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Abstract

This study examines the lexical and syntactic
interventions of human and LLM proofread-
ing aimed at improving overall intelligibility in
identical second language writings, and evalu-
ates the consistency of outcomes across three
LLMs (ChatGPT-4o, Llama3.1-8b, Deepseek-
r1-8b). Findings show that both human and
LLM proofreading enhance bigram lexical fea-
tures, which may contribute to better coherence
and contextual connectedness between adjacent
words. However, LLM proofreading exhibits a
more generative approach, extensively rework-
ing vocabulary and sentence structures, such
as employing more diverse and sophisticated
vocabulary and incorporating a greater number
of adjective modifiers in noun phrases. The
proofreading outcomes are highly consistent in
major lexical and syntactic features across the
three models.

1 Introduction

The use of generative large language models
(LLMs) in second language (L2) writing has gained
popularity for providing real-time feedback on vo-
cabulary, grammar, and style (e.g., Han et al., 2024;
Meyer et al., 2024). These models offer immediate
corrective suggestions, enhancing the precision and
quality of L2 writing—a role once largely filled by
human editors with expertise. As LLMs increas-
ingly replace or supplement human intervention,
questions arise about their impact on L2 writings.

While previous studies have concentrated on gen-
eral error correction through LLM proofreading
(e.g., Heintz et al., 2022; Su et al., 2023; Wu et al.,
2023; Katinskaia and Yangarber, 2024), recent stud-
ies have shown that LLMs do not consistently out-
perform state-of-the-art supervised grammatical er-
ror correction models on minimal-edit benchmarks,
often producing more fluency-oriented rewrites in-
stead (Davis et al., 2024). This tendency stems in
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part from the fact that LLMs, by default, generate
transformative fluency corrections rather than mini-
mal edits when processing ungrammatical text (e.g.,
Coyne et al., 2023; Fang et al., 2023; Loem et al.,
2023). However, little research has examined how
this generative rewriting behavior affects broader
lexical and syntactic characteristics of L2 writing
compared to human proofreading, especially when
the proofreading goal extends beyond grammatical
accuracy to overall intelligibility. Moreover, it re-
mains unclear whether different LLMs yield consis-
tent proofreading outcomes. This study addresses
these gaps by posing three guiding questions: (1)
What are the similarities and differences in lexical
features between human proofreading and LLM
proofreading of L2 writings? (2) What are the
similarities and differences in syntactic features be-
tween human proofreading and LLM proofreading
of L2 writings? (3) Do three different LLMs pro-
vide consistent proofreading outcomes in terms of
lexical and syntactic features in L2 writing?

Our findings show that while both human and
LLM proofreading enhance lexical and syntactic
features, LLMs are more likely to make more ex-
tensive lexical and syntactic edits. By quantifying
these changes through a range of lexical and syntac-
tic indices, we reveal that LLMs favor more gener-
ative rewrites, which may improve fluency but risk
altering nuance or inflating perceived proficiency.

2 Background

2.1 Proofreading in L2 writing

Proofreading is a complex issue in writing research,
particularly for L2 writers, as it involves varying
scopes of interventions. Traditional definitions of
proofreading often restrict it to surface-level error
correction that focuses on resolving orthographic
and grammatical errors without altering content
(Carduner, 2007; Hyatt et al., 2017). However, re-
search shows that professional human proofreaders
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occasionally restructure content to improve the log-
ical flow of ideas and make the writing easier to
understand (Salter-Dvorak, 2019). Noting these
varying practices in proofreading, Harwood et al.
(2009, p. 167) provided a quite general definition
of proofreading as “[any] third-party interventions
(entailing written alteration) on assessed work in
progress.”

Previous studies have shown that human proof-
reading displays variability not just in scope, but
also in quality. Harwood (2018) found that 14
proofreaders made between 113 and 472 changes
to the same L2 learner essay, with some interven-
tions improving clarity and others introducing new
errors, leading to inconsistent quality. Similarly,
Shafto (2015) argued that proofreading is a highly
attention-dependent task, meaning that symptoms
such as tiredness can heavily impact human proof-
readers’ ability to detect and correct ungrammatical
and unnatural expressions.

