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 A B S T R A C T

Ensuring reliable essay scoring is challenging when rater severity and bias vary by linguistic background. This 
study investigates whether a GPT-based Automated Essay Scoring (AES) system can complement human raters 
in second-language (L2) writing assessment. Using a Many-Facet Rasch Measurement (MFRM) model, this 
study analyzed ratings from 20 human raters—10 native English-speaking (NES) and 10 non-native English-
speaking (NNES)—and GPT across four analytic criteria (Content, Organization, Grammar, and Vocabulary) 
on 181 university L2 essays. The results indicate that raters demonstrated variability and potential rater 
bias; GPT exhibited high internal consistency but range compression at the upper end compared to humans. 
These findings offer insights into how GPT can supplement or complement traditional rater-based methods, 
potentially alleviating the time-consuming and subjective aspects of human scoring. Nonetheless, concerns 
remain regarding its sensitivity to subjective writing features such as creativity, tone, and nuanced lexical use. 
This study contributes to the growing understanding of large language models in educational contexts and 
highlights the need for further refinement and validation of AES systems.
Structured practitioner notes

What is already known about this topic

• Human raters often demonstrate variability in rating severity and 
consistency, influenced by factors such as linguistic background 
and personal bias.

• Automated Essay Scoring (AES) systems, particularly those lever-
aging Large Language Models like GPT, have shown promise in 
delivering consistent and objective assessments.

• There is ongoing debate over whether LLMs can accurately cap-
ture the nuanced, context-specific judgments of human raters, 
especially when evaluating subjective criteria like content devel-
opment and organization.

What this paper adds

• This study compares human rater variability with the consis-
tency of a GPT-based AES system, examining differences in rating 
severity, bias, and consistency across various criteria.
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• NES raters typically apply stricter evaluations, whereas NNES 
raters exhibit broader severity ranges. In contrast, GPT shows a 
more neutral and stable rating pattern, albeit with a tendency 
toward stricter content evaluation.

• Findings illuminate how the GPT-based AES system aligns with or 
diverges from human raters, offering insight into practical strate-
gies for integrating LLM-driven scoring tools into educational 
assessment.

Implications for practice and/or policy

• The findings suggest that a GPT-based AES system can serve as 
a valuable tool for ensuring consistency in writing assessments, 
particularly in large-scale educational settings where human vari-
ability can pose challenges.

• The stricter stance on content observed in GPT underscores the 
need for further fine-tuning and prompt engineering to better 
capture nuanced human judgments.

• Integration of hybrid models that combine the strengths of human 
and automated scoring could be explored for more balanced and 
comprehensive assessments.
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1. Introduction

Ensuring consistency and fairness in essay rating has long been a 
central concern in language assessment. Traditionally, English essays 
are evaluated by human raters, yet manual scoring is time consuming 
and susceptible to rater variability stemming from factors such as the 
linguistic and cultural background of the rater or personal constructs 
of writing quality, raising concerns about reliability and fairness [1–5].

A well-established approach to examining rater behavior is Many-
Facet Rasch Measurement (MFRM) [6], which jointly estimates rater 
severity, bias interactions, and other facets (e.g., criteria). Prior MFRM 
work has documented systematic rater effects associated with task type 
and rater background [3,7] as well as criterion-specific biases and 
proficiency-related differentials [5,8–10].

Against this backdrop, automated essay scoring (AES) emerged to 
improve efficiency and reduce subjectivity [11–13]. Early systems, such 
as PEG, e-rater and IntelliMetric, relied on handcrafted linguistic fea-
tures coupled with regression or traditional machine-learning models. 
Although these approaches achieved moderate–high correlations with 
human scores, they were limited in semantic understanding and in 
handling off-topic or content-driven criteria [12]. Hybrid architectures 
that fuse neural contextual representations with linguistically moti-
vated features suggest a transitional path from feature-based AES to 
LLM-enhanced scoring, often yielding higher alignment with human 
judgments [14].

With the advent of large language models (LLMs), AES has de-
veloped rapidly. A growing body of work shows that LLMs can ap-
proximate human-like evaluations and correlate strongly with human 
ratings, while still exhibiting residual severity or criterion-specific 
biases that require calibration [11,15–17]. Studies also document high 
overall accuracy with comparatively lower specificity for higher-order 
constructs, such as task response and coherence, relative to lexico-
grammar [18]. Complementing these findings, classroom-oriented stud-
ies report strong human–AI correlations for GPT-based AWE with 
slightly lower MFRM fit, underscoring both feasibility and the need for 
routine calibration in instructional contexts [19].

Findings from multilingual and EFL settings are mixed. Evidence 
includes lower GPT–human agreement for some L1 groups [20], per-
sistent cross-L1 disparities even after fine-tuning [21], and language-
/task-specific moderation of alignment [22]. Large-scale analyzes also 
document demographic differentials such as race or ethnicity raising 
ethical concerns for deployment [23]. Moreover, comparative evalua-
tions show that model–human alignment can fluctuate with task design, 
model version, and interface [24,25], even as some contemporary 
models exhibit reduced rater effects under MFRM [26]. In parallel, 
psychometric perspectives on LLM raters (e.g., GPT, Claude) suggest 
near-human reliability while flagging concerns about bias, central ten-
dency, and transparency [27]. Hybrid architectures that combine neu-
ral representations with linguistic features have also reported improved 
alignment with human judgments [14].

Taken together, the literature portrays LLM-based AES as promising 
yet imperfect. While overall reliability can approach human levels in 
rubric-based settings, less is known about how LLM raters behave across 
analytic criteira when situated alongside human raters within a shared 
measurement framework. In particular, few studies have simultane-
ously examined (a) criterion-level alignment, (b) relative severity and 
variance dispersion, and (c) rater–criterion bias interactions between 
LLMs and raters of different linguistic backgrounds using Many-Facet 
Rasch Measurement. 

To address these gaps, the present study benchmarks 21 raters, 
including NES, NNES, and a GPT-based AES system, across four analytic 
criteria (Content, Organization, Grammar, Vocabulary) within an MFRM 
framework. By placing GPT and human raters on the same logit scale, 
this design enables direct comparison of severity, bias patterns, and 
construct-level alignment. Rather than inferring validity from aggregate 
2 
correlations alone, the study examine whether GPT reproduces, miti-
gates, or diverges from typical human rater variability at the criterion 
level. 

Through this rater-centric and construct-sensitive approach, the 
study contributes empirical evidence on the dimensional validity, fair-
ness, and operational positioning of GPT-based AES in EFL writing 
assessment. 

Building upon these objectives, the study addresses the following 
research questions:

1. To what extent do GPT-based AES scores align with human 
ratings across the four analytic criteria (Content, Organization,
Grammar, Vocabulary)?

2. Does the degree of alignment differ by analytic criteria?
3. To what extent does GPT-based AES exhibit bias or rater effects 
similar to—or distinct from—those of human raters?

Collectively, these questions target the properties of GPT-based AES, 
laying the groundwork for reliable and equitable deployment in L2 
writing assessment.

