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Abstract

This study investigates aligning Large Language Models (LLMs) to “minimal-edit” grammatical error
correction (GEC) for L2 learners, contrasting with their default “fluency-first” behavior. We used a
2 x 2 x 2 Linear Mixed Models analysis to compare prompting strategies against a task-specific fine-
tuned GPT-40 model on 1,000 Korean EFL writing diaries. We operationalized the “minimal-edit”
goal using a profile of metrics: Fo.5 (precision), GLEU (similarity to the original text), and Perplexity
(fluency). The LMM revealed fine-tuning was decisively superior. The fine-tuned model (FT-
Complex) achieved desirable Perplexity and GLEU scores and the lowest total edit count. In contrast,
the base GPT-40, even with a complex pedagogical prompt, produced disfluent, over-corrected text,
driven by a significant Model x Prompt interaction (high Perplexity). A second one-way LMM on
fine-tuning sample sizes (N = 0 to 2,617) revealed a trade-off: a small dataset (N = 500) achieved the
highest minimal-edit adherence (GLEU), while larger datasets (N = 2,617) maximized precision (Fg.s)
and fluency. This study demonstrates fine-tuning is an accessible methodology for educators to create
Al tools aligned with specific pedagogical goals.
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Introduction

The integration of LLMs into second language (L2) writing support offers immediate feedback.
However, the feedback these models provide is a critical unexamined, pedagogical variable. This
creates tension within L2 writing pedagogy: should feedback consist of comprehensive “fluency-
oriented” rewrites modelling native-like production, or are more targeted and interpretable “minimal
edits” preferable? Ostling et al. (2023), frame “minimal edits” as isolating specific problems, while
“fluency edits” expose learners to more complex, idiomatic structures.

Drawing from Second Language Acquisition (SLA) principles such as “noticing” and “focus on form”
(Ellis, 2010; Schmidt, 2012), this study focuses on the pedagogical benefit of minimal edits. Targeted
corrections preserving the learner’s original intent are more likely to be “noticed”, thereby facilitating
long-term acquisition, whereas wholesale rewrites can obscure the specific error and overwhelm the
learner (Ekanayaka & Ellis, 2024).

While generative models excel at “fluency-oriented” rewrites, their alignment with the specific peda-
gogical requirements of autonomous learners remains unclear. This study addresses this gap by investi-
gating LLM configurations within a Self-Directed Learning (SDL) context. The data consist of writing
diaries produced through an online writing workshop. Learners received “minimal-edit” feedback—
surgical corrections paired with brief explanations—designed to promote Individual Processing (Yan,
2024). This approach is pedagogically prioritized over holistic rewrites because, in the absence of
real-time teacher scaffolding, over-correction can exceed the learner’s Zone of Proximal Development
and lead to cognitive overload. Detailed descriptions of the dataset and the specific learning context
are provided in Section 3.1.

We operationalize the ‘minimal-edit’ objective through a multi-dimensional metric profile—using the
Generalized Language Evaluation Understanding (GLEU) described by Napoles, Sakaguchi, Post, and
Tetreault (2016) where higher scores demonstrate more minimal, targeted editing, Perplexity (PPL)
to assess linguistic fluency, and F, to quantify convergence with an optimized reference correction.
Through a 2 x 2 x 2 Linear Mixed Model (LMM) analysis, we provide a comparative framework iden-
tifying optimal prompting strategies and data-scaling thresholds required to achieve stable pedagogical
alignment.

Literature Review
The Evolution of Grammatical Error Correction

GEC is a subfield of natural language processing concerned with automatically detecting and cor-
recting linguistic errors in learner writing. Historically, GEC research has been dominated by system-
oriented paradigms prioritizing accuracy and benchmark performance, often conceptualizing the task
as a transformation from non-native to native-like text. Within this framing, progress has been driven
largely by advances in modeling architectures and evaluation on shared datasets, rather than by peda-
gogical considerations.

The field of GEC has evolved significantly from early rule-based systems. A dominant early paradigm
was Statistical Machine Translation (SMT), which framed GEC as a “translation” task from an “incor-
rect” source language (L2 English) to a “correct” target language (native English) (Brockett et al.,
2006). This approach was benchmarked in influential shared tasks like the Help Our English (HOO)
series (Dale & Kilgarriff, 2011), which stimulated broader interest in statistical methods.
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This SMT paradigm was later supplanted by Neural Machine Translation (NMT) models (Yuan &
Briscoe, 2016) and, more recently, by pre-trained LLMs (Ouyang et al., 2022). These models, trained
on vast web-scale data, have demonstrated powerful zero-shot and few-shot GEC capabilities, often
achieving state-of-the-art results on standard benchmarks (Bryant, 2023).

Pedagogical GEC: Minimal Edits vs. Fluency Rewrites

A central challenge in GEC is aligning feedback with distinct instructional goals. While learners in
product-oriented contexts may benefit from “fluency-oriented” rewrites as target-like models, those in
learning-oriented contexts—focusing on iterative practice and reflection—require different constraints.
LLMs and tools like Grammarly tend toward comprehensive rewrites (Katinskaia & Yangarber, 2024;
Davis et al., 2024; Wu et al., 2023). While this can boost learner confidence (Tungka, 2024), it is often
suboptimal. Steiss et al. (2024) found ChatGPT performs significantly worse than human evaluators in
prioritization and tone, frequently failing to distinguish high-impact errors from minor stylistic issues.

This lack of prioritization is problematic because feedback must align with individual learner needs
(Gozali et al., 2024). Lower-proficiency learners are often confused by vague or overly technical feed-
back (Shadiev & Feng, 2024). Consequently, LLMs’ default “overcorrection” tendency can erase the
learner’s voice, obscure original errors, and introduce linguistic forms beyond the learner’s current
proficiency, leading to disengagement (Myers, 2003; Leng, 2014).

Conversely, SLA research provides a theoretical foundation for a “minimal edit” approach. Schmidt’s
(2012) Noticing Hypothesis argues conscious attention to linguistic forms is essential for acquisition,
and Leki (1991) found students expect errors to be marked and value transparent feedback. Mini-
mal edits facilitate this “noticing” by preserving original sentence structure and highlighting specific
errors. LLM generated fluency rewrites, by contrast, function as “implicit recasts” often overlooked
by learners (Lyster & Ranta, 1997) whereas explicit feedback leads to self-repair opportunities and
therefore uptake. This consensus is supported by Sociocultural Theory, which views feedback as
scaffolded mediation within the learner’s Zone of Proximal Development (ZPD) (Vygotsky, 1978;
Lantolf & Thorne, 2007). A full rewrite (b) that is too complex sits outside this zone and cannot be
internalized, undermining “learner fit” and meaning focus (Chapelle, 2001).

