 -41.097 <.001 [-0.041, -0.037]
personal style importance (Non-max) -0.020 0.002 -11.474 <.001 [-0.024, -0.017]
post-edited (True) × personal style importance (Non-max) 0.020 0.002 9.614 <.001 [0.016, 0.024]

Table 5: Parameter estimates from a mixed-effects model predicting stylistic similarity to LLM-generated text from
post-editing and the perceived importance of personal style.

Predictor Estimate SE z p 95% CI

Intercept 0.694 0.006 125.698 <.001 [0.683, 0.705]
same-participant (True) -0.125 0.005 -25.670 <.001 [-0.135, -0.116]
personal style importance (Non-max) -0.009 0.002 -4.389 <.001 [-0.013, -0.005]
same-participant (True) × personal style importance (Non-max) -0.053 0.011 -4.977 <.001 [-0.073, -0.032]

Table 6: Parameter estimates from a mixed-effects model predicting stylistic similarity from reference source
(LLM-generated vs human-written) and the perceived importance of personal style.

produced by both models. However, the over-
all repeated measures correlation between all self-
similarities of all participants was significantly pos-
itive (p < .0001, r = 0.39). This shows that the
style embedding models used in this analysis may
not be sensitive enough to demographic-associated
stylistic differences to reliably these measure dif-
ferences in small slices of participants.

Participants from different demographic groups
varied in whether they wanted these aspects of their
identity to come across in their personal writing
(Figure 10). Exploratory analysis suggested that
the desire to express gender in personal writing var-
ied somewhat between men and women (χ2(2) =
7.38, p = .025, Cramér’s V = .30), with men
more often reporting a desire for their gender
to come across. Similarly, the desire to express
race and ethnicity varied between non-Hispanic
white and non-white participants (χ2(2) = 10.10,
p = .006, Cramér’s V = .37), with non-Hispanic
white participants being neutral and non-white par-
ticipants exhibiting more varied preferences, in-
cluding wanting their race or ethnicity either ex-
pressed or masked. No exploratory evidence indi-
cated variability in the desire to express one’s level
of education or age.

Our post-survey did not consider factors that
may influence participants’ preferences, such as

the intended audience or type of writing task. Pref-
erences may differ for more formal writing contexts
beyond the tasks in this study.

B.5 Effectiveness of Post-Editing When
Personal Style is Less Important

As we discussed in §6.1, we see that post-editing
significantly increased stylistic similarity to par-
ticipants’ control text (H1a) and significantly de-
creased stylistic similarity to LLM-generated text
(H1b) with the post-edited text ultimately being sig-
nificantly more LLM-like than self-similar (H1c).
In Appendix C, we show that the tasks used in
this study are ones where participants largely find
expressing personal style to be important. How-
ever, there was some variability with participants
reporting the maximum likert score of stylistic im-
portance in 79% of the tasks they completed in
treatment blocks (see Figure 15b for the full distri-
bution over both treatment and control tasks).

Here we explore whether the effects observed
in H1 change when participants complete writing
tasks where they believe personal style is less im-
portant. We binarize participants’ task-level likert
ratings into “max” (a 5 on the 5-point scale) and
“non-max” (below a 5 with an average of 3.8 for
treatment tasks). Then we fit three mixed effect
models corresponding to H1a, H1b, and H1c.
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For H1a, the mixed effect model predicts the
stylistic similarity between a treatment document
and a control human-authored reference, varying
whether the treatment text is post-edited and the
importance of style for a given participant on the
current task (see Table 4). This exploratory analy-
sis found no evidence that the importance of style
affects the effectiveness of post-editing in changing
self-similarity.

For H1b, the mixed effect model predicts the
stylistic similarity between a treatment document
and an LLM-generated reference, varying whether
the treatment text is post-edited and the impor-
tance of style for a given participant on the cur-
rent task (see Table 5). Here we exploratorily
observe that style importance may significantly
moderate the effect of post-editing (β = 0.020,
SE = 0.002, z = 9.614, p < .001). When partici-
pants post-edited text for a task where they believe
personal style is more important, post-editing re-
duced model-similarity more strongly. Participants
may have felt less of a need to remove LLM stylis-
tic markers when they felt less of a need to express
their personal style.