2. Methods

This study compared human raters and a GPT-based AES system in 
their evaluation of student essays, highlighting the potential advantages 
and limitations of machine-based scoring. Within the group of human 
raters, participants were further divided into NES and NNES to explore 
variability in rating severity and consistency. The intention was to 
examine how linguistic background could reflect potential variability 
among human raters, and whether GPT-based evaluations might offer 
more consistent scoring across diverse essay types. Therefore, a Many-
Facet Rasch Measurement (MFRM) model was employed to analyze 
severity, consistency, and bias within these two broad rater categories 
(Human vs. GPT).

The measurement model for assessing writing ability in this study 
is based on the framework proposed by Engelhard [28], as represented 
in Fig.  1. In this model, rater severity, task difficulty, and criterion dif-
ficulty are considered intervening variables. Task difficulty specifically 
refers to the challenges associated with different tasks, aligning with 
the study’s focus on analyzing the evaluation and rating of a diverse 
range of tasks. Criterion difficulty refers to the inherent difficulty 
of each rating dimension used to assess writing ability. Specifically, 
criterion difficulty captures the extent to which a particular evalua-
tive criterion—such as Content, Organization, Grammar, or Vocabulary
—poses a challenge for raters to apply consistently.

2.1. Participants

The study involved 20 human raters and an GPT-based AES sys-
tem. Among the human raters, there were 10 NES and 10 NNES. All 
human raters had prior experience in language assessment, and each 
was studying for a master’s degree in Teaching English as a Foreign 
Language (TEFL) in the UK. The NES raters (5 males and 5 females) 
were from the UK, while the NNES raters (4 males and 6 females) were 
from Taiwan. All the NNES raters possessed high proficiency in English, 
evidenced by their achievement of at least a CEFR C1 level and an 
IELTS score of 8.0 or above. In addition, these raters had 1–3 years 
of previous classroom or testing experiences involving English writing 
assessment, which provided familiarity with rating procedures.

A GPT-4 model served as the automated rater, providing a compu-
tational perspective on the essays. The GPT-4 version accessed in July 
2024 was utilized. Under these conditions, the GPT-4 model functioned 
as the core of the GPT-based AES group for comparison with human 
raters.

Each rater was assigned a unique identification code: R1–R10 for 
NES raters, R11–R20 for NNES, and GPT for the GPT-based AES system. 
These labels are used consistently throughout the manuscript, and in 
the Results section, the rater positions are clearly indicated according 
to these IDs.
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Fig. 1. Measurement Model for Assessing Writing Ability.
Source: Adapted from Engelhard, 1992.
Table 1
Writing tasks.
 Examinees Task  
 Group 1 Summarizing Silvia Percu’s ‘‘Designing for an Ageing Society Products and Services’’  
 Group 2 Translating of Chinese passages focused on topics such as economics, social issues, and cultural reflections into English. 
 Group 3 Do you agree or disagree with the following statement? Most advertisements make products seem much better than 

they really are. Use reasons and examples to support your answers.
 

2.2. Essays

A total of 181 essays were collected from three distinct groups of 
university-level EFL learners in Taiwan, each of whom completed a 
different writing task. The writing tasks are summarized in Table  1, 
and each task was produced by a distinct group of EFL learners.

Group 1 was asked to read and summarize the article ‘‘Designing 
for an Ageing Society: Products and Services’’ by Silvia Percu.

Group 2 was assigned to translate a series of Chinese passages into 
English. The source materials focused on topics such as economics, 
social issues, and cultural reflections. Each text yielded between 7 and 9 
student translations, resulting in a balanced collection of 81 translated 
essays.

Students in Group 3 responded to the following prompt: ‘‘Do you 
agree or disagree with the following statement? Most advertisements 
make products seem much better than they really are. Use reasons and 
examples to support your answers’’.

Each essay was assessed across four criteria: Content, Organization,
Grammar, and Vocabulary . Scores were assigned on a scale from 0 to 
5 for each criterion, with 0 indicating the lowest level of performance 
and 5 the highest. The rating rubric is shown in Appendix. The use 
of diverse tasks and multiple rating criteria was intended to provide 
a comprehensive evaluation of each rater’s performance, while also 
highlighting how each rater group (Human vs. GPT) might handle 
different textual challenges.

2.3. Procedure

Twenty human raters (10 NES and 10 NNES) and the GPT-based 
AES system independently evaluated 181 anonymized essays using a 
standardized rubric (Appendix A1 Table  A.1). Each essay was assessed 
on a 6-level scale (0–5) in four criteria: Content, Organization, Grammar, 
and Vocabulary, with 0 indicating the lowest level of performance and 5 
the highest. The essays were coded to ensure that raters were unaware 
of the writers’ identities or the specific task instructions used by the 
writers.
3 
Importantly, each essay was independently rated as a standalone 
text. For tasks 1 and 2, raters were not provided with the original source 
texts, such as the article for summary or the Mandarin passage for 
translation. Raters were instructed to evaluate each essay solely based 
on its quality and coherence.

2.3.1. Calibration and training for human raters
Before the main evaluation process, each human rater participated 

in a calibration session. A pool of 300 pre-labeled essays was available, 
ranging from CEFR A2 to C2 levels. From this pool, one essay was 
selected for every ten essays at each level, resulting in six essays per 
level and a total of 30 sample essays. These labeled samples were 
intended to help raters align their scoring practices with the study’s 
proficiency standards. Each human rater scored these 30 sample essays 
using the provided rubric and submitted total scores. If a rater’s total 
scores deviated by more than one proficiency level from the labeled 
level, that rater would have been removed from the study. Although 
this calibration process might reduce inherent variability among raters, 
it was deemed necessary to ensure a baseline level of rating consistency. 
In this study, all 20 raters met the calibration criteria and proceeded 
with the main evaluation.

2.3.2. Calibration for GPT-4
The GPT-based AES system also underwent a brief calibration ses-

sion to validate the prompt. Specifically, the system rated the same set 
of 30 sample essays used for the human raters, following the same 0–5 
scale across the four criteria. Its assigned levels were then compared to 
the established proficiency labels. If the GPT-4 ratings had deviated by 
more than one proficiency level, the prompt would have been refined 
and the process repeated. However, the system successfully remained 
within the acceptable range on the first attempt.

2.3.3. GPT prompting
We prompted GPT-4 (temperature = 0, top_p = 1.0, max_tokens =

150, n = 1) with a fixed system message and rubric-aligned instructions 
to return analytic scores (0–5) for Content, Organization, Grammar, and
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Vocabulary without giving feedback. A short excerpt is shown below; 
the full prompt of the exact interface is provided in Table  A.2.

Excerpt: ‘‘I would like you to mark essays. . .Use a scale from 0 
to 5. . .Output the scores as follows: Content, Organization, Grammar, 
Vocabulary’’.

2.3.4. Main rating process
After calibration, all 181 essays were evaluated within three days. 

The human raters used the rubric descriptions to assign scores manu-
ally, while the GPT-based AES system was prompted to interpret and 
apply the same rubric. Table  A.2 shows the scoring prompt used for 
GPT-4. For each essay, the rubric was input in text format, and GPT-
4 returned an output with four individual scores. These scores were 
exported to a CSV file and subsequently merged with the human raters’ 
results, producing 21 sets of scores (20 human raters and 1 GPT rater) 
for each essay.