This instructional logic matches research on Dynamic Written Corrective Feedback (DWCF), studying
feedback frequency in iterative writing contexts. Hartshorn et al. (2023) demonstrate frequent, low-
volume feedback on short writing tasks leads to significant gains in accuracy and fluency. Crucially,
these gains emerge not from comprehensive single-draft correction, but from the accumulation of
small, interpretable corrections across repeated drafting cycles. DWCF thus provides a strong prec-
edent for minimal editing, especially in autonomous writing contexts where feedback must remain
cognitively manageable to support noticing and uptake.

The effectiveness of Al-generated feedback is also dependent on the social context of the learning
environment. Yan (2024) showed individual learners (Individual Processing; IP) achieving immediate
task improvements through “surgical” interaction with Al, they struggle to internalize long-term rules
without external scaffolding. Conversely, the greatest long-term learning gains are achieved when
feedback is scaffolded by a teacher (Teacher-Scaffolded; TS) who validates and interprets complex
suggestions. Therefore, for the autonomous learner, minimal edits are a structural necessity to ensure
feedback remains manageable.

Furthermore, overly critical or opaque feedback can heighten learner anxiety, raising the “affective filter”
(Krashen, 1982; Horwitz, 2001; Lin & Lin, 2020). This can undermine the principles of autonomy
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and competence central to Self-Determination Theory (Deci & Ryan, 2012; Reinders & White, 2011),
whereas minimal edits lower the affective filter counteracting the ‘stylistic over-correction’ of Al that
learners find discouraging (Hartshorn, 2008).

Recent learner perception studies confirm this affective component. While learners see ChatGPT as
a “companion” (Teng, 2024) and find Al feedback motivating, concerns about overreliance, accu-
racy, and stylistic over-correction are expressed (Coyne et al., 2023; Slamet, 2024; Poldkova & Ivenz,
2024). Ekanayaka and Ellis’s (2024) Engagement with Feedback Model synthesizes this, highlighting
cognitive, affective, and behavioral engagement; minimal, interpretable edits are more likely to sustain
all three.

However, even when prompted explicitly to minimize edits, LLMs frequently revert to overcorrection
(Lin, 2024; Nguyen et al., 2025). This study, therefore, opposes the high-fluency bias of current LLMs
and focuses on “minimal edits.” As Staruch et al. (2025) note, the adaptation of LLMs for minimal-edit
GEC remains “still underexplored.” This is a critical gap: while many studies evaluate LL.Ms for fluency-
based GEC, few have empirically tested configurations to achieve a pedagogically motivated, minimal
style. Our study addresses this gap.

LLM Configuration Strategies

LLM behavior is dynamic; it can be guided through prompting or fundamentally altered through
fine-tuning, a central question in recent Al research. Peng (2024) found that prompting is effective,
but model tuning (fine-tuning) is superior for complex tasks requiring specialized knowledge, mirror-
ing the hypothesis of this study. To evaluate the extent to which LLM behavior can be steered toward
pedagogical goals, this study employs a factorial design testing three distinct prompting configurations
and assesses the volume of training data required to fine-tune a model to our minimal edit standard.

Prompt Design and Calibration Techniques

Prompting, which steers a model’s output at inference time, ranges from simple directives to complex,
example-based instructions (Li et al., 2023). The “simple instruction” method, uses concise direc-
tives without scaffolding. For instance, Katinskaia and Yangarber (2024) found short commands like
“Improve grammar in the following sentence” led to better GEC than longer prompts when using a
fine-tuned model. Likewise, Loem et al. (2023) demonstrated brief, task-aligned instructions outper-
forming vague ones, and Davis et al. (2024) validated this, finding the best zero-shot prompt was a
clear request: “Reply with a corrected version of the input sentence with all grammatical and spelling
errors fixed.”

More “complex instruction” prompts attempt to scaffold the model’s reasoning without examples.
This can involve providing explicit rubric rules, as seen in frameworks like AERA, which uses iter-
ative prompting to generate rationales for its decisions (Li et al., 2023). Other methods use struc-
tural cues, such as <input> and <output> tags to prevent the model from completing unfinished text
(Fang et al., 2023). Scaffolded chain-of-thought (CoT) prompts can instruct the model to analyze an
essay in sequential steps (Xia, Mao, & Zheng, 2024) or issue separate, specialized prompts for individ-
ual writing traits before aggregating the results (Lee et al., 2024).

The third method, “few-shot” prompting, provides one or more in-context exemplars of the task
(Brown et al., 2020). This approach has been shown to yield more accurate and stable evaluations,
such as by using sample essays with scored annotations (Li et al., 2023) or examples tagged with
Common European Framework of Reference for Languages levels to anchor the model’s scoring
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(Yancey et al., 2023). Katinskaia and Yangarber (2024) also found that few-shot CoT prompts consis-
tently outperforming minimal-edit prompts with an “out-of-the-box” model, supporting the general
efficacy of example-based prompts (Wei et al., 2022).

For this method, the quality of the examples is critical. Song et al. (2023), for instance, explored few-
shot prompting for Grammar Error Explanation (GEE), finding that providing examples of human-
curated “atomic” edits—single, isolated corrections—boosted F1 scores dramatically from 0.636
to 0.843. This concept of “atomic” edits directly parallels the output of the ERRANT tool used in
our study, suggesting models are highly sensitive to the granularity of the examples they are shown.

However, prompting alone is insufficient for complex tasks. Recent empirical studies on learner cor-
pora showed, even when given an explicit “minimal edit” prompt, LLMs tend to overcorrect and
default to fluency rewrites (Lin, 2024; Nguyen et al., 2025). This strongly suggests a model’s inherent
training, not its prompt, may be the dominant factor—precisely what our study investigates.

Fine-Tuning and Model Adaptation

An alternative to prompting is fine-tuning, which updates a model’s parameters using a domain-
specific, task-specific dataset (Li et al., 2023). The necessity and efficiency of fine-tuning are debated.
Mayfield and Black (2020) questioned its cost-effectiveness, while Eguchi and Kyle (2024) advise
researchers to test prompting first.