The debate surrounding the adequacy of L2
proofreading is also characterized by varying per-
spectives from stakeholders (i.e., students, faculty,
researchers). While L2 students often seek proof-
reading services to improve their grades or enhance
their writing skills, some faculty view such assis-
tance as a form of academic dishonesty (Salter-
Dvorak, 2019; Turner, 2011). Despite these diver-
gent opinions, there is a general consensus that
proofreaders can significantly enhance language
accuracy and clarity in L2 writing, provided that
the original authorial voice is maintained (Turner,
2024; Warschauer et al., 2023; Zou and Huang,
2024).

2.2 LLMs in L2 writing and proofreading
While automated written corrective feedback has
been present in L2 classrooms for over a decade
(cf. Wilson et al., 2014), recent research is now
exploring how LLM assistants can be incorporated
into holistic writing workflows (Zhao, 2024). Re-
searchers examine the integration of the LLM in
prewriting (Xiao, 2024) and postwriting stages
(Osawa, 2024), as well as its role in fostering
metacognitive skills through iterative revisions that
include editing and proofreading (Su et al., 2023;
Warschauer et al., 2023; Zou and Huang, 2024).

Among these LLM integrations, several studies
have highlighted the capabilities of LLM proof-
reading (or more broadly, editing). For instance,
Su et al. (2023) found that ChatGPT effectively
assessed grammar, clarified meaning, and sug-

gested lexical and syntactic refinements. Similarly,
Yan and Zhang (2024) observed that ChatGPT
identified and corrected a range of linguistic er-
rors—including lexical (e.g., word choice, idioms),
grammatical (e.g., verb tense, articles), structural
(e.g., run-on or fragmented sentences), mechani-
cal (e.g., spelling, punctuation), and stylistic (e.g.,
formality) aspects.

Few studies have compared LLM proofread-
ing directly to human revisions. For instance,
Heintz et al. (2022) compared outputs edited by
LLMs with those revised by human editors using
sentences written by non-native English speakers.
They found that while Wordvice AI1 achieved near-
human accuracy (77%) in correcting grammar and
spelling errors, it lagged behind human editors in
areas like vocabulary refinement and fluency ad-
justments. Similarly, Jiang et al. (2023) analyzed
2,197 T-units2 and 1,410 sentences from weekly
writing samples of 41 Chinese students in an online
high school language program at a U.S. university.
They found that ChatGPT-4 achieved high preci-
sion (88%) in correcting errors at the T-unit level
(in comparison to human judgments), but some-
times overcorrected valid sentences or misinter-
preted context-dependent issues, such as ambigu-
ous word order and culturally embedded idioms.

2.3 Summary of findings and research gaps

To briefly summarize, previous research has demon-
strated that proofreading in L2 writing is highly
variable in both scope and quality, with interven-
tions ranging from surface-level corrections to con-
tent restructuring. Recently, LLMs have been
shown to offer performance comparable to, or even
surpassing, that of human editors in L2 writing
proofreading, although they exhibit limitations in
context-sensitive judgment and cultural awareness.

Despite these insights, still little is known about
the fine-grained linguistic interventions that could
be made by LLMs compared to human proofread-
ers. Additionally, existing research has focused
primarily on grammatical error detection and cor-
rection, overlooking broader language use. For
example, although LLMs may facilitate vocabulary
expansion, it remains unclear how their sugges-
tions differ from those of human proofreaders, and
detailed syntactic changes remain underexplored.

1https://wordvice.ai/proofreading
2A T-unit is often defined as the minimal grammatical unit,

comprising a single independent clause plus any subordinate
clauses or dependent phrases attached to it (Lu, 2010).
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Moreover, most studies have examined only one
type of LLM, leaving open the question of whether
these linguistic changes are specific to one model
or generalizable across other LLMs.

3 Methods

3.1 Dataset

This study utilizes the ICNALE Edited Essays
dataset, one of the publicly available corpora within
the International Corpus Network of Asian Learn-
ers of English (ICNALE) project (Ishikawa, 2018,
2021). The dataset comprises 656 essays written by
328 L2 learners and their edited versions produced
by professional native English-speaking proofread-
ers.