The rubric, detailed in Appendix A1, provided descriptions for each 
rating level within the four criteria. To enable a direct comparison of 
the ratings, the GPT-based AES system applied this same rubric under 
the specified prompt. The implementation utilized the GPT-4 model 
as of July 27, 2024, processing each of the 181 essays individually 
in a for-loop. The system was prompted, additional functions were 
defined to process the scores obtained, and the final outputs were 
then saved in CSV format. This procedure generated a dataset of 21 
rating sets per essay, allowing for a comprehensive analysis of rating 
severity, consistency, and bias across human raters and the GPT-based 
AES system. It also enabled the examination of potential intra-group 
differences among human raters (NES and NNES), illustrating whether 
GPT might provide more stable scores than humans with different 
linguistic backgrounds.

2.4. Data analysis

To analyze the rating behaviors of both human raters and the GPT-
based AES system, we applied MFRM using FACETS version 3.86.0. 
The analysis focused on three key facets: (1) raters (categorized overall 
as human and GPT, with human raters further sub-categorized as NES 
or NNES), (2) tasks and (3) criteria (Content, Organization, Grammar,
Vocabulary).

The MFRM model can be represented mathematically as follows: 

log
( 𝑃𝑛𝑚𝑖𝑗𝑘

𝑃𝑛𝑚𝑖𝑗𝑘−1

)

= 𝐵𝑛 − 𝐴𝑚 −𝐷𝑖 − 𝐶𝑗 − 𝐹𝑘 (1)

where: 𝐵𝑛 = ability of examinee n, 𝐴𝑚 = difficulty of task m, 𝐷𝑖 =
difficulty of criteria i, 𝐶𝑗 = severity of rater J, 𝐹𝑘 = difficulty of category 
k relative to category k − 1, 𝑃𝑛𝑚𝑖𝑗𝑘 = probability of rating of k under 
these circumstances, 𝑃𝑛𝑚𝑖𝑗𝑘−1 = probability of rating of k − 1

Raw scores from the 21 raters were structured and categorized 
by rater group, task, and rating criteria. The MFRM model was then 
specified to estimate the severity of each rater, the difficulty of each 
task and criterion, and to explore potential rater bias across criteria. 
Whether certain raters were consistently more severe or lenient was 
examined through bias analyses.

The MFRM analysis provided valuable insights into patterns of 
severity and leniency among raters, revealing potential biases and 
inconsistencies in the assessment process.

In addition to the main MFRM parameters, the model output in-
cludes two fit indices—Infit and Outfit Mean Square Error (MSE)—that 
serve as indicators of rater fit. These indices quantify the extent to 
which the observed scores deviate from the model’s expectations. 
Specifically, the Infit MSE is calculated as:

Infit MSE =
∑

𝑖 𝑤𝑖(𝑂𝑖 − 𝐸𝑖)2
∑

𝑖 𝑤𝑖
,

and the Outfit MSE is given by:

Outfit MSE =
∑

𝑖(𝑂𝑖 − 𝐸𝑖)2 ,

𝑁

4 
where 𝑂𝑖 represents the observed score, 𝐸𝑖 is the expected score as 
predicted by the MFRM, 𝑤𝑖 is the weight associated with each obser-
vation, and 𝑁 is the total number of observations. These indices are 
automatically computed by FACETS. Values within an acceptable range 
(typically 0.6 to 1.4) suggest that the rater’s assessments are consistent 
with the model expectations; values outside this range may indicate 
problematic rating behaviors.

To assess potential biases in the rating process, an analysis of rater-
criterion interactions was conducted. In this study, ‘‘bias’’ is defined as 
the systematic deviation of a rater’s observed scores from the expected 
scores predicted by the MFRM. FACETS computes bias measurement 
values for each rater by comparing the observed scores with the ex-
pected scores derived from the MFRM model. These bias values are 
provided for each essay and are then summarized by rating criterion 
to yield an overall bias measurement for each rater in a given context. 
According to the methodology proposed by McNamara [29], bias mea-
surements within the range of −0.5 to 0.5 and t -values between −2.0 
and 2.0 are considered acceptable, indicating no significant bias. Bias 
values and their corresponding t -values outside these ranges suggest 
significant rating bias, reflecting either leniency or severity in the 
rater’s evaluations.

3. Results

Using MFRM, this study examined rater severity, rater × criterion 
interactions, and GPT–human alignment across four analytic criteria for 
NES, NNES, and a GPT-based AES system. Fig.  2 provides a variable 
map locating raters and criteria on a common logit scale.1

Among the 21 raters, Rater 10 (NES) and Rater 18 (NNES) appeared 
at the severe end, whereas Rater 19 (NNES) was notably lenient. GPT 
was positioned in the lower–mid range, indicating moderate severity 
relative to the human raters. Appendix materials (Table  A.4) report 
estimated criterion difficulties; because our focus is rater behavior, we 
summarize those facets briefly and concentrate on rater-level findings 
below.

3.1. Rater severity and model fit

On the logit scale, rater severity ranged from −0.70 (Rater 19, 
NNES) to 4.40 (Rater 10, NES). Most raters showed acceptable fit (infit 
and outfit mean squares ≈ 0.60–1.40); several NNES raters underfit 
(e.g., Rater 18: infit = 2.05, outfit = 2.00), whereas GPT exhibited near-
ideal fit (infit = 0.89, outfit = 0.93). Full rater-by-rater estimates and fit 
statistics are provided in Appendix Table  A.3.

Summarizing by group, Table  2 indicated a consistent ordering of 
severity. NES raters were the most severe, NNES next, and GPT the least 
severe. The NES–NNES gap was sizeable (roughly 0.7 logits), and GPT 
was notably less severe than both human groups (approximately −1.2
logits relative to NES and −0.4–−0.5 relative to NNES). As a robustness 
check, we contrasted All Humans (weighted across 20 raters) with GPT; 
results are provided in the Appendix (Tables  A.5–A.6).

3.2. Rater × criterion bias/interaction

Table  3 shows distinct tendencies among NES raters, NNES raters, 
and GPT across criteria. We identified rater-by-criterion bias/interac-
tion using two-tailed 𝑡-tests from the MFRM output, flagging cells when 
both |𝑡| > 2.0 and |bias| > 0.5. Under this rule, 16 rater–criterion effects 
were flagged. Content yielded the most flags, with Organization second;
Grammar and Vocabulary were sparse. At the group level, NES raters 
more often showed stricter tendencies on Content, whereas NNES raters 
more often showed stricter tendencies on Organization. GPT showed a 
stricter tendency on Content only. These patterns are summarized by 
counts in Table  4 and visualized in Fig.  3.