However, the amount of data required is a key variable. Eguchi and Kyle (2024) achieved human-
comparable accuracy in tagging grammatical features using just 11,856 labeled spans, and Kim and
Lu (2024) also achieved high performance after fine-tuning on only 80 documents. This suggests data
quality and specificity may be more important than raw quantity. This unresolved question of precisely
how much high-quality data is “enough” to achieve pedagogical goals is a primary motivation for the
second research question of this study.

This quality-over-quantity argument is supported by Katinskaia and Yangarber (2024), who provided
a crucial comparator, finding fine-tuning on a large but general GEC corpus (68,000 sentences from
FCE/W&I) yielded lower performance than zero-shot prompting. This strongly implies fine-tuning
on a large, broad-domain corpus is not as effective as using a smaller, highly-targeted dataset, directly
reflecting the desired outcome—in our case, minimal edits.

Metrics for Evaluating Pedagogical GEC

Evaluating GEC requires balancing accuracy, fluency, and utility. While human evaluation is the gold
standard, it is slow, expensive, and subject to “rater effects” leading to inconsistent scoring (Kim
et al., 2019). This creates a need for scalable automatic metrics. The Scribendi Score (Islam &
Magnani, 2021), for instance, combines Perplexity with traditional metrics and has been shown to
strongly correlate (Pearson r > 0.8) with human judgments.

However, the validity of these metrics is a topic of intense academic discussion. A recent study by
Goto et al. (2025) warns of a “reliability crisis” for reference-free metrics. They demonstrate the
Scribendi score (2020) being “hacked” by adversarial systems, intentionally designed to get high
scores. These systems can produce useless outputs (e.g., replacing the input with a single, fluent sen-
tence like “The weather is mild.”) but still receive top scores, effectively undermining the metric’s
reliability. This finding, along with critiques from Kobayashi (2024) argues that traditional n-gram
metrics are “relatively poor at evaluating fluently corrected sentences with many edits” produced by
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modern LLMs. This unresolved debate strongly justifies the need for a profile of metrics, as used in
this study—combining reference-adherence (GLEU), precision-focused (Fy.5), and fluency-control
(PPL)—rather than relying on a single, flawed score. For a Metric Glossary with pedagogical implica-
tions, and examples, see Appendix A.

Edit-Based Metrics (ERRor ANnotation Toolkit and M?)

To evaluate the precision of corrections, we use edit-based metrics, which compare a model’s proposed
edits (insertions, deletions, substitutions) against a gold-standard reference. The foundational metric
in this area is the M? (MaxMatch) scorer, which calculates the precision, recall, and F-score of edits
(Dahlmeier & Ng, 2012).

For this study, we employ the ERRANT toolkit (Bryant, Felice, & Briscoe, 2017), an advanced imple-
mentation of this approach. ERRANT’s primary advantage, and the reason it is essential for our anal-
ysis, is traceability. Unlike metrics providing a single, opaque score, ERRANT uses linguistic rules to
categorize every single edit (e.g., ‘R:NOUN?’ for a noun replacement, ‘M:VERB’ for a missing verb).

This traceability has become the standard for diagnosing how GEC models fail. For example, analyses
using ERRANT reveal GPT-3.5 struggles with verb errors and prepositions (Katinskaia & Yangarber,
2024) or performs poorly on word order despite fixing spelling (Fang et al., 2023).

The tool is not without its critics. It has known limitations, such as misclassifying ambiguous edits into
a generic “OTHER” category (Korre & Pavlopoulos, 2020) or using vague tags (Song et al., 2023).
However, the very existence of this academic debate—which is only possible by analyzing ERRANT’s
detailed logs—underscores its unique analytical strength. This tool allows us to move beyond if a cor-
rection is right and investigate why a model made it.

In this study, we leverage ERRANT quantitatively, to generate the Total Edit Count (as a direct proxy
for minimality) and the Fq.5 score. We selected the Fy.5 score—a harmonic mean of precision and
recall weighting precision twice as heavily (beta = 0.5)—because it is philosophically aligned with our
“minimal-edit” goal, as it severely penalizes the “over-correction” (low precision) we aim to avoid. We
also use it qualitatively, to provide the rich diagnostic data needed to interpret our statistical findings.

Fluency- and Similarity-Oriented Metrics

We use GLEU (Napoles et al., 2016), which is adapted from the BLEU metric used in machine trans-
lation. It works by evaluating n-gram (sequences of words) overlaps between the model’s output and
the corrected reference. Unlike BLEU, GLEU is sentence-level and gives credit for n-grams appearing
in either the original text or the reference. For this reason, a small, targeted change preserving most of
the original word order gets a higher score than a complete reformulation, making it an excellent proxy
for measuring adherence to a minimal-edit style.

Reference-Less Meftrics

Traditional metrics depend on gold-standard reference corrections, but newer approaches do not. Per-
plexity measures how “predictable” or “natural” a sentence is to a pre-trained language model (usually
GPT-2). The model assigns a probability to the sentence; a lower PPL indicates the sentence is more
fluent and less “surprising.” We use PPL as a standalone control variable to identify overly aggressive
“fluency-oriented” models (which may have low PPL but low GLEU) and to ensure our preferred
“minimal-edit” model does not produce awkward, disfluent text. The use of PPL as part of a profile
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of metrics follows recommendations from scholars who advocate for combining reference-based and
reference-less metrics for a more complete evaluation (Choshen & Abend, 2018; Katinskaia &
Yangarber, 2024).

A more recent development is the use of LLMs themselves as the analysis tool. This moves beyond
reference-less metrics (like PPL) and toward LLM-generated metrics. This approach is supported by
Kobayashi et al. (2024), who demonstrated LLMs (specifically GPT-4) as “state-of-the-art evaluators”
for GEC, achieving higher correlation with human judgments than all existing methods, especially
when prompted to focus on fluency. Dillon (2025), for example, demonstrated that a general-purpose
LLM can be prompted to analyze student chat transcripts and reliably extract custom metrics such as
question-type frequency, sentence complexity, and thematic vocabulary usage. This suggests educa-
tors are no longer limited to pre-defined metrics like Fy.5 or GLEU and can instead generate feedback
criteria specific to a given task.