For H1c, the mixed effect model predicts the
stylistic similarity of a post-edited document, vary-
ing whether the similarity is measured to a human-
written control reference or an LLM-generated ref-
erence and the importance of style for a given par-
ticipant on the current task (see Table 6). Here
we observe exploratorily that style importance may
significantly moderate the gap in LLM- and self-
similarity (β = −0.053, SE = 0.011, z =
−4.977, p < .001). Text that was post-edited
for a task where the participant believed personal
style is more important was more similar to LLM-
generated text. This again suggests that participants
may have felt less of a need to remove LLM stylis-
tic markers when they felt less of a need to express
their personal style.

Overall, in this exploratory analysis we observe
some evidence that participants’ post-edits were
less effective in removing stylistic features charac-
teristic of LLM-generated text when they believed
the writing task was one where personal style was
less important. We note that the variability in style
importance was fairly low in our study. These ef-
fects may be more prominent when comparing to
tasks where personal style is even less important to
users such as professional or formal writing.

Reason p Cliff’s δ

Originality 0.011 0.375
Privacy 0.103 0.243
Overall Quality 0.479 0.106
Style 0.532 0.094
Ownership 0.668 -0.065
Efficiency 0.006 -0.415
Reliability 0.004 -0.426

Table 7: Exploratory Mann-Whitney U tests comparing
feature prioritization from participants who would pre-
fer to post-edit vs write alone in the future. Features
with higher relative ranking for post-editing include Ef-
ficiency and Reliability, while Originality shows higher
relative ranking among participants who would prefer
to write alone.

B.6 Reasons (Not) to Post-Edit

As discussed in §6.5, many participants reported
a desire to post-edit from LLM-generated drafts
in similar writing tasks in the future, while others
preferred to write alone. In the post-survey, partici-
pants ranked the reasons influencing this decision
from most to least important (see Figure 18 for a
full list with descriptions). Participants who pre-
ferred to post-edit were asked to rank positively
framed reasons (e.g., “The original AI drafts were
original or interesting. They sounded better than
what I would have come up with on my own.”),
while participants who preferred to write alone
ranked negatively framed reasons (e.g., “The origi-
nal AI drafts were too cliché or unoriginal. They
weren’t any more interesting or original than what I
would have come up with alone.”). These framing
differences allowed us to probe the benefits that
lead participants to want to post-edit and the barri-
ers that lead participants to want to write alone.

Figure 11 shows the distribution of feature rank-
ings for participants who would prefer to post-edit
versus write alone (excluding the three participants
who would use LLM-generated text as-is). In Ta-
ble 7, we report exploratory Mann–Whitney U tests
comparing these distributions, along with Cliff’s δ
effect sizes.

We find some evidence that “Efficiency” and
“Reliability” are ranked as relatively more impor-
tant by participants who would prefer to post-edit.
Participants who valued the convenience of using
the LLM tended to want to use it again. Con-
versely, participants who prioritized “Originality”
were somewhat more likely to prefer writing alone.
If LLM-generated drafts were perceived as uno-
riginal or clichéd, this may reduce their utility as
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Figure 11: Comparison of feature prioritization between
participants who would prefer to post-edit or write alone
in the future. See Table 7 for Mann-Whitney U test
results.
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Figure 12: Linguistic acceptability (model-judged) of
LLM-generated text, post-edited text, and control text.

an initial draft. We observe no evidence of group
differences in the relative importance of “Style”,
“Ownership”, or “Overall Quality”. This suggests
that effort to make LLM-generated text feel authen-
tic and any reduced sense of ownership did not
appear to be major barriers to future use.

B.7 Characterizing Post-Editing Behavior
B.7.1 Linguistic Acceptability of Edits
As we discussed in §6.4, participants’ edits often in-
cluded less linguistically acceptable text including
non-standard spelling, punctuation, and grammar.
These features may have been unintentional (i.e.,
typos) or purposeful individual choices. We simi-
larly noted that these features were often present in
participants’ unassisted control text. If these uncon-
ventional edits are similar to those in a participant’s
control text, we would then expect these edits to
increase self-similarity. Indeed we observe many
such cases. For example, one participant adds

...Your kindness,empathy and generosity
inspire me everyday. Here’s to anotjer
year of adventures,late night calls and
making memories together.

with a typo in the word “anotjer” and a missing
space after two commas. We observe that this par-
ticipant did not put spaces after any of the six com-
mas in their control text.