1 FACETS Version 3.86.
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Fig. 2. Variable map of raters and criteria (FACETS v3.86; Linacre, 2004).
Table 2
Group-level rater severity: within-group structure and between-group contrasts.
 Panel A. Within-group summaries
 Group Mean SE(𝑀̄𝑔 ) 95% CI L 95% CI U SD (within) Separation Reliability 
 NESa 2.994 0.019 2.957 3.031 0.558 9.31 0.989  
 NNESb 2.264 0.020 2.225 2.303 1.109 18.48 0.997  
 GPT 1.820 0.070 1.683 1.957 – – –  
 Panel B. Between-group contrasts (𝛥 in logits)
 Contrast 𝛥 SE(𝛥) 𝑡 95% CI L 95% CI U 𝑝  
 NES–NNES 0.730 0.027 26.823 0.676 0.783 < 0.001  
 GPT–NES −1.174 0.073 −16.187 −1.316 −1.032 < 0.001  
 GPT–NNES −0.444 0.073 −6.114 −0.587 −0.302 9.74 × 10−10  
a NES = Rater 1–10.
b NNES = Rater 11–20.
Notes. Panel A means and 𝑆𝐸(𝑀̄𝑔 ) are inverse-variance weighted; 95% CIs are Wald: 𝑀̄𝑔 ±1.96𝑆𝐸(𝑀̄𝑔 ). ‘‘SD (within)’’ is the unweighted SD of rater logits within group. Separation 
≈ SD∕RMSE, Reliability ≈ Sep2∕(1 + Sep2) with RMSE = .06. GPT is a singleton (𝑁=1), so SD/Separation/Reliability are not applicable. Panel B reports pairwise contrasts on the 
common Rasch logit scale.
A BH-controlled analysis (𝑞 < .05) yielded a similar pattern. Sig-
nificant cells concentrated on Organization, with a secondary cluster 
5 
on Content ; GPT showed a stricter tendency on Content. Full 𝑝 and 
BH-adjusted 𝑞 values appear in Appendix Table  A.7.
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Fig. 3. Rater × criterion bias heatmap (pre-BH, two-tailed |𝑡| > 2 and |bias| > 0.5). Color encodes bias magnitude (red = stricter, blue = lenient); significant cells 
are with star sign. After BH correction (𝑞 < .05), the flagged set was unchanged.
Overall, Content produced the most flagged interactions, with Or-
ganization second; effects on Grammar and Vocabulary were sparse. At 
the same time, Organization exhibited a clear group split (NNES more 
often stricter; NES more often lenient).

3.3. GPT–human associations by criterion

We compared GPT-assigned scores with the mean of 20 human 
raters across the four analytic criteria using Pearson correlation and 
ICC(A,1).2 As summarized in Table  5, the associations were moderate 
overall (Pearson 𝑟 = 0.63–0.73; ICC(A,1) = 0.58–0.63), indicating that 

2 ICC(A,1) denotes a two-way mixed-effects model, absolute agreement, 
single measurement.
6 
GPT’s analytic scoring patterns broadly aligned with the aggregated 
human judgments. Among the four criteria, the model showed the 
strongest linear alignment with human raters on Vocabulary (𝑟 = 0.73, 
ICC = 0.60) and Organization (𝑟 = 0.71, ICC = 0.63). Content yielded 
the smallest mean error (MAE = 0.42, RMSE = 0.55) and the highest 
absolute-agreement consistency (ICC = 0.63), suggesting that GPT’s 
content scoring was the most stable relative to human averages. In 
contrast, Grammar exhibited the lowest association (𝑟 = 0.63, ICC =
0.58), implying greater divergence in sensitivity to linguistic accuracy.

Fig.  4 visualizes these associations via scatter plots of GPT versus 
human mean scores for each criterion. The diagonal line (𝑦 = 𝑥) 
represents perfect agreement, while the orange line highlights system-
atic deviations. Across all panels, GPT slightly compress the human 
score range, reflecting a narrower scoring variance. In Organization,
Grammar, and Vocabulary, GPT’s regression line fell below the identity 
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Table 3
Bias magnitudes for rater–criterion interactions.
 Rater Content Organization Grammar Vocabulary 
 1  
 2 −.71  
 3 −.56  
 4 1.12 −.61  
 5 .75  
 6  
 7 −.53  
 8  
 9  
 10 .69 −.74  
 11  
 12 .55  
 13 .57  
 14  
 15 .55  
 16  
 17  
 18 −.61  
 19 −.76 .73  
 20 .67  
 GPT .58  
Note: Blank cells indicate no significant bias under the joint thresholds (|𝑡| > 2.0 and 
|bias| > 0.5).

Table 4
Bias frequency by criterion and rater group.
 Rater Content Organization Grammar Vocabulary 
 Group S/L S/L S/L S/L  
 NES 3/1 0/2 0/1 0/1  
 NNES 0/2 3/0 1/0 1/0  
 GPT 1/0 0/0 0/0 0/0  
Note: S/L indicates the frequency of significant severity (S) and significant leniency (L) 
in bias scores, as identified by the t -test results.

Table 5
Comparison of GPT and human mean scores across four writing criteria.
 Criterion n r MAE RMSE ICC(A,1) 
 Content 181 0.65 0.42 0.55 0.63  
 Organization 181 0.71 0.58 0.68 0.63  
 Grammar 181 0.63 0.51 0.61 0.58  
 Vocabulary 181 0.73 0.56 0.64 0.60  

Table 6
ICC(A,1) by criterion: human-only and GPT–human comparisons.
 Criterion Human-only GPT vs All GPT vs NES GPT vs NNES
 Content 0.380 0.382 0.409 0.472  
 Organization 0.556 0.549 0.676 0.456  
 Grammar 0.393 0.393 0.425 0.402  
 Vocabulary 0.489 0.485 0.537 0.472  
Human-only uses Rater 1–20; GPT vs All uses Rater 1–20 plus GPT; GPT vs NES uses 
Rater 1–10 plus GPT; GPT vs NNES uses Rater 11–20 plus GPT.

line, indicating a general tendency toward stricter scoring relative to 
human raters, especially in the higher score range, where the deviation 
was largest. This downward bias, together with the visibly narrower 
score spread, suggests more consistent yet range-compressed ratings, 
implying reduced discriminative sensitivity for very high or very low 
quality essays.

Rater-wise GPT–human correlations (Appendix Table  A.8) broadly 
mirrored this ordering: most raters aligned better with GPT on Orga-
nization/Vocabulary than on Grammar, with a small number of low-
alignment cases (e.g., Rater 19). Comparative ICCs (Table  6) indicated 
that adding GPT as the 21st rater left human-only reliability essen-
tially unchanged (human-only: 0.38–0.56; humans+GPT: 0.38–0.55), 
suggesting broad alignment with the collective human standard and 
7 
(a) Content

(b) Organization

(c) Grammar

(d) Vocabulary

Fig. 4. GPT vs. human mean scores by criterion.

somewhat stronger agreement with NES than with NNES (notably on
Organization).

4. Discussion

This study compared a GPT-based AES system with NES and NNES 
raters on four analytic criteria, Content, Organization, Grammar, and
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Vocabulary, to address: (1) relative severity among GPT, NES, and 
NNES; (2) alignment of criterion level between GPT and human ratings; 
and (3) whether GPT exhibits rater–criterion biases comparable to or 
distinct from those of human raters.

Overall, the GPT-based AES demonstrated consistent performance 
across criteria, consistent with reports that LLMs can approach near-
human-level reliability under analytic, rubric-based conditions [26,27] 
and thereby offer objective support for L2 writing assessment [16,31]. 
However, alignment was construct-dependent rather than uniform.