Situating the Current Study: Standard vs. Pedagogical Corpora

This study develops a new corpus of Korean EFL learner writing, a methodological choice made to
facilitate our goals. Our approach is informed by, and defined in contrast to, the field’s standard GEC
benchmarks, which often embody different philosophies:

The FCE (Yannakoudakis et al., 2011) and W&I+LOCNESS (Bryant et al., 2019) corpora: These are
the standard, large-scale benchmarks for GEC. They are general-purpose and essential for training
broad-domain models. However, they are not specifically curated for a minimal-edit philosophy and
are the source of the “general” training data (e.g., in Katinskaia & Yangarber, 2024) we critique as
being less effective than targeted, fine-tuning.

The JFLEG corpus (Napoles et al., 2017): This corpus was specifically designed to evaluate and reward
fluency-oriented rewrites, not just discrete error correction.

Therefore, our study’s use of a new, minimal-edit-focused learner corpus, evaluated with precision-
focused metrics (Fo.5) penalizing overcorrection, represents a deliberate methodological departure
from the fluency-first approach embodied by datasets like JFLEG.

Research Questions and Operationalization

The literature reviewed above highlights three challenges: LLMs default toward fluency-oriented
rewrites even when minimal edits are preferred; prompting alone provides inconsistent model behav-
ior control; and the field lacks empirical evidence regarding the minimal quantity of data needed for
effective fine-tuning. Addressing these gaps requires two research questions and a principled opera-
tionalization of “minimal-edit” GEC.

In this study, the minimal-edit construct is operationalized as a multidimensional performance profile
rather than a single metric. We evaluate model configurations using four complementary lenses captur-
ing precision, conservatism, and the preservation of learner voice. Precision is represented through the
ERRANT F  score, which utilizes automated M2 references and prefers precision over recall, penal-
izing more for unnecessary interventions than for missing minor mistakes. Minimality is indexed via
GLEU, adapted here as a similarity score between the original and corrected text; this rewards n-gram
overlap and localized, surgical edits over extensive rewrites.

Furthermore, perplexity serves as an indicator of fluency overcorrection. By monitoring the marginal
effect of the model on PPL, we determine if a configuration respects the baseline linguistic properties
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of the learner’s input or imposes artificial fluency through excessive intervention. Finally, ERRANT
diagnostic labels provide a qualitative check, categorizing edits into specific linguistic types (e.g.,
VERB:TENSE, PREP) to ensure the model’s “edit budget” aligns with pedagogical targets. Together,
these metrics provide an empirically tractable and theoretically grounded measure of pedagogical
fidelity.

On this basis, the study addresses two research questions:

RQ1: Which LLM configuration—prompting strategies versus task-specific fine-
tuning—better produces a pedagogically sound, minimal-edit style of GEC?

RQ2: What is the optimal fine-tuning sample size needed to achieve high-quality GEC
aligned with pedagogical goals, and what are the trade-offs between correction
quality and data quantity?

These questions motivate the study’s two-part design: a 2 x 2 x 2 factorial experiment comparing
prompting and fine-tuning configurations for RQ1, followed by a comparative analysis of fine-tuning
sample sizes for RQ2. This structure links the theoretical and motivations of the literature to the fol-
lowing empirical analyses.

Methodology

The present study evaluated two models, GPT-40 and a fine-tuned GPT-40 model (FT), on an essay-cor-
rection task. It then evaluated the quantity of data needed for fine tuning.

Dataset and Sampling

Data for this study was collected from 1,156 Korean learners between August 2017 and March 2025
through an online writing workshop, which produced a longitudinal corpus of 48,000 short essays
(averaging 60—80 words per entry). The instructional design of this workshop emphasized Dynamic
Written Corrective Feedback (Hartshorn, 2023), where instructors provided frequent (maximum 18
per month) “surgical,” minimal-edit corrections. This approach was intended to maximize Individual
Processing (Yan, 2024), allowing learners to focus on specific errors in an asynchronous, self-directed
learning environment. Learners self-selected topics based on immediate communicative needs, rang-
ing from professional correspondence to personal reflections and commentary on current affairs.

Table 1 presents participant statistics by engagement duration, showing long-term users contributed

significantly more essays (M = 137.8, SD = 198.1) and remained active for longer periods (M = 18.7
months, SD = 17.0) compared to short- and mid-term users.

Table 1. Participant statistics

User N. Total Essays Monthly Essays Usage Time
Category Mean SD Mean SD Mean SD
Short-term 71 9.01 5.49 9.01 5.49 1 0

Mid-term 38 30.58 14.07 11.05 3.85 2.76 0.76

Long-term 59 137.8 198.07 8.02 5.33 18.73 16.97
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The data in table 1 reflect significant linguistic autonomy and sustained commitment, with 65 users
active for over two years and 23 for more than four years. This longitudinal engagement provided a
diverse range of interlanguage development and error patterns for the fine-tuning process. To exclude
Al-assisted writing, a random sample of 1,000 essays (maximum four per learner) written before
November 2022 was selected. Essays containing any Korean text were replaced, the dataset was
preprocessed by removing excess whitespace.

Fine-Tuning Procedure

A GPT-40 model was iteratively fine-tuned on batches of human-corrected essays. The first iteration
was trained on 759 samples. By July 2024, the dataset had grown to 1,864 essays, and a stronger model
was produced; this rose to 2,242 essays by September 2024. By December 2024, the dataset reached
2,617 essays. Annotators manually corrected new texts and then used the model to correct them. After
~2,000 examples, performance plateaued with manual comparison agreement over 90%. It also main-
tained high generalization across unseen topics because the training data originated from spontaneous
writing diaries rather than restricted prompts, so the result is a topic-agnostic model; it effectively
applies minimal-edit principles to diverse topics and writing genres.

Prompting the Model

A simple prompt and a complex prompt were designed. The complex prompt was engineered to
provide chain-of-thought reasoning and built on rationales for clear, grammar-focused feedback
(Leki, 1991; Schmidt, 2012). It instructed the model to: only fix clearly ungrammatical or confus-
ing sentences; avoid altering acceptable but unusual constructions; not replace words with synonyms
unless the meaning was incorrect; and bracket optional elements. This prompt elicited targeted,
minimal corrections, preserving learner voice. The 1-shot condition included sample text with its cor-
responding correction. The prompts and 1-shot example can be found in Appendix B.