The L2 participants were college students learn-
ing English in ten regional contexts: Japan (JPN),
Korea (KOR), China (CHN), Taiwan (TWN),
Indonesia (IDN), Thailand (THA), Hong Kong
(HKG), the Philippines (PHL), Pakistan (PAK), and
Singapore (SIN). Each participant wrote two argu-
mentative essays in response to the prompts: (1)
“It is important for college students to have a part-
time job” and (2) “Smoking should be completely
banned at all restaurants”.

3.1.1 Rationale for dataset selection and
representativeness

The ICNALE dataset was chosen for three main
reasons. First, it provides paired original and pro-
fessionally proofread versions, allowing for direct
comparison with LLM-generated outputs. Second,
it includes explicit L2 proficiency labels, facili-
tating stratified analyses across proficiency levels.
Last, it offers balanced regional coverage across
ten Asian countries or regions (see Table 1). How-
ever, we acknowledge that broad generalizations
to other genres or demographic groups (e.g., narra-
tive writing, younger learners) must be made with
caution.

3.1.2 Proficiency band
All participants were classified into four L2 pro-
ficiency bands (linked to the Common European
Framework of Reference for Languages) based on
their recent scores in standardized English tests
(e.g., TOEFL, TOEIC) or their performance in a
standard receptive vocabulary test3 (Nation and

3The vocabulary test consists of 50 multiple-choice items
designed to measure vocabulary knowledge within the 1,000–
5,000 word range. A typical item (from the 4,000-word level)
presents a short sentence containing a target word and asks

Beglar, 2007). Table 1 shows the proficiency distri-
bution of each regional learner group.

Region A2_0 B1_1 B1_2 B2_0 Total

JPN 10 10 10 10 40
KOR 10 10 10 10 40
CHN 10 10 10 10 40
TWN 10 10 10 10 40
IDN 10 10 10 3 33
THA 10 10 10 2 32
HKG – 10 10 10 30
PHL – 10 10 10 30
PAK – 10 10 3 23
SIN – – 10 10 20

Total 60 90 100 78 328

Table 1: Distribution of participants by region and profi-
ciency

3.1.3 Proofreading process and proofreader
profiles

The ICNALE project recruited five experienced
proofreaders with strong academic backgrounds
and extensive experience in editing scholarly work.
Their profiles are summarized in Table 2.

ID Age Sex Degree Experience (years) L1 English

A 28 Female BA 3 Canadian
B 32 Female MS 5 Australian
C 27 Female BS 3 American
D 38 Female BS 10 British
E 31 Female PhD 2 Australian

Table 2: Profiles of proofreaders in the ICNALE project

As documented in the ICNALE project, the pro-
fessional proofreaders were tasked with editing er-
rors and inappropriate wording to ensure that each
essay became fully intelligible (Ishikawa, 2021,
p. 496). No standardized rubric or adjudication
mechanism was imposed at the original corpus
compilation stage. All revisions were performed
in MS Word using the Track Changes function,
which allowed every edit, addition, or deletion to
be recorded.

A calibration study in which all five proofread-
ers revised the same eight essays revealed substan-
tial variability in editing behavior (cf. Ishikawa,
2018, p. 122). The number of edited word tokens
ranged from 40.00 to 59.63—a difference of 19.63
tokens, or 40.97% of the average. Ishikawa (2021)
attributed this variation to the inherent subjectivity
of human editing, shaped by individual judgments
of intelligibility.

test-takers to select the most appropriate definition.
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Figure 1: Overview of the experiment

3.2 LLM selection and prompt design

Figure 1 outlines the experiment. First, to compare
the human proofreading in the ICNALE project
with LLM proofreading, we selected three text-
generating LLMs: GPT-4o (used in ChatGPT, ac-
cessed via OpenAI’s API; Achiam et al., 2023,
hence we called them Chatgpt-4o), Llama3.1-8b
(Touvron et al., 2023), and Deepseek-r1-8b (Guo
et al., 2025). ChatGPT-4o was chosen due to its
widespread accessibility, although its underlying
parameter count and architecture remain propri-
etary. In contrast, both Llama3.1-8b and Deepseek-
r1-8b are open models with 8 billion parameters
that are lightweight enough for local installations,
with Deepseek-r1-8b being a distilled version of
Llama3.1-8b.