Before the participant made this addition, the
similarity of the LLM-generated text to their con-
trol text was .57, and adding in these two lines
increased this similarity to .80, a 1.4× increase in
self-similarity. However, after changing these po-
tential typos, the self-similarity becomes .70 mean-
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Predictor Estimate SE z p 95% CI

Intercept 0.015 0.004 3.751 <.001 [0.007, 0.023]
reference author (self) 0.027 0.004 6.079 <.001 [0.018, 0.035]
CoLA difference -0.086 0.031 -2.777 .005 [-0.147, -0.025]
CoLA difference × reference author (self) -0.116 0.040 -2.931 .003 [-0.193, -0.038]

Table 8: Parameter estimates from a mixed-effects model predicting change in stylistic similarity through post-
editing from reference source (same vs different participant) and change in linguistic acceptability.

ing that removing the effect of less linguistically
acceptable edits leads to a more modest 1.2× in-
crease in self-similarity.

In the example above, the participant’s control
text accounted for six of the thirteen commas with-
out spaces present in the full set of control text
(with there being 861 commas with spaces in the
full set of control text). This may not be an error as
the participant may perceive this feature as mean-
ingful to their style, which suggests that choices
in linguistic conventions can be distinct between
authors and not just a generic signal of human-ness.

To exploratorily analyze the effects of less lin-
guistically acceptable post-edits on a larger scale
we collect linguistic acceptability judgments of all
control, LLM-generated, and post-edited text using
a model from Morris et al. (2020)16 that was fine-
tuned using expert human judgments from Warstadt
et al. (2019)’s Corpus of Linguistic Acceptability
(CoLA).

First, we confirm that post-edited treatment text
is indeed judged as less linguistically acceptable
than the original LLM-generated text (p < .0001,
g = 0.59, 95% CI: [0.45, 0.73]) and that post-
edited text is more linguistically acceptable than
fully human-authored control text (p < .0001, g =
−1.29, 95% CI: [−1.57, −1.05]) (see Figure 12).

However, as we’ve seen, the less linguistically
acceptable edits made by different participants may
be qualitatively different. We fit a linear mixed
effect model predicting the difference in stylistic
similarity change between original LLM-generated
text and post-edited text summarized in Table 8.
We find that changes in CoLA acceptability scores
were strongly associated with changes in stylistic
similarity. When similarity was measured against a
different participant’s writing, a greater decrease in
CoLA score (more negative CoLA difference) pre-
dicted a significantly larger increase in similarity
(β = −0.086, SE = 0.031, z = −2.78, p = .005).
This relationship was substantially stronger when
similarity was measured against a participant’s own

16Distributed under an MIT license.

control text, as indicated by a significant interaction
(β = −0.116, SE = 0.040, z = −2.93, p = .003).
In other words, post-editing text to be less linguis-
tically acceptable increases its resemblance to hu-
man reference writing in general, but these edits
make the text resemble the participant’s own con-
trol writing even more than they resemble other
participants’ writing, perhaps due to individual-
specific patterns in the kinds of less linguistically
acceptable text introduced. We also note that simi-
larity to a participant’s own control text increased
significantly more than similarity to others’ control
texts regardless of CoLA change (β = 0.027, SE
= 0.004, z = 6.08, p < .001), consistent with our
findings for H1a′ in §6.1.

B.7.2 Post-Editing of Lexical Features and
Punctuation

Here we consider the usage and post-editing of
words and punctuation that have been associ-
ated with AI and human writing to understand
which, if any, participants added or removed
when trying to capture their personal style. We
measure the frequency of LLM-associated words,
em dashes (LLM-associated), and contractions
(human-associated) based on reporting from the
AI-detection platform Pangram17.

We see that post-edited text had 5× more con-
tractions than LLM-generated drafts suggesting
that contractions may be a feature that our partici-
pants felt was important to their personal styles.

The word “delve” and its variants is not present
in any text written for this study. However, we
do see that participants occasionally remove other
words associated with LLM-generated writing and
that some of these words do indeed appear more of-
ten in LLM-generated text than control text. Words
such as “exploring”, “guiding”, and “understand-
ing” appear about 20 − 50 times in the LLM-
generated text and no more than once in the control

17https://www.pangram.com/dashboard-resources
/comprehensive-guide-to-spotting-ai-writing-pat
terns
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(b) Document-level number vs length of post-edited spans and
the resulting change in self-similarity.