Experimental Conditions

For RQ1, the 1,000 sample essays were corrected under eight conditions in a 2x2x2 factorial design:
Model (40 vs. FT), Prompt (Simple vs. Complex), and Example (None vs. 1-shot). Essays were pro-
cessed individually via the OpenAl API to prevent serial biases (Zhao et al., 2021).

For RQ?2, the 1,000 sample essays were evaluated against six models fine-tuned on incremental data
subsets (M1-M6). To standardize the experiment the complex prompt was used for all instructions.
4o0-complex-none was reused as the baseline model (M1). Fine-tuned models were trained from scratch
on subsets of the 2617 human annotated samples. Fine tuning data was increased in 500 sample incre-
ments for these models, M2 (500 samples), M3 (1,000 samples), M4 (1,500 samples), M5 (2,000
samples). Lastly, M6 represents the original model FT Complex (2,617 samples) M6 was the reference
standard for F _ analysis.

Quantitative Metrics and Analysis

Corrections were evaluated using three quantitative metrics generated using python libraries, (example
code snippets can be seen in Appendix C):

1. GLEU: Assesses n-gram overlap with the corrected text.
2. F,, Score (from ERRANT): A precision-weighted F-score penalizing over-correction.
3. Perplexity: Estimated by GPT-2 to gauge fluency.
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A 2 x 2 x 2 three-way LMM was conducted for RQ1, and a one-way LMM was conducted for
RQ?2, using JASP. For the LMMs, models included ‘essay id’ as a random effects grouping factor, and
model terms were tested using the Satterthwaite test method.

Qualitative Analysis

To explain the quantitative results, a qualitative analysis was conducted using the ERRANT toolkit.
This was particularly crucial for investigating the significant Model * Prompt interaction on perplexity.

First, ERRANT’s edit type counts were generated to compare the frequency of edit categories (e.g.,
“R:NOUN”, “U:CONJ”, “OTHER”) between the 40-Complex and FT-Complex models.

Second, ERRANT’s parallel -ex function was used to produce an “atomic” breakdown of individual
edits. This output preserved the original text, categorized the edit type, and showed the specific correc-
tion span. These atomic outputs for 40-Complex and FT-Complex were merged into a single compar-
ison spreadsheet, facilitating a direct, side-by-side review of how each model handled the same error,
which was essential for diagnosing why the 40-Complex model’s fluency was degraded. A similar
qualitative review was conducted to compare the outputs of M2 (the most minimally aligned) and M6
(the most precise) to understand the nature of the trade-off between text similarity (GLEU) and fluency
(PPL).

Results

To address the research questions, two separate LMM analyses were conducted. RQ1 was addressed
with a 2 X 2 x 2 three-way LMM to analyze the main effects and interactions of Model (GPT-40 vs.
Fine-tuned), Prompt (Simple vs. Complex), and Example (None vs. 1-shot). RQ2 was addressed with
a one-way LMM to compare the performance of models fine-tuned on different sample sizes (M1-M6).

The dependent variables selected to operationalize the target “minimal-edit” profile were GLEU
(similarity between original and corrected essays), F . Score (a precision-weighted metric penalizing
over-correction), and Perplexity (a control for fluency). Total Edit Counts were also compared as a
direct proxy for minimality.

RQ1: Model, Prompt, and Example Configuration

This analysis investigates the main and interaction effects of Model, Prompt, and Example configura-
tion on the performance metrics. Descriptive statistics; Estimated Marginal Means (EMMs) and Stan-
dard Errors (SE) from the LMM analysis for all eight experimental conditions are presented in Table 2.

A preliminary inspection reveals two key patterns. First, the FT-Complex-None condition demon-
strated the strongest performance on the target “minimal-edit” profile. Second, a notable and count-
er-intuitive pattern is visible in the Perplexity data. For the base 40 model, switching from a Simple
prompt (M = 21.98) to the Complex prompt (M = 29.60) resulted in a sharp increase in perplexity,
indicating a significant loss of fluency. In contrast, the FT model’s fluency remained stable and low.
This large discrepancy highlights the Model x Prompt interaction, analyzed in Section 4.1.1.3.

LMM Main Effects and Interactions

To assess the robustness of the inferential results, model fit was evaluated for each dependent variable
using marginal and conditional R* (R* and R*). The models for GLEU (R* = .44, R? = .88) and
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Table 2. Descriptive statistics for GLEU, F , and PPL by condition

Model Prompt Example GLEU (M,SE) F . (M, SE) PPL (M, SE) Total Edits
40 Simple None 44.29 (0.389) 0.220 (0.005) 21.98 (0.332) 36,284
1-shot 53.43 (0.389) 0.302 (0.005) 21.60 (0.332) 30,094
Complex None 71.00 (0.389) 0.497 (0.005) 29.60 (0.332) 17,813
1-shot 70.49 (0.389) 0.529 (0.005) 26.44 (0.332) 18,704
FT Simple None 72.22 (0.389) 0.700 (0.005) 24.76 (0.332) 17,760
1-shot 74.14 (0.389) 0.755(0.005) 23.46 (0.332) 16,384
FT Complex None 75.42 (0.389) N/A 24.67 (0.332) 15,181
1-shot 75.72 (0.389) 0.844 (0.005) 24.52(0.332) 15,045

Note: FT-Complex-None (bolded) served as the reference standard for F , calculations. M and SE values are
from the LMM EMMs output. Total Edits are from the original analysis.

F s (R2m = .75, R? = .85) demonstrated substantial explanatory power, with the experimental factors
(Model, Complexity, Exemplar) accounting for a large proportion of the variance in fidelity and edit
alignment.

In contrast, the perplexity model showed a high conditional R? (.88) but a low marginal R* (.05).
This divergence indicates the overall model is statistically stable, but fluency is driven primarily by
the inherent linguistic properties of the original sentences rather than the model configurations. This
suggests the models adhered to the minimal-editing constraint, leaving the baseline fluency of the
learner’s input largely intact.

GLEU (Adherence to Reference)

The LMM analysis of GLEU scores revealed significant main effects for Model, Prompt, and
Example. All two-way and three-way interactions were also significant (p <.001). The LMM ANOVA
Summary is presented in Table 3. The Model factor exerted the strongest influence on reference adher-
ence (np? = 0.66), followed by Prompt complexity (np®> = 0.57). Based on the means in Table 2,
the fine-tuned (FT) model (M = 74.37, SE = 0.39) outperformed the base (40) model (M = 59.80,
SE =0.39), F(1, 6993.00) = 13294.7, p < .001.