Each model was tasked with reading the origi-
nal L2 writings and generating a proofread version
based solely on a standardized prompt, with no ac-
cess to additional learner information. The exact
prompt used was as follows: “You are a profes-
sional proofreader and a native speaker of English.
Edit any errors or inappropriate wording noticed in
learner essays so that they are fully intelligible. Re-
turn only the final edited version of the essay. Do
not include any explanations, comments, reason-
ing, or additional thoughts in your response.” This
prompt was designed to align with the instructions
given to ICNALE proofreaders—“They were asked
to edit any error or inappropriate wording noticed
in learner essays so that they could be fully intelli-
gible. They were also required not to ‘rewrite’ the
original texts, that is, not to add new content or to
alter organization” (Ishikawa, 2021, p. 496)—en-
suring consistency with the human proofreading
protocol for fair comparison.

3.3 Lexical and syntactic analyses

The proofread-and-generated texts, along with the
learner and edited texts in the ICNALE dataset,
were processed to extract lexical and syntactic
features using the source codes of publicly avail-
able NLP tools: TAALED (cf. Kyle et al., 2024),
TAALES (cf. Kyle et al., 2018) and TAASSC (cf.
Kyle and Crossley, 2018). We measured lexical and
syntactic aspects of the learner and proofread es-
says based on the concept of linguistic complexity,
which provides a descriptive-analytic framework
for L2 production (Bulté and Housen, 2012; Bulté
et al., 2024).

3.3.1 Lexical features

Lexical features were evaluated in terms of two
aspects: diversity and sophistication. Lexical diver-
sity indices reflect vocabulary variation and repeti-
tion, with higher scores indicating a broader vocab-
ulary range and fewer repetitions. In this study, we
employ common measures such as the number of
unique words and the moving-average type-token
ratio—the latter mitigating the impact of text length
on traditional lexical diversity measures (Kyle et al.,
2024).

Lexical sophistication indices, on the other hand,
focus on measuring the use of advanced words
(Laufer and Nation, 1995; Meara and Bell, 2001).
They are typically assessed based on relative word
frequency, semantic concreteness, and domain or
register distinctiveness, with less frequent, less con-
crete, and more domain-specific words generally
considered more sophisticated (Kyle et al., 2018).
We also incorporate the concept of ngram sophisti-
cation by analyzing associations and dependency
relations within bigrams (Kyle and Eguchi, 2021).
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3.3.2 Syntactic features
Syntactic features can be examined from multiple
perspectives. Traditional approaches, such as mea-
suring the average length of T-units, focus on the
overall length of syntactic structures and operate
under the assumption that longer units generally
indicate greater complexity (Lu, 2010, 2011).

In contrast, fine-grained syntactic complexity
indices (Kyle and Crossley, 2018) provide a more
nuanced analysis by capturing specific structural
characteristics rather than relying on surface-level
measures like sentence length. These indices are
often categorized into clausal-level (e.g., nominal
subjects per clause), phrasal-level (e.g., dependents
per nominal, including adjectives and prepositions),
and morphosyntactic-level features (e.g., use of
past tense).

To the best of our knowledge, there is no con-
sensus on which fine-grained indices reliably cap-
ture syntactic complexity as perceived by human
judges. Nevertheless, L2 writing studies suggest
that higher-proficiency learners (identified by hu-
man ratings) tend to use more elaborated noun
phrases (e.g., Biber et al., 2011).

3.4 Statistical methods

3.4.1 Evaluating linguistic features across
groups

Prior to statistical analyses, we confirmed that the
five groups of texts (i.e., original [ORIG], human-
proofread [EDIT], and the three LLM-proofread
versions) were largely comparable in length.4 This
comparability, with the exception of Deepseek-r1-
8b, indicates that subsequent improvements in lex-
ical and syntactic domains are not simply due to
different text lengths.