The model showed the strongest linear alignment with human 
raters on Vocabulary and Organization, indicating that GPT captured 
relative quality rankings in lexical and structural dimensions with 
human-like consistency. Meanwhile, GPT’s Content scores yielded the 
smallest mean error and the highest absolute-agreement reliability, 
suggesting highly stable content evaluations that closely approximate 
human scoring magnitudes. By contrast, Grammar yielded the weakest 
correspondence, echoing observations that LLMs may diverge from 
human raters in grammatical sensitivity and error weighting [11,15,
18]. This criterion-dependent variability is consistent with findings that 
LLMs emulate human-like scoring tendencies yet remain sensitive to the 
construct being judged and to interface or task design factors [24,25].

Across four criteria, GPT’s mean scores were generally lower than 
human averages, with the largest discrepancies in Organization, Gram-
mar, and Vocabulary, particularly at the upper end of the score range. 
This downward bias implies that GPT applied slightly stricter scor-
ing standards than human raters in these criteria. In addition, GPT 
exhibited a narrower score variance than human raters, indicating 
higher internal consistency but reduced discriminative range. Practi-
cally, while GPT provides stable and reliable evaluations, it may be less 
sensitive in differentiating essays of exceptionally high or low quality, 
especially in structural and linguistic dimensions.

GPT’s stricter stance on Content also parallels reports that, while 
LLMs may appear lenient on high-quality texts, they can be less forgiv-
ing of departures from expected norms, particularly in highly creative 
or culturally situated writing [16,17,32]. In other words, GPT may 
mitigate some facets of human subjectivity yet lack deeper critical or 
cultural sensitivity in certain contexts. Thus, while GPT’s consistency 
can counterbalance the variability of human raters, further calibration 
is needed to expand its effective scoring range and to improve detection 
of fine-grained issues.

Human raters, by contrast, displayed greater variability in severity 
and criterion-specific tendencies. NES raters were generally stricter 
overall, whereas NNES raters showed relative leniency on Content
but stricter judgments on Organization and Grammar. These findings 
align with established evidence of rater variability in EFL writing 
assessment [3,5,8–10]. Notably, while our data indicate higher overall 
severity among NES raters, Kim and Gennaro [7] reported stricter NNES 
ratings. Differences in task types and rating contexts (compare and 
contrast essays in 2012 and the multi-task design here), as well as inter-
actions with rater background, likely mediate these effects [12,33,34]. 
The observed dispersion also accords with MFRM applications showing 
that some LLMs can exhibit lower rater effects than individual human 
raters, though such advantages are model- and context-dependent [26].

Notably, GPT’s stronger alignment on Organization and Vocabulary
but weaker alignment on Grammar maps to findings that LLMs may 
provide uneven diagnostic granularity across rubric dimensions. Prior 
work shows that GPT-4 can accurately identify issues, yet feedback 
specificity tends to be richer for grammatical/lexical phenomena and 
more generic for task fulfillment and coherence, with occasional mis-
classification in language-form judgments [18]. These asymmetries 
caution against inferring analytic-level quality from a single global 
agreement figure and highlight the need to calibrate dimension weights 
and decision thresholds when deploying LLM-assisted rating.

While GPT showed a content-strict but otherwise unbiased pattern, 
this selective tendency echoes broader evidence that LLM-based raters, 
though generally consistent overall, may vary subtly across language 
8 
or learner groups. For instance, GPT’s scoring has been shown to be 
reliable in multilingual settings such as Turkish L2 writing [22], yet 
other studies report lower agreement for certain L1s groups [20] and 
cross-L1 disparities even after fine-tuning [21]. High global correlations 
therefore do not guarantee fairness for all subgroups, highlighting the 
need for systematic bias auditing by dimension and learner background.

The weakest GPT–human alignment on Grammar is notable given 
the presumed objectivity of grammatical accuracy. One explanation is 
that GPT and human raters may operationalize ‘‘grammar’’ differently. 
Human raters sometimes discount minor errors when overall fluency or 
content quality is strong, whereas GPT may prioritize surface correct-
ness and underweight syntactic variety. Prior studies document variable 
or misclassified judgments on grammatical dimensions [18,24], over- 
or under-sensitivity to formal features under rubric-based scoring [27], 
and reliance on distributional regularities rather than rule-governed 
grammaticality, especially for non-native writing [16,17]. In addi-
tion, prompt instructions may not have sufficiently constrained GPT’s 
grammatical criteria, producing inconsistent weighting of errors ver-
sus complexity. Even seemingly objective criteria can involve latent 
subjectivity, reinforcing the need for targeted calibration in LLM-based 
analytic scoring.

Building upon these findings, this study offers several significant 
strengths and contributions to the literature on LLM-assisted analytic 
scoring. First, this study provides a criterion-level, facet-sensitive com-
parison across four analytic criteria. By disentangling alignment pat-
terns across Content, Organization, Grammar, and Vocabulary, the 
findings demonstrate that GPT does not uniformly approximate human 
raters. Instead, its alignment is construct-dependent. It is strongest 
in Vocabulary and Organization, most stable in absolute agreement 
for Content, and weakest in Grammar. This criterion-specific mapping 
advances the field beyond global reliability claims and offers a more 
nuanced validity argument for LLM-based AES.  Second, the study iden-
tifies GPT’s systematic severity pattern and reduced score dispersion 
relative to human raters. While previous studies often emphasize near-
human reliability, fewer have examined variance compression and its 
operational implications. The narrower variance observed here suggests 
that GPT functions as a consistency stabilizer, potentially reducing 
rater bias, yet may under-differentiate performances at the score ex-
tremes. This trade-off between internal consistency and discriminative 
range has direct implications for high-stakes and fine-grained assess-
ment contexts.  Third, by simultaneously analyzing NES and NNES 
rater behavior alongside GPT, this study situates LLM-based scoring 
within a human rater variability framework. The findings reveal that 
GPT exhibits a content-strict but otherwise balanced pattern compared 
with background-related severity shifts observed among human raters. 
This comparative positioning clarifies that GPT does not simply repli-
cate human bias but displays its own construct-sensitive tendencies. 
Such evidence advances current debates on fairness and human–AI 
integration by demonstrating that LLM-based scoring systems exhibit 
construct-sensitive patterns distinct from, rather than merely replicat-
ing, human rater biases.  Taken together, these contributions advance 
the evaluation of GPT-based AES within a construct validity frame-
work, demonstrating that LLM-based scoring systems must be examined 
criteria by criteria rather than through aggregate reliability indices 
alone. 