Table 3. LMM ANOVA summary for GLEU score

Effect df* F o] np?
Model 1,6993.00 13294.7 <.001 0.66
Prompt 1, 6993.00 92225 <.001 0.57
Example 1, 6993.00 460.1 <.001 0.06
Model * Prompt 1, 6993.00 59442 < .001 0.46
Model * Example 1, 6993.00 159.9 <.001 0.02
Prompt * Example 1, 6993.00 497.8 <.001 0.07
Model * Prompt * Example 1, 6993.00 251.6 <.001 0.03

*Note: Denominator degrees of freedom were calculated using the Satterthwaite approximation. Variations in
df reflect adjustments for unequal variance across model conditions to maintain statistical stringency.
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F, s Score (Precision)

The analysis of the Fq.5 score showed significant main effects for Model and Prompt, but the
main effect for Example was not significant (p = .231, np? = <.01). All interactions were significant
(p < .001). Effect sizes demonstrate Model choice was the primary determinant of precision (np? =
0.81), followed by Prompt complexity (np*> = 0.52). The LMM ANOVA Summary is presented in
Table 4. The F-values highlight Model (F(1, 28995.09) = 6887.19) as the critical factor, with the FT
model (avg. M = 0.825) dramatically outperforming the base 40 model (avg. M = 0.39).

Table 4. LMM ANOVA summary for F,  score

Effect df F P np?
Model 1,28995.09 6887.19 <.001 0.81
Prompt 1, 6876.81 7531.74 < .001 0.52
Example 1, 6875.52 1.44 231 <.01
Model * Prompt 1, 6876.81 127.51 <.001 0.02
Model * Example 1, 6875.51 43848  <.001 0.06
Prompt * Example 1, 6874.51 644.14  <.001 0.09

Model * Prompt * Example 1, 6874.51 246.82 <.001 0.03

Perplexity (Fluency Control)

The analysis of Perplexity revealed significant main effects for Model, Prompt, and Example, with
all interactions also reaching significance (p < .001). The LMM ANOVA Summary is presented in
Table 5. While the main effect for Prompt complexity was substantial (np> = 0.18), it is best under-
stood through the large Model x Prompt interaction (F(1, 6993.00) = 1157.37, p <.001, np? = 0.14).
This interaction confirms the pattern observed in Table 2: for the base 40 model, the complex prompt
significantly increased perplexity (worse fluency), while for the FT model, fluency remained stable.

Table 5. LMM ANOVA summary for perplexity

Effect df F P np?
Model , 6993.00 43.01 <.001 0.01
Prompt , 6993.00 1581.17  <.001 0.18
Example , 6993.00 21817  <.001 0.03

Model * Prompt , 6993.00 1157.37  <.001 0.14
, 6993.00 38.41 <.001 0.01
6993.00 23.36 <.001 <.01

, 6993.00 136.00 <.001 0.02

Model * Example

Prompt * Example

R U UL UL U U U

Model * Prompt * Example

Qualitative Analysis of PPL Interaction

To understand the counter-intuitive finding of higher perplexity for the 40-Complex model (Table 2:
M = 29.60) despite its higher accuracy, a qualitative analysis of ERRANT edit types was conducted.
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Table 6. ERRANT edit type frequencies and paired t-test (40-complex vs. FT-complex)

Edit Category 40C (M) FTC(M) N (40C-FTC) t o] d

R:OTHER 1.87 0.68 1187 17.46  <.001 0.55
R:NOUN 1.15 0.31 842 18.57  <.001 0.59
R:ORTH 0.60 0.29 314 10.03  <.001 0.32
U:CONJ 0.17 0.03 143 7.92 <.001 0.25
M:VERB 0.21 0.08 134 6.57 <.001 0.21

Note: R = Replacement, U = Unnecessary, M = Missing. Only top 5 differing categories shown.

Paired T-tests showed five edit types had significant differences. Table 6 compares the edit frequencies
between the 40-Complex (40C) and FT-Complex (FTC) models.

Table 6 indicates the 40-Complex model made significantly more edits, particularly in the “Replace-
ment:Other” (R:OTHER) and “Replacement:Noun” (R:NOUN) -categories. Qualitative inspec-
tion showed the 40-Complex model’s higher perplexity was driven by ambiguous and unnecessary
“R:OTHER?” edits, often resulting from the over-application of bracketed insertions. These intrusive,
stylistic edits reduced n-gram similarity (lowering GLEU) and introduced unnatural phrasing, increas-
ing perplexity. Example edits appear in Appendix D.

RQ2: Fine-Tuning Sample Size

This analysis uses a one-way LMM to compare the performance of models fine-tuned on increasing
dataset sizes (M1 to M6). M1 is the baseline (GPT-40 Complex prompt, 0 samples). Descriptive statis-
tics for the models are in Table 7.

Descriptive statistics in Table 7 show a clear pattern of diminishing returns. The largest performance

jump occurs between M1 (baseline) and M2 (500 samples). M2 achieved the highest mean GLEU
score (M = 77.21), while M6 achieved the lowest PPL (M = 24.67).

Table 7. Descriptive statistics for M1-M6 (GLEU, F, , and PPL)

Model N Samples GLEU (M, SE) F,.s (M, SE) PPL (M, SE)  Total Edits

M1 0 71.00 (0.388)  0.493 (0.005)  29.60 (0.375) 17,813
M2 500 77.21(0.388)  0.719(0.005)  25.49 (0.375) 13,791
M3 1,000 76.23(0.388)  0.732(0.005)  25.13 (0.375) 14,385
M4 1,500 76.44 (0.388)  0.750 (0.005)  25.05 (0.375) 14,418
M5 2,000 75.36 (0.388)  0.741(0.005)  24.72 (0.375) 15,066
M6 2,617 75.42 (0.388) N/A 24.67 (0.375) 15,181

Note: M and SE values are from the LMM EMMs output. Total Edits are from the original analysis. M6
(FT-Complex-None) served as the reference standard.