We calculated a range of 49 lexical and 143 syn-
tactic indices from every text in the five groups
and identified features showing significant between-
group variance in two stages. First, we conducted
visual inspection of box plots to exclude the in-
dices with a great number of outliers, little indi-
vidual variance, and/or unnoticeable mean differ-
ences. Second, we applied a linear mixed-effects
model to each index, using Group (e.g., ORIG,
EDIT, ChatGPT-4o) as a categorical fixed effect
with ORIG as the baseline. Proficiency was in-
cluded as a fixed effect that interacted with Group,

4The differences in the number of word tokens relative
to the original text were: EDIT: –1.02, ChatGPT-4o: +6.13,
Llama3.1-8b: –3.38, and Deepseek-r1-8b: –15.11***.

and Participants were included as a random ef-
fect. We retained only those models that converged
successfully to ensure reliable estimates. From
these convergent models, we focused primarily on
the main effect of the proofreading mode, while
also examining whether any observed mode effects
were moderated by Proficiency. These procedures
yielded six lexical and nine syntactic indices. De-
tailed descriptions of each index are provided in
Appendix A.

For each of these indices, we reported the re-
sults of four pairwise comparisons, between ORIG
and human or LLM proofreading, from the linear
mixed-effects models. To avoid a Type I error due
to multiple comparisons, we applied a Bonferroni
adjustment to the alpha level, reducing it from .05
to .0125.

3.4.2 Evaluating consistency across LLMs
The linear mixed-effects analyses informed us
that the cross-model evaluation should exclude
five more syntactic features, which showed multi-
collinearity or overlapping metrics. For the rest ten
features,5 we calculated the standardized z-scores
so that each metric contributed equally to a com-
posite measure of overall lexical and syntactic com-
plexity.

Next, we restructured the data so that each
row represented an essay and each column con-
tained the composite score derived from the out-
put of a different model, treating these composite
scores as “ratings” of the same essay. We then
calculated the Pearson correlation coefficients be-
tween the ratings for every pair of models’ proof-
read output and computed Cronbach’s alpha (Cron-
bach, 1951) across these scores to assess their
overall consistency. All datasets and code used
for this analysis are available in the supplemen-
tary repository: https://osf.io/mhtpg/?view_
only=13ce0959a80e4d498b6761aba197bc83.

4 Results

4.1 Lexical features

Table 3 summarizes the analysis of the selected
lexical sophistication and diversity features. First,
all proofreading modes, including human editing,
led to significantly higher bigram mutual informa-
tion (raw_bg_MI) scores. This finding suggests that

5Lexical features: mattr, b_concreteness, mcd, usf,
cw_lemma_freq_log, and raw_bg_MI; Syntactic features:
nonfinite_prop, amod_dep, nominalization, and be_mv.

15

https://osf.io/mhtpg/?view_only=13ce0959a80e4d498b6761aba197bc83
https://osf.io/mhtpg/?view_only=13ce0959a80e4d498b6761aba197bc83


Index EDIT ChatGPT-4o Llama3.1-8b Deepseek-r1-8b

raw_bg_MI +0.35 / 1.80*** +0.65 / 3.30*** +0.62 / 3.17*** +0.60 / 3.03***

usf -1.37 / 0.15 -9.21 / 0.99*** -8.48 / 0.91*** -12.09 / 1.30***

b_concreteness +0.00 / 0.02 -0.15 / 0.83*** -0.12 / 0.67*** -0.21 / 1.11***

cw_lemma_freq_log -0.02 / 0.03 -0.30 / 0.54*** -0.26 / 0.47*** -0.37 / 0.67***

mattr +0.01 / 0.18 +0.07 / 2.20*** +0.08 / 2.63*** +0.10 / 3.41***

ntypes +0.63 / 0.05 +19.98 / 1.68*** +16.68 / 1.40*** +16.80 / 1.41***

Table 3: Lexical features compared; For each index, two numbers are shown: the value on the left indicates
the unstandardized main effect coefficient, while the value on the right (following the backslash) represents the
standardized coefficient, calculated as the ratio of the coefficient to the residual standard deviation of the dependent
variable; Significance vs. ORIG is marked (∗p < 0.0125, ∗ ∗ p < 0.0025, ∗ ∗ ∗p < 0.00025); negative values are
red and positive values are blue; interaction effects are omitted.