Figure 13: Length and number of post-edited spans. We see that a) spans are skewed such that the average span is
somewhat long (77.3 characters) and that b) “effective” post-editing (deeper purple) does not clearly favor many
short and diffuse edits or fewer longer edits.

text (though the full set of LLM-generated text
contains about 2.9× as many words as the con-
trol text as we collect fewer control documents).
However, in the about 15− 30 times these words
appeared in LLM-generated that participants could
post-edit, they were removed a total of 2 times each.
Certain words, such as “dive” and “endeavor”,
that appeared fewer times in LLM-generated text
(both less than 10) were post-edited out completely.
Overall, while prior evidence shows that some of
these words are statistically associated more with
AI text than human text (and we see some evidence
of some of these words being comparatively less
frequent in the control text in our study), we see
that participants do not often remove them. This
may be because some of these words are not as
clearly associated with AI in the popular conscious
or that even if participants were aware of this as-
sociation, the particular usages in our study did
not feel inauthentic to their writing styles. On the
other hand, we find that during post-editing, partic-
ipant remove 23% of the 254 em dashes present in
LLM-generated drafts, perhaps as this difference
is more well-known to the general public or feels
more stylistically intrusive.

B.7.3 Length and Diffuseness of Edits

We qualitatively observe that some participants
make small, localized edits while others make
longer insertions and deletions up to the paragraph
level. In Figure 13a, we observe a long tail of
edit lengths leading to a long average edit length
of 77.3 characters. In Figure 13b, we consider
the change in stylistic self-similarity on documents

with varied number of edits and average length
of edits. We exploratorily observe that both the
number of edited spans in a document (r = 0.306,
p < .0001) and the average length of the edited
spans (r = 0.207, p = .0011) both positive cor-
relate with the change in self-similarity. While
our participants both used the strategy of making
fewer and longer edits vs more and shorter edits,
both strategies appeared to be effective. Regardless
of the distribution of edits throughout the docu-
ments, we also exploratorily observe a significantly
positive correlation between the overall number of
changed characters and change in self-similarity
(r = 0.317, p < .0001).

While one may assume that making dense edits
(and especially dense additions) may not mean-
ingfully change the style of the overall document
since large swaths of text remain in the original
style, these results suggest that style embedding
models may be similarly sensitive to both dense
and diffuse edits. This may be a limitation of these
models as they are trained under the assumption
that text will be written by a single author with a
consistent style.

C Formative Survey on Writing Tasks
and Importance of Personal Style

Our main study included writing scenarios in which
participants care about their personal style coming
across. We ran a formative survey to choose appro-
priate writing scenarios. Participants were given 15
writing scenarios (and two attention-check scenar-
ios) that were chosen by the authors. These tasks
were shown to participants in a randomized order.
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To apologize for a mistake to a close family member to close friend
To express condolences for a loss to a close family member or close friend

To offer reassurance or encouragement to your significant other
To write a eulogy, obituary or tribute at a funeral

To write wedding vows to your significant other
To write a speech for a the wedding, birthday, or other significant event for a close family member or friend

To write a letter to catch up with an old friend
To thank a friend for something they did for your significant other

To tactfully alert a close friend that someone else in their inner circle is going through a tough time
To ask your boss for feedback on your job performance

To politely discourage/warn a close friend from doing something again that you didn't like
To write a performance review for a colleague to help them improve

To provide a project update to your work colleague or school mate
To request assistance or collaboration to your colleague or schoolmate

To write a post on social media about a family trip

Top 8
Others

Figure 14: Number of participants selecting each candidate scenario as one where personal style is important. The
“Top 8” scenarios (in teal) are included in the main study.
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(a) After selecting the top eight scenarios, how many partic-
ipants have x of their top choices represented? In the main
study, a participant with only x = 2 of their top choices repre-
sented would need to pick four additional writing scenarios
to complete. A participant with x = 6 of their top choices
represented would not need to pick any new writing scenarios.
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(b) In practice, how important did participants in the main
study say personal style is in their 6 chosen writing scenarios?
Scores are reported on a 5-point likert scale with 1 being very
unimportant and 5 being very important.