GLEU

The LMM revealed a significant effect of sample size on GLEU scores (F(5, 4995.00) = 358.9,
p <.001), with the model factor explaining a significant portion of the variance (np? = 0.26). The model
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Table 8. EMM:s for GLEU

Model Estimate SE 95% Cl Lower  95% CI Upper p

M1 71.00 0.388 70.24 71.76 <.001
M2 77.21 0.388 76.45 77.97 <.001
M3 76.23 0.388 75.47 76.99 <.001
M4 76.44 0.388 75.68 77.20 <.001
M5 75.36 0.388 74.60 76.12 <.001
M6 75.42 0.388 74.66 76.18 <.001

achieved high overall reliability (R*, = 0.912), although the fixed effect of sample size accounted for
a smaller proportion of total variance (R* = 0.026). Table 8 shows performance peaked at M2 and
plateaued thereafter.

F,, Score

A linear mixed-effects model revealed a significant effect of sample size on Fy.5 scores,
F(5, 4915.96) = 1789.0, p < .001, with sample size explaining a substantial proportion of variance
(mp? = 0.65). The full model accounted for a large share of the total variance (ch = 0.673), while
the fixed effect of sample size alone explained nearly half of the variance (R2m =0.496). In Table 9,
precision increased monotonically with additional training data.

Table 9. EMMs for F; score

Model Estimate SE 95% CI Lower 95% CI Upper p

M1 0.493 0.005 0.484 0.502 <.001
M2 0.719 0.005 0.710 0.728 <.001
M3 0.732 0.005 0.722 0.741 <.001
M4 0.750 0.005 0.741 0.760 <.001
M5 0.741 0.005 0.732 0.750 <.001
M6 N/A N/A N/A N/A N/A

Note: M6 is the reference model.

Perplexity

A significant effect of sample size on perplexity, F(5, 4995.00) = 336.8, p < .001, was found with
sample size accounting for a meaningful proportion of variance (np? = 0.25). The full model explained
a large share of the total variance (ch =10.926), whereas the fixed effect of sample size alone accounted
for a small proportion (R2m =0.021). In Table 10, M1 exhibits the highest perplexity by a substantial
margin. Perplexity decreased sharply from M1 to M2 and M3, plateauing afterwards, with models M3
through M6 showing similarly low perplexity scores.
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Table 10. EMMs for perplexity

Model Estimate SE 95% Cl Lower  95% CI Upper p

M1 29.60 0.375 28.87 30.34 <.001
M2 25.49 0.375 24.76 26.23 <.001
M3 25.13 0.375 24.39 25.86 <.001
M4 25.05 0.375 24.31 25.78 <.001
M5 2472 0.375 23.99 25.46 <.001
M6 24.67 0.375 23.93 25.40 <.001

Summary of RQ2 Trade-Off

The LMM results show a clear trade-off between the metrics. M2 (500 samples) achieved the highest
GLEU score (M = 77.21), suggesting it was the most aligned with the strict minimal-edit reference.
Conversely, M6 (2,617 samples) achieved the best Fy.5 score (M = 1.000) and the best perplexity
score (M = 24.67) but had a lower GLEU score than M2. This suggests M6 adopted a more compre-
hensive, fluency-oriented profile diverging slightly from the strict minimal-edit reference but achieved
higher precision and fluency. However, the performance gap between M2 and M5 was minimal
(F,, difference approx 0.07; GLEU difference approx 1.85 points; negligible difference in perplexity).

A qualitative comparison of M2 and M6 identified 432 cases where M2 achieved higher GLEU scores
but exhibited higher perplexity, a pattern indicative of under-correction. For example, in the sentence
‘approval was complete a couple of weeks ago,” M2 made verb tense adjustment but left ‘was com-
plete’ unchanged, while M6 correctly used ‘was completed.” Similarly, M2 failed to correct the article
error in ‘a example photograph,” whereas M6 revised it to ‘an example photograph.’ These instances
demonstrate M2’s high reference alignment occasionally allowing errors to persist.

Discussion

This study’s primary objective was to identify the LLM configuration producing minimal-edit GEC.
By operationalizing this goal using a suite of metrics (F . for precision, Total Edits for minimality,
GLEU for text similarity, and PPL for fluency), the 2 x 2 x 2 LMM results for RQ1 provide an answer.

RQ1: Fine-Tuning Outperforms Prompting

The results demonstrated task-specific fine-tuning as decisively more effective than prompt engineering
for overcoming the “fluency bias” inherent in LLMs. While the base model consistently over-edited—
prioritizing stylistic polishing over the requested minimal corrections—fine-tuning shifted the model’s
output distribution towards minimal corrective edits, internalizing the minimalism constraint rather
than relying on prompt-level activation.

Prompt-only approaches failed most notably as fluency degraded when complex instructions were
introduced. This pattern indicates a trade-off effect: as instruction complexity increases, the model’s
ability to maintain both strict instruction adherence and output fluency decreases. Fine-tuning resolves
this tension by baking task requirements into the model’s weights, ensuring specialized behavior—
such as the specific use of annotation brackets—does not come at the cost of fluency. Furthermore, the
diminishing returns observed when adding exemplars to fine-tuned configurations suggests increased
instructional consistency and decreased output variance rendering manual examples redundant.
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RQ2: The “Sweet Spot” of Fine-Tuning

Investigation into sample sizes (Table 7) reveals a pragmatic “sweet spot”. Finding a minimal data-
set (N = 500) provides substantial improvement in model behavior confirming data quality and tar-
get-alignment are more critical than corpus volume for specialized GEC. This aligns with Eguchi and
Kyle (2024), who achieved strong performance with a modest number of labeled spans, but contrasts
with Katinskaia and Yangarber (2024), who failed to achieve comparable results despite using a sig-
nificantly larger but less targeted corpus. These results demonstrate high-quality data making high-
precision, fine-tuning feasible even in low-resource educational contexts.

Operationalizing Pedagogical Goals: A Generalizable Framework

The finding that task-specific fine-tuning (N = 500) decisively outperformed complex prompting is
significant not just for GEC, but as a proposed method for aligning Al tools with any L2 teaching
objective. This methodology validates fine-tuning as an accessible and robust strategy for educators,
because it solves the problem of instability across runs, “stochastic wobble” plaguing LLM interac-
tions. While complex prompting can successfully operationalize analysis goals, the resulting model
behavior is unstable, requiring intensive session management to prevent model drift and maintain
consistency across inputs. Fine-tuning, conversely, locks in the desired behavior, providing a reliable
foundation for tool creation.