Figure 2: raw_bg_MI compared across ORIG, EDIT,
and LLM-proofread texts by proficiency

both human and LLM proofreading improved the
lexical sophistication in terms of the coherence or
contextual connectedness of adjacent words. How-
ever, LLM proofreading substantially increased
raw_bg_MI to the extent that differences between
lower and higher proficiency levels became less
distinguishable (Figure 2).

In contrast, only the LLM-proofread texts
showed significant changes in additional lexical
sophistication measures, including a shift toward
more contextually distinctive words (usf), less
concrete words (b_concreteness), and lower-
frequency content words (cw_lemma_freq_log).
Human proofreading, by comparison, did not pro-
duce significant differences in these measures.

As for lexical diversity, significant improve-
ments were observed only in the LLM-proofread
texts, with increases in metrics such as mattr (Fig-
ure 3) and ntypes, indicating a broader range of
vocabulary use.

Figure 3: mattr compared across ORIG, EDIT, and
LLM-proofread texts by proficiency

4.2 Syntactic features

Table 4 summarizes the analysis of the selected
syntactic features. Regarding the mean length of
T-units (mltu), neither human nor LLM proofread-
ing produced a consistent pattern: human proof-
reading (EDIT) and ChatGPT-4o tended to reduce
T-unit length, while Llama3.1-8b and Deepseek-
r1-8b tended to increase it, suggesting no uniform
effect on the length of minimal grammatical units.

At the clause level, all LLM-proofread texts
showed a significant increase in the total number
of clauses (all_clauses) compared to the origi-
nal learner essays, with Deepseek-r1-8b exhibit-
ing the largest effect. Moreover, LLM-proofread
texts contained a higher proportion of nonfinite
clauses (nonfinite_prop), whereas human edit-
ing resulted in a slight reduction in this index.

At the phrase level, LLM proofreading increased
the number of noun phrases (np), along with a
rise in noun phrase dependencies (np_deps). This
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Index EDIT ChatGPT-4o Llama3.1-8b Deepseek-r1-8b

mltu -115.49 / 0.31 -105.73 / 0.28 +44.26 / 0.12 +118.42 / 0.31
all_clauses +15.55 / 0.10 +133.76 / 0.84*** +99.12 / 0.62*** +179.00 / 1.12***

nonfinite_prop -1.33 / 0.29 +2.01 / 0.44*** +2.63 / 0.57*** +5.52 / 1.20***

np -21.30 / 0.08 +91.96 / 0.36** +41.27 / 0.16 +194.91 / 0.76***

np_deps -35.03 / 0.08 +79.21 / 0.17 +91.91 / 0.20 +217.81 / 0.47**

amod_dep +17.54 / 0.01 +137.65 / 0.75*** +127.44 / 0.70*** +204.54 / 1.12***

nominalization +58.12 / 0.40** +152.04 / 1.05*** +102.85 / 0.71*** +213.63 / 1.47***

be_mv +10.37 / 0.12 -56.53 / 0.63*** -41.60 / 0.47** -84.02 / 0.94***

past_tense -15.80 / 0.29 -17.38 / 0.32 -17.77 / 0.32 -19.31 / 0.35**

Table 4: Syntactic features compared; Interpretation of the table follows the same conventions described in Table 3

Figure 4: amod_dep compared across ORIG, EDIT, and
LLM-proofread texts by proficiency

suggests that LLM proofreading not only added
more noun phrases but also enriched their internal
structure. In particular, the marked increase in
adjective modifier dependencies (amod_dep; e.g.,
“various jobs”) suggests that LLM outputs favor
more descriptive noun phrases (Figure 4).

At the morphological-syntactic level, both hu-
man and LLM proofreading showed significant
increases in nominalization, but the increases
were more pronounced in the LLM outputs (Fig-
ure 5). In contrast, the non-auxiliary use of the
main verb “be” declined significantly under LLM
proofreading, while human proofreading showed
only a slight increase (be_mv). Additionally, all
proofreading modes consistently reduced the use
of past tense (past_tense).