Figure 15: Importance of personal style in selected tasks in a) the formative survey and b) the main study.

Participants were asked to chose eight tasks (six
actual tasks and the two attention check options)
where it matters most to them that their personal
style be reflected in their writing.

102 participants completed this formative survey
of which 88 passed the attention checks. Formative
study participants were also recruited from Prolific,
and were not allowed to also complete the main
study. The median study completion time was 3.53
minutes, and participants were paid $1.25.

We show in Figure 14 the number of participants
who selected each writing scenario. Based on these
results, we pick a set of eight scenarios to use in the
main study (also shown in Table 9). In Figure 15a,
we consider how many of the formative survey par-
ticipant’s chosen tasks are present in the top eight.
We observe that most formative survey participants
have five or six of their preferred options in the

top eight (with an average of 4.86). This means
that, if they were to participate in the main study,
most would either not have to select any scenarios
where they feel personal style is not as important
or would have to select only one. And in practice,
we see in Figure 15b that participants in the main
study generally believe style to be very important
in the writing scenarios they chose, with an average
rating of 4.72± 0.56 on a 5-point likert scale.
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# Observations

Writing Task Control Treatment

Thank-you letter 25 53
Apology letter 30 46
Wedding or birthday speech 21 52
Catch-up letter 18 50
Letter of condolence 25 36
Message of reassurance or
encouragement

22 38

Wedding vows 13 38
Eulogy, obituary, or tribute 8 11

Table 9: Main study writing tasks. Each of the 81 partic-
ipants chose six tasks to complete. Four were randomly
selected as treatment and two as control.

D User Study Interface

Below we include screenshots of our user study
interface. We note that this interface uses the termi-
nology such as “your own voice” instead of “per-
sonal style” as we believed this would be more
understandable to lay users.

The consent form for the study explains the study
procedures as follows:

In an initial survey, you will be asked to
select from a list of writing tasks where
writing in a way that “sounds like you”
may be important.

In the writing task, you will first be asked
to provide some details about a given
writing scenario. For example, for an
apology letter, you might write what you
did wrong. In this task, we encourage
you not to include any true personal in-
formation and to instead to make up de-
tails as you see fit. The text you write
in this study may be publicly released,
so please do not include any details you
may wish to remain private. After pro-
viding this planning phase, you will ei-
ther be asked to complete the full writing
task alone or be asked to edit an chatbot-
generated copy, with the goal of making
a final product that sounds authentic. Be-
tween tasks, you will be asked to answer
a number of survey questions about your
experience and perceptions.

After completing a series of tasks, you
will be given a post survey that includes
some optional demographic questions.
The study may take approximately 60
minutes to complete.

In this consent form (as well as in the study it-
self), we inform participants that there writing may
be publicly released and are asked not to include
any true or identifying details they would like to
keep private.

After the consent form and pre-survey, partic-
ipants are shown an interactive tutorial walking
them through the interface. We include here the
key instructions for writing details:

Before writing your document, we’d like
you to brainstorm some of its content in
the form of bullet points. Do not write
the final full document at this stage. That
step will come after planning the details.
You will occasionally be given AI sup-
port in your writing, and these bullets
will be used automatically to generate
draft documents.

Pasting into these bullets is not allowed
in this study.

When they are later shown an example post-
editing task, they are told that “In this example,
you’ve been given an AI generated document to
edit to sound more like you. You may instead be
given an empty box to write the document from
scratch.”
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Figure 16: Pre-survey

Figure 17: Task difficulty survey. An identical survey is provided after the treatment and control task blocks.
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Figure 18: First half of the post-study survey. In the interface, both these questions and those in Figure 19 appear on
a single screen.
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Figure 19: Second half of the post-study survey. In the interface, both these questions and those in Figure 18 appear
on a single screen.
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(a)

(b)

Figure 20: Sample study task. In a) the participant has finished planning the details to include in their catch-up
letter, and in b) they have finished post-editing the LLM-generated condolence letter. Unless or until the participant
asks not to be reminded anymore, a popup reminds them to make sure they are not including any true details when
they try to submit details.
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Figure 21: Post-task survey questions. In the control block, participants are not asked about the LLM-generated
“Original Version”.
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