While the findings provide important insights into GPT-based an-
alytic scoring, several limitations should be acknowledged. First, the 
study is based on a specific task design and rubric structure. Although 
the four analytic criteria represent common constructs in L2 writing 
assessment, the results may not generalize to other genres, proficiency 
levels, or holistic scoring frameworks. Different prompt designs, task 
types, or rubric weightings could meaningfully alter alignment patterns. 
Second, the GPT scoring procedure relied on a fixed prompt configu-
ration. As prior research suggests, prompt can substantially influence 
LLM outputs. The present findings therefore reflect the performance 
of GPT under a particular prompting strategy rather than an intrinsic 
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property of the model. Alternative prompting, iterative refinement, 
or fine-tuning procedures may yield different severity and variance 
patterns. Third, the study focused on agreement and severity indices 
but did not directly examine fairness across learner subgroups such 
as by L1 background, proficiency band, or demographic characteris-
tics. Although overall alignment was strong, subgroup-level bias or 
differential functioning cannot be ruled out. Future studies should 
incorporate systematic bias auditing and differential item functioning 
analyses to further validate fairness claims. Fourth, while the compari-
son included NES and NNES raters, the rater sample size and contextual 
background were bounded by the specific assessment setting. Broader 
rater pools or cross-background comparisons would provide stronger 
generalizability regarding human–AI severity contrasts. Finally, the 
study evaluated score-level alignment rather than the interpretability 
of GPT’s reasoning processes. Because LLM scoring decisions are gener-
ated through probabilistic inference rather than transparent rule-based 
evaluation, questions remain regarding construct representation and 
cognitive validity. Further research should examine explanation con-
sistency, decision traceability, and the pedagogical interpretability of 
LLM-based feedback. These limitations underscore that GPT-based AES 
should not be evaluated solely through aggregate reliability indices but 
within a broader construct validity framework encompassing fairness, 
interpretability, and contextual sensitivity. Within such a framework, 
GPT-based AES functions most effectively as a calibrated and monitored 
component of hybrid human–AI assessment systems rather than as a 
standalone replacement for human judgment. 

5. Conclusion

The study contribute to the growing literature on AI-assisted writing 
assessment by demonstrating that GPT-based scoring must be examined 
at the criterion level rather than inferred from overall agreement 
statistics. By situating GPT alongside NES and NNES raters within a 
shared severity framework, this study clarifies that LLM-based raters 
exhibit construct-sensitive patterns distinct from human variability. 
This perspective reframes GPT-based AES not as a wholesale substitute 
for human judgment, but as a calibrated scoring agent whose strengths 
and limitations vary across analytic criteria. Pedagogically and op-
erationally, GPT-based AES can function as a consistency stabilizer, 
helping to dampen rater variability in large-scale or classroom-based 
assessments. However, its content-strict profile, reduced score disper-
sion, and weaker grammatical alignment require ongoing calibration, 
fairness auditing, and interpretive transparency to maintain construct 
validity. Several limitations suggest directions for future research. This 
study used a single model version in a zero-shot, rubric-prompted 
configuration; future work should explore alternative prompting strate-
gies, fine-tuning, and cross-model comparisons to evaluate robustness. 
Cross-task and cross-population generalizability must also be exam-
ined to assess fairness across genres, proficiency levels, and learner 
backgrounds. In sum, GPT-based AES provides stable and analytically 
structured scoring that can mitigate certain forms of human rater 
variability. Yet, its criterion-specific deviations and potential subgroup 
sensitivities reinforce that LLM-based scoring systems require prin-
cipled validation, monitoring, and human oversight. Within such a 
construct validity framework, GPT can serve as a credible and auditable 
partner in L2 writing assessment. 
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Appendix

A.1. Rating rubric

The rating rubric for the writing test is shown below (see Table  A.1).

A.2. Full GPT-based AES prompt

See Table  A.2.

A.3. Descriptive statistics for rater severity

See Table  A.3.

A.4. Descriptive statistics for criteria difficulty

Table  A.4 provides insights into the difficulty associated with the 
four criteria logit measures. Grammar was the most challenging crite-
rion, followed by Organization, Vocabulary, and Content.

A.5. Group-level rater severity between all humans and GPT

See Tables  A.5 and A.6.

A.6. Rater × criterion bias/interaction with BH correction

See Table  A.7.

A.7. Pearson correlations between GPT and individual human raters

See Table  A.8.
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Table A.1
Rating rubric.
 Criteria Level Description  
 Content 5 Excellent The essay fulfills the writing task and addresses the topic richly and fully.  
 4 Strong The essay fulfills the writing task and addresses the topic appropriately.  
 3 Good The essay generally fulfills the writing task and addresses the topic adequately.  
 2 Acceptable but Limited The essay only partially fulfills the writing task and addresses part of the topic.  
 1 Weak The essay shows a vague or incomplete understanding of the writing task and topic.  
 0 Seriously Flawed The essay suggests a lack of understanding of the writing task and topic.  
 Organization 5 Excellent Coherence between paragraphs, sentences, and ideas is successfully achieved through 

a variety of methods.
 

 4 Strong Coherence is adequate and achieved through the use of transitional words and 
phrases.

 

 3 Good The essay is generally well organized; there may be a limited lack of coherence and 
difficulty with para- graphing.

 

 2 Acceptable but Limited Paragraphs often lack coherence; sentences are not well connected; paragraphs are 
not appropriately connected to each other.

 

 1 Weak There is little coherence within and across paragraphs; sentences are strung together 
somewhat haphazardly; there is little or no clear attempt to connect paragraphs.

 

 0 Seriously Flawed There is no attempt to divide the essay into conceptual paragraphs, or the 
paragraphs are unrelated.

 

 Grammar 5 Excellent Except for rare minor errors, the writer’s use of grammar is precise and does not 
obscure meaning.

 

 4 Strong Effective and appropriate use of grammar in general; minor errors in articles, 
agreements, verb forms, and no incomplete sentences; meaning is never obscured.

 

 3 Good Competent control of grammar in general; there may be errors in article use and 
verb agreement and several errors in verb form; Errors affect clarity occasionally, 
but generally do not obscure meaning.

 

 2 Acceptable but Limited Limited competence in use of gram- mar; occasional major errors or frequent minor 
errors in grammar occasionally hinder comprehension.

 

 1 Weak Frequent errors in verb formation, articles, and incomplete sentences; sentence 
structures make comprehension difficult.

 

 0 Seriously Flawed Numerous problems in all areas of grammar; sentence construction is so poor that 
sentences are often incomprehensible.

 

 Vocabulary 5 Excellent There is a wide range of appropriately used vocabulary; there are few problems with 
word choice.

 

 4 Strong Vocabulary is broad and is generally used appropriately.  
 3 Good Vocabulary is generally adequate but may sometimes be inappropriately used.  
 2 Acceptable but Limited Vocabulary shows some flexibility but may be inaccurate or repetitive in places.  
 1 Weak Vocabulary is quite basic and word choice is inaccurate. The writer may rely on 

repeating words and expressions from the prompt.
 

 0 Seriously Flawed The essay suggests a lack of understanding of the writing task and topic.  
Table A.2
Scoring prompt.
 I would like you to mark essays written by EFL learners based on the  
 following rubric. Evaluate and provide scores in the categories of  
 Content, Organization, Grammar, and Vocabulary. Use a scale from 0 to 5, 
 where 0 indicates poor performance and 5 indicates excellent performance. 
 [Rubric in text format inserted here]  
 Essay:  
 [Each of the 181 essays inserted here through a for loop]  
 Output the scores as follows:  
 Content:?  
 Organization:?  
 Grammar:?  
 Vocabulary:?  
Model: GPT-4 (run date: July 27, 2024); temperature = 0; top_p = 1.0; max_tokens 
= 150; n = 1.
10 



H.-N. Wu et al. Computers and Education Open 10 (2026) 100341 
Table A.3
Rater severity: descriptive statistics.