4.3 Cross-model consistency

Based on the features that demonstrated meaning-
ful group differences—and after removing indices
with multicollinearity and conceptual overlap—we

Figure 5: nominalization compared across ORIG,
EDIT, and LLM-proofread texts by proficiency

Pair Lexical Syntax

ChatGPT-4o – Llama3.1-8b 0.70 0.62
ChatGPT-4o – Deepseek-r1-8b 0.60 0.53
Llama3.1-8b – Deepseek-r1-8b 0.56 0.65

Table 5: Pairwise Pearson correlations for lexical and
syntactic features across LLMs

selected ten lexical or syntactic features. The com-
posite lexical and syntactic scores exhibit strong
internal consistency across the LLMs, with Cron-
bach’s alpha values of 0.83 and 0.81, respectively.

Table 5 presents the pairwise Pearson correla-
tions among the three LLM proofreading models.
For lexical features, ChatGPT-4o and Llama3.1-8b
correlate at 0.70, while Deepseek-r1-8b correlates
at 0.60 with ChatGPT-4o and 0.56 with Llama3.1-
8b. For syntactic features, the corresponding cor-
relations are 0.62, 0.53, and 0.65. These findings
suggest that, despite minor variations, particularly
with Deepseek-r1-8b, the LLMs tended to modify
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vocabulary and syntactic structures in a relatively
consistent manner when proofreading L2 writings,
as measured by our selected indices.

5 Discussions

We compared the lexical and syntactic features of
original L2 writings with those of texts that were
proofread by human and LLMs. We also evalu-
ated the consistency of LLM proofreading across
different models.

Lexical features We found significant increases
in bigram association strength, a ngram-level index
of lexical sophistication, across all the proofread-
ing modes. However, only LLM-proofread texts
demonstrated notable changes in both word-level
sophistication and diversity. Together, these results
suggest that while both human and LLM proofread-
ing improved the natural sequence of vocabulary–
thus, enhancing the intelligibility of L2 writings–
LLM proofreading provided an additional boost in
lexical diversity and sophistication. In fact, this
boost sometimes reduced or even eliminated typi-
cal differences between proficiency levels. Given
that lexical sophistication and diversity are impor-
tant constructs when evaluating L2 writing profi-
ciency (Kyle et al., 2018, 2021), texts produced
using LLM proofreading may obscure learners’
true writing abilities and artificially inflate their
advanced language skills, ultimately undermining
accurate assessment and long-term development.

We also observed that LLMs often replaced re-
peated words with alternative expressions—even
when such changes are unwarranted—calling for
caution. For example, “I often can smell” became
“I often catch a whiff”, altering the intended mean-
ing. Consequently, L2 writers using LLM proof-
reading should be mindful of unintended shifts in
meaning or style and double-check suggested edits.

Syntactic features Compared with the marked
lexical shifts, syntactic edits were subtler but
still distinct pattern of edits. First, both human
and LLM proofreading consistently reduced past-
tense verbs, favoring present or neutral tense—a
pattern often associated with factual, persuasive
prose (Burrough-Boenisch, 2003; Fang and Maglio,
2024).

However, LLMs made more extensive structural
modifications, including a higher proportion of non-
finite clauses (e.g., “Because the company that need
worker will ask the job experiences” → “Compa-

nies looking to hire often require prior work experi-
ence”) and a marked increase in adjective modifier
dependencies (e.g., “become the social problem”
→ “become a significant social problem”). They
also introduced more nominalizations (e.g., “we
should...” → “(our) primary responsibility”) and
reduced the non-auxiliary use of the main verb “be”
(e.g., “is not the first" → “should not take prece-
dence”).

Meanwhile, although the increase in overall
noun complexity following LLM proofreading was
not statistically robust (dp_deps), the gains were
primarily driven by the insertion of adjective modi-
fiers rather than by broader grammatical restructur-
ing. For example, the structural complexity of noun
phrases involving prepositional phrases (e.g., “dis-
advantages of works”) or coordination (e.g., “ad-
vantages and disadvantages”) remained largely un-
changed.