This methodology is transferable because any abstract goal can be translated into a measurable output.
Beyond GEC, this framework accommodates goals such as operationalizing vocabulary acquisition
into a “count of thematic set items” or translating interactional competence into “follow-on ques-
tion counts” and “diversity of question types,” as demonstrated in Dillon (2025). Once the output is
operationalized, with a corresponding metric profile, educators can leverage the LL.M-as-Evaluator
hypothesis validated in this study to test these custom metrics, establishing qualitative analytic criteria
specific to task rubrics.

Crucially, the iterative fine-tuning process is highly accessible, validating the use of a small, high-
quality dataset (N = 500). Teachers can efficiently curate this data by first using a prompted LLM to
generate initial corrected or analyzed outputs. Incorporating human post-editing into fine-tuning cycles
is highly efficient as LLMs can provide rationales for their coding or correction decisions. Human-
in-the-loop validation therefore becomes a rapid process of correcting errors rather than annotating
manually (Ostling et al. 2023; Dillon, 2025.) This digital literacy makes the creation of a stable, peda-
gogically aligned model feasible for individual teachers or small departments, with educators becom-
ing system designers capable of customizing tools for class-level aggregation and analytics.

Instructional design implications

The stability gained through fine-tuning also opens new avenues for instructional design. Reliable,
minimal-edit feedback enables iterative drafting cycles and supports flipped or self-paced grammar
instruction, where students focus class time on meaning and revision strategies rather than surface
correctness. Moreover, fine-grained edit classifications can help teachers highlight recurrent error
types and direct learners’ attention to targeted before-and-after examples, supporting metalinguistic
“noticing” (Schmidt, 2012) and uptake (Lyster & Ranta, 1997).

Because fine-tuned models behave conservatively, they are particularly well-suited for novice and
intermediate learners who benefit from minimal, interpretable corrections. This alignment is critical
for self-directed study; as Yan (2024) demonstrates, solo learners lack the interpretive support required
to navigate complex, fluency-oriented rewrites without cognitive overload.
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In teacher-scaffolded (TS) contexts, learners can use a standard LLM to intentionally generate fluency-
oriented feedback. The instructor can bridge the gap between the AI’s complex suggestions and the
learner’s current proficiency, transforming native-like rewrites into durable long-term learning gains.

Limitations and Future Directions

This study successfully used a factorial analysis to validate a minimal-edit GEC configuration. The use
of Fy.5, Total Edits, Perplexity, and GLEU in tandem provided a multi-dimensional profile of “mini-
mality,” directly linking the study’s theoretical framework to its empirical results.

This study’s primary limitation is its reliance on automatic metrics. While we used a profile of met-
rics, as recommended by Choshen and Abend (2018) and Katinskaia and Yangarber (2024), and tri-
angulated with qualitative data, these metrics do not measure learner uptake or perceived usefulness.
However, evaluation metrics such as GLEU, PPL, or ERRANT edit counts may be translated into
simple, interpretable indicators (e.g., percentage improvement across drafts), and become accessible
as student-facing feedback tools.

However, this methodological validation is the precursor to a larger, longitudinal study addressing this
gap by applying our validated “metric profile” to the entire 48,000-essay corpus. Using a Generalized
Additive Mixed Model (GAMM), this future research will track the grammatical development of the
1,156 learners over time. The goal is to determine if their development, as measured by our metric
profile, follows the conventional SLA trajectory of steep initial improvement followed by a plateau.
This will also allow for a comparison of the developmental paths of the short-, mid-, and long-term
participants identified in Table 1, providing empirical data on how grammatical accuracy and fluency
evolve with sustained engagement.

Beyond the immediate findings, this study provides preliminary evidence for the LLM-as-evaluator
hypothesis (Dillon, 2025). As a secondary methodological test, we investigated whether GPT-40 could
replicate our primary Python-based metrics. When provided with the 1,000 original and corrected
essays, the model’s internal GLEU calculations achieved a near-perfect Pearson correlation (r = 0.99)
with our standard programmatic analysis. This capability suggests that future work could successfully
transition from specialized software to LLM-driven diagnostics. Specifically, comparing the quali-
tative output of ERRANT against prompted LLMs could determine if models can reliably generate
“atomic edits” (Song et al., 2023) at scale. If so, this would further empower educators to develop
custom pedagogical analytical tools without requiring specialized programming expertise.

Conclusion

This study sought to identify an effective and accessible method for aligning an LLM with a specific
objective—in this case, minimal-edit GEC. Using a 2 x 2 x 2 LMM design and a suite of empirically
grounded metrics, we showed task-specific fine-tuning consistently outperforming prompt engineering
for achieving high-precision, pedagogically aligned behavior.

Fine-tuned models demonstrated superior performance across all target metrics. Even a small,
high-quality dataset (N = 500) produced dramatic gains, validating the feasibility of fine-tuning for
educational contexts with limited annotated data. The comparison across fine-tuning sample sizes
revealed a practical continuum: smaller datasets yield more conservative, reference-aligned correc-
tions, while larger datasets improve fluency and coverage. This offers educators meaningful flexibility
depending on learner proficiency and instructional goals.
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Beyond the specific GEC task, the broader contribution of this work is methodological. This study
demonstrates pedagogical goals being operationalized into measurable outputs with LLM behavior
reliably shaped through targeted data rather than increasingly complex prompts. Because LLMs can
also function as evaluators—replicating metrics such as GLEU with high fidelity—educators can cre-
ate custom analytic tools aligned with their own rubrics and learning outcomes.

As generative Al becomes further integrated into education, this approach empowers teachers to act as
system designers who set the parameters for how LLMs support instruction. Fine-tuned models offer
stability and alignment for large-scale feedback, while prompted, out-of-the-box models remain useful
for advanced learners seeking fluency-oriented revision. With these complementary tools, instructors
can match model behavior to different needs and learner levels.

This study offers a data-driven, replicable framework for aligning LLMs with pedagogical intent.
By combining targeted fine-tuning with LLM-driven analytics, this methodology provides a founda-
tional pathway for developing learner-centered Al tools. While the current evidence is situated within
the context of GEC, the findings suggest a scalable approach that could be extended to a variety of
L2 classroom tasks, offering a precedent for future research into broader pedagogical applications.

Use of Generative Al

This manuscript made use of Google Gemini to assist in paraphrasing and improving the clarity of text.
No Al tools were used for the generation of research hypotheses or the writing of conclusions. The
final manuscript was authored and reviewed by the listed authors without additional Al input.
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