Obsvd Fair(M) + Model Infit Outfit
Rater Average Average Measure S.E. MnSq ZStd MnSq ZStd

19 NNES 2.16 2.14 −.70 .07 1.94 9.0 2.01 9.0
20 NNES 2.79 2.78 1.45 .07 1.41 6.6 1.45 7.0
21 GPT 2.90 2.91 1.82 .07 .89 −2.2 .93 −1.2
13 NNES 2.97 2.98 2.02 .06 .70 −6.4 .69 −6.5
4 NES 3.08 3.10 2.36 .06 .94 −1.1 .93 −1.4
12 NNES 3.08 3.10 2.36 .06 .78 −4.7 .79 −4.4
11 NNES 3.09 3.11 2.39 .06 .83 −3.4 .82 −3.6
17 NNES 3.10 3.11 2.41 .06 .70 −6.4 .70 −6.4
5 NES 3.12 3.14 2.47 .06 .82 −3.6 .81 −3.9
16 NNES 3.13 3.14 2.49 .06 .71 −6.2 .69 −6.7
15 NNES 3.13 3.14 2.49 .06 .85 −3.1 .83 −3.6
1 NES 3.13 3.15 2.51 .06 .80 −4.1 .85 −3.1
7 NES 3.24 3.26 2.83 .06 .92 −1.5 .95 −1.0
3 NES 3.24 3.26 2.83 .06 .86 −2.9 .88 −2.4
8 NES 3.29 3.31 2.97 .06 .88 −2.3 .90 −1.9
14 NNES 3.29 3.32 2.97 .06 .83 −3.4 .82 −3.8
6 NES 3.33 3.36 3.09 .06 .80 −4.1 .82 −3.9
2 NES 3.33 3.36 3.09 .06 .97 −.6 .98 −.3
9 NES 3.44 3.47 3.39 .06 .96 −.6 .97 −.6
18 NNES 3.56 3.61 3.76 .06 2.05 9.0 2.00 9.0
10 NES 3.78 3.85 4.40 .06 1.09 1.7 1.07 1.3
M (Count: 21) 3.15 3.17 2.54 .06 .99 −1.5 .99 −1.4

S.D. (Population) .31 .33 .96 .00 .36 4.4 .36 4.5
S.D. (Sample) .32 .33 .98 .00 .37 4.6 .37 4.6

RMSE .06 Adj S.D. .96 Separation 14.92 Reliability 1.00.
Fixed (all same) chi-squared: 4294.8 d.f.: 20 significance: .00.
Table A.4
Descriptive statistics for criteria difficulty.

Obsvd Fair(M) - Model Infit Outfit
Criterion Average Average Measure S.E. MnSq ZStd MnSq ZStd

1 Content 3.48 3.52 −.97 .03 1.04 1.7 1.05 2.1
4 Vocabulary 3.10 3.11 .13 .03 .86 −6.8 .88 −5.6
2 Organization 3.10 3.11 .16 .03 1.03 1.2 1.04 1.5
3 Grammar 2.92 2.92 .68 .03 1.00 .0 1.02 .6
M (Count: 21) 3.15 3.17 .00 .03 .98 −1.0 .99 −.3

S.D. (Population) .21 .22 .60 .00 .07 3.4 .07 3.1
S.D. (Sample) .24 .25 .70 .00 .08 4.0 .08 3.6

RMSE .03 Adj S.D. .60 Separation 21.55 Reliability 1.00.
Fixed (all same) chi-squared: 1869.3 d.f.: 3 significance: .00.
Table A.5
All Humans (pooled) vs. GPT: group-level rater severity means with standard 
errors.
 Group Mean (logits) SE 95% CI L 95% CI U
 All Humans (N = 20) 2.64 0.01 2.62 2.66  
 GPT 1.82 0.07 1.68 1.96  
Note. The All Humans mean is the inverse-variance-weighted average across 20 human 
raters (𝑤𝑖 = 1∕SE2

𝑖 ), with 𝑆𝐸(𝑀̄) =
√

1∕
∑

𝑖 𝑤𝑖. GPT values are from the rater measurement 
report. CIs are Wald intervals: 𝑀̄ ± 1.96 × 𝑆𝐸(𝑀̄). Values rounded to two decimals.
Table A.6
Pooled contrast on rater severity (logits): All Humans vs. GPT.
 Contrast 𝛥 SE(𝛥) 𝑡 95% CI L 95% CI U 𝑝

 All Humans–GPT −0.82 0.07 −11.49 −0.96 −0.68 < 0.001 
Note. 𝛥 is the difference in mean severity logits (All Humans minus GPT). 𝑆𝐸(𝛥) was computed as 