Cross-model consistency We found that the
three LLMs exhibit generally consistent proofread-
ing performance in terms of the major lexical and
syntactic features. We speculate that this consis-
tency arises from fundamental similarities in how
they are trained and optimized for language gener-
ation tasks. Consequently, while different LLMs
may produce distinct outputs, their overall patterns
of lexical enhancement and syntactic restructuring
remain comparable.

6 Conclusions

Our study shows that while both human and LLM
proofreading improve lexical and syntactic features
in L2 writing, LLMs typically implement more
generative edits, reworking vocabulary and sen-
tence structures to a greater extent. Although these
changes may enhance clarity and style, they risk
overshadowing the original meaning or authorial
voice and potentially inflate apparent language pro-
ficiency.

This finding has important implications for L2
writing practice. Acknowledging the great simi-
larities in proofreading outcomes across different
LLMs, more attention should be given to the ques-
tion of “how to use LLM-proofreading effectively”
rather than “what LLM to use for proofreading.”
This key question can be addressed in reference to
the observations that we have reported above, such
as non-mandatory lexical substitution and exces-
sive syntactic restructuring. Being aware of these
tendencies in LLM-proofreading, L2 writers can
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better maintain control over their writing process
while strategically making use of LLMs for linguis-
tic improvements.

Limitations

This study has several limitations. First, the same
proofreading directive may be interpreted differ-
ently by human and LLM proofreaders, potentially
affecting the nature and extent of the modifications.

Second, the analysis lacks qualitative compar-
isons between original and edited texts, which
could reveal subtler aspects of the revisions. As
one reviewer noted, LLM-proofread essays may
appear more sophisticated but sometimes sacrifice
coherence or introduce unintended nuances, mak-
ing them harder to read. A more systematic quali-
tative analysis (ideally supported by human percep-
tion data comparing human- and LLM-proofread
texts) would clarify whether LLM edits genuinely
improve writing quality or simply enhance surface-
level features.

Third, the task effects and proficiency-level
constraints limit generalizability: our analysis fo-
cused solely on argumentative writing by Asian
university-level students who already possess a cer-
tain level of L2 English proficiency. Consequently,
these findings may not extend to other types of writ-
ing or to L2 groups with different backgrounds.
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A Descriptions of the selected indices

Index Description

Lexical indices

ntypes Counts the number of unique words, taking into account their part-of-speech.
mattr Computes the type-token ratio over a 50-word sliding window.
b_concreteness Uses psycholinguistic norms to assess word concreteness across categories

based on large-scale ratings, indicating how tangible or abstract a word is
perceived to be (Brysbaert et al., 2014).

usf Measures the number of distinct stimuli that elicit a target word in a word
association experiment; lower USF scores suggest the use of words that are
more contextually distinct (Nelson et al., 1998).

cw_lemma_freq_log Represents the logarithm of lemma frequencies for content words, computed
with reference to an English web corpus (Schäfer and Bildhauer, 2012).

raw_bg_MI Calculates raw bigram mutual Information to quantify the strength of asso-
ciation between consecutive words, with higher values indicating a stronger
collocational relationship; this is measured against an English web corpus.

Syntactic indices

mltu Measures the average length of T-units, where a T-unit is defined as a main
clause plus any subordinate clause(s) attached to it.

all_clauses Counts the total number of clauses in the text (normed by 10,000 words).
nonfinite_prop Computes the proportion of nonfinite clauses (e.g., gerunds, infinitives) relative

to the total number of clauses.
np Counts the total number of noun phrases, highlighting the nominal complexity

within sentence structures (normed by 10,000 words).
np_deps Counts the number of internal dependencies within noun phrases (e.g., adjec-

tives, prepositions, coordinations) (normed by 10,000 words).
amod_dep Measures the frequency of adjective modifier dependencies (normed by 10,000

words).
nominalization Counts the frequency of nominalizations (i.e., words that convert verbs or

adjectives into noun forms) identified by tokens containing predefined suffixes
such as -al, -ness, among others (normed by 10,000 words).

be_mv Measures the frequency of the verb “be” when used as a main verb (excluding
its auxiliary function) (normed by 10,000 words).

past_tense Measures the frequency of past tense verbs (normed by 10,000 words).
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