√

𝑆𝐸2
All Humans + 𝑆𝐸2

GPT. CIs are Wald intervals. 
Values rounded to two decimals.
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Table A.7
Rater × criterion bias: full list with raw 𝑝 and BH-adjusted 𝑞 (two-tailed).
 Rater Group Criterion Bias 𝑡 𝑝raw BH-𝑞  
 GPT GPT Content +0.58 +4.64 3.48 × 10−6 2.93 × 10−5 
 GPT GPT Grammar +0.17 +1.25 0.211 0.347  
 GPT GPT Organization −0.36 −2.69 0.0071 0.0241  
 GPT GPT Vocabulary −0.45 −3.38 0.00073 0.00318  
 Rater 1 NES Content −0.02 −0.16 0.873 0.923  
 Rater 1 NES Grammar +0.01 +0.10 0.922 0.948  
 Rater 1 NES Organization −0.38 −2.93 0.0034 0.0124  
 Rater 1 NES Vocabulary +0.38 +3.00 0.0027 0.0105  
 Rater 2 NES Content +0.37 +2.92 0.0035 0.0128  
 Rater 2 NES Grammar +0.14 +1.12 0.263 0.407  
 Rater 2 NES Organization −0.71 −5.54 3.02 × 10−8 6.35 × 10−7 
 Rater 2 NES Vocabulary +0.19 +1.55 0.121 0.222  
 Rater 3 NES Content −0.56 −4.47 7.82 × 10−6 5.03 × 10−5 
 Rater 3 NES Grammar +0.50 +3.94 8.18 × 10−5 5.02 × 10−4 
 Rater 3 NES Organization −0.40 −3.14 0.00168 0.00722  
 Rater 3 NES Vocabulary +0.47 +3.74 0.000182 0.00100  
 Rater 4 NES Content +1.12 +8.76 < 10−15 < 10−15  
 Rater 4 NES Grammar −0.61 −4.53 5.90 × 10−6 4.50 × 10−5 
 Rater 4 NES Organization −0.16 −1.25 0.211 0.347  
 Rater 4 NES Vocabulary −0.44 −3.35 0.000802 0.00349  
 Rater 5 NES Content +0.75 +5.91 3.42 × 10−9 1.15 × 10−7 
 Rater 5 NES Grammar −0.36 −2.73 0.00635 0.0236  
 Rater 5 NES Organization −0.17 −1.34 0.180 0.314  
 Rater 5 NES Vocabulary −0.26 −2.03 0.0423 0.116  
 Rater 6 NES Content +0.38 +2.96 0.00309 0.0116  
 Rater 6 NES Grammar −0.02 −0.12 0.906 0.941  
 Rater 6 NES Organization −0.46 −3.64 0.000269 0.00116  
 Rater 6 NES Vocabulary +0.10 +0.82 0.411 0.534  
 Rater 7 NES Content +0.31 +2.48 0.0131 0.0442  
 Rater 7 NES Grammar +0.10 +0.76 0.446 0.567  
 Rater 7 NES Organization −0.53 −4.11 3.96 × 10−5 2.08 × 10−4 
 Rater 7 NES Vocabulary +0.11 +0.88 0.378 0.501  
 Rater 8 NES Content +0.17 +1.37 0.170 0.298  
 Rater 8 NES Grammar +0.07 +0.56 0.576 0.668  
 Rater 8 NES Organization −0.47 −3.70 0.000213 0.000913  
 Rater 8 NES Vocabulary +0.22 +1.78 0.0752 0.160  
 Rater 9 NES Content −0.29 −2.31 0.0210 0.0633  
 Rater 9 NES Grammar −0.01 −0.07 0.946 0.963  
 Rater 9 NES Organization +0.30 +2.39 0.0168 0.0528  
 Rater 9 NES Vocabulary −0.01 −0.05 0.960 0.974  
 Rater 10 NES Content +0.69 +4.84 1.30 × 10−6 1.21 × 10−5 
 Rater 10 NES Grammar +0.08 +0.64 0.522 0.631  
 Rater 10 NES Organization +0.08 +0.64 0.522 0.631  
 Rater 10 NES Vocabulary −0.74 −5.88 4.10 × 10−9 1.15 × 10−7 
 Rater 11 NNES Content −0.19 −1.54 0.122 0.223  
 Rater 11 NNES Grammar −0.22 −1.69 0.0908 0.181  
 Rater 11 NNES Organization +0.46 +3.68 0.000237 0.00105  
 Rater 11 NNES Vocabulary −0.06 −0.47 0.640 0.714  
 Rater 12 NNES Content −0.22 −1.72 0.0853 0.175  
 Rater 12 NNES Grammar −0.31 −2.29 0.0222 0.0666  
 Rater 12 NNES Organization +0.55 +4.38 1.19 × 10−5 1.01 × 10−4 
 Rater 12 NNES Vocabulary −0.05 −0.40 0.690 0.754  
 Rater 13 NNES Content −0.42 −3.29 0.000999 0.00421  
 Rater 13 NNES Grammar +0.57 +4.38 1.19 × 10−5 1.01 × 10−4 
 Rater 13 NNES Organization +0.11 +0.84 0.400 0.518  
 Rater 13 NNES Vocabulary −0.22 −1.68 0.0925 0.182  
 Rater 14 NNES Content −0.15 −1.18 0.238 0.377  
 Rater 14 NNES Grammar −0.08 −0.62 0.536 0.639  
 Rater 14 NNES Organization +0.21 +1.67 0.0944 0.185  
 Rater 14 NNES Vocabulary +0.01 +0.11 0.913 0.945  
 Rater 15 NNES Content −0.35 −2.76 0.0058 0.0214  
 Rater 15 NNES Grammar −0.24 −1.83 0.0668 0.146  
 Rater 15 NNES Organization +0.55 +4.36 1.30 × 10−5 1.05 × 10−4 
 Rater 15 NNES Vocabulary +0.03 +0.23 0.820 0.896  
 Rater 16 NNES Content −0.20 −1.60 0.109 0.208  
 Rater 16 NNES Grammar −0.13 −1.02 0.307 0.462  
 Rater 16 NNES Organization +0.46 +3.63 0.000276 0.00118  
 Rater 16 NNES Vocabulary −0.13 −1.01 0.312 0.467  
 Rater 17 NNES Content −0.15 −1.20 0.229 0.366  
 Rater 17 NNES Grammar −0.32 −2.36 0.0183 0.0568  
 Rater 17 NNES Organization +0.38 +3.00 0.0027 0.0105  
 Rater 17 NNES Vocabulary +0.07 +0.52 0.600 0.683  
 Rater 18 NNES Content −0.61 −4.85 1.23 × 10−6 1.15 × 10−5 
 Rater 18 NNES Grammar +0.49 +3.89 0.00010 0.000603  
 (continued on next page)
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Table A.7 (continued).
 Rater Group Criterion Bias 𝑡 𝑝raw BH-𝑞  
 Rater 18 NNES Organization +0.01 +0.06 0.955 0.970  
 Rater 18 NNES Vocabulary +0.10 +0.76 0.446 0.567  
 Rater 19 NNES Content −0.76 −5.46 4.76 × 10−8 8.00 × 10−7 
 Rater 19 NNES Grammar +0.19 +1.37 0.170 0.298  
 Rater 19 NNES Organization −0.16 −1.13 0.258 0.404  
 Rater 19 NNES Vocabulary +0.73 +5.27 1.36 × 10−7 1.91 × 10−6 
 Rater 20 NNES Content −0.49 −3.81 0.000139 0.000820  
 Rater 20 NNES Grammar −0.13 −0.93 0.352 0.510  
 Rater 20 NNES Organization +0.67 +5.17 2.34 × 10−7 2.81 × 10−6 
 Rater 20 NNES Vocabulary −0.03 −0.23 0.819 0.895  
Notes. Two-tailed 𝑝raw = 2{1−𝛷(|𝑡|)} under large-sample normal approximation. BH uses Benjamini–Hochberg across all 84 cells (family defined 
as all rater–criterion tests). Highlighted cells in the main text heatmap use the dual rule (pre-BH); after BH (𝑞 < .05) the flagged set was 
unchanged.
Table A.8
Pearson correlations between GPT and individual human raters.
 Rater Content Organization Grammar Vocabulary 
 1 0.51 0.65 0.37 0.53  
 2 0.17 0.64 0.26 0.50  
 3 0.54 0.64 0.28 0.44  
 4 0.12 0.62 0.58 0.70  
 5 0.41 0.65 0.61 0.70  
 6 0.40 0.64 0.31 0.53  
 7 0.31 0.63 0.28 0.38  
 8 0.23 0.62 0.28 0.49  
 9 0.61 0.63 0.62 0.61  
 10 0.65 0.58 0.60 0.62  
 11 0.52 0.55 0.46 0.63  
 12 0.62 0.56 0.45 0.62  
 13 0.51 0.49 0.43 0.50  
 14 0.58 0.62 0.50 0.62  
 15 0.48 0.56 0.44 0.63  
 16 0.57 0.53 0.45 0.59  
 17 0.56 0.58 0.49 0.62  
 18 0.62 0.65 0.71 0.74  
 19 0.22 0.04 0.05 0.00  
 20 0.36 0.36 0.33 0.35  
 GPT_avg 0.449 0.562 0.424 0.540  
Note. The final row (GPT_avg) reports the mean correlation between GPT and each of 
the 20 human raters.

Data availability statement

The dataset, including the GPT-model coding, the scores from 20 
human raters and the GPT model, as well as the essay responses 
rated by these participants, is available on Google Drive. The data 
can be accessed at https://drive.google.com/drive/folders/1fRVUr8S-
veXXeUkoQDWnpUjOnI163hyM?usp=share_link Access will be granted 
upon reasonable request to the author.
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