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Abstract

With the advancement of big data and artificial intelligence, natural language processing (NLP) has 
been increasingly integrated into educational assessment, facilitating a shift from human to automated 
scoring in English writing assessment. This study investigates how prompt design, guided by the 
TELeR taxonomy (Santu & Feng, 2023), and sample training affects ChatGPT-4’s scoring reliability. 
A sample of 120 IELTS-style essays was scored across four analytic dimensions—Task Response 
(TR), Coherence and Cohesion (CC), Lexical Resource (LR), and Grammatical Range and Accuracy 
(GRA)—as well as holistically. Internal (intra-rater) reliability was measured via ICC(3,1) across three 
scoring rounds, while external (inter-rater) reliability was assessed by integrating ChatGPT-4 as an 
additional rater into a panel of nine human scorers using ICC(2,1). The results revealed that ChatGPT-
4’s internal consistency was moderate and was markedly improved by detailed prompts on content- 
related dimensions (TR/CC), but showed minimal gains on linguistic dimensions (LR/GRA). Training 
with human-scored exemplars under the better prompt reduced discrepancies with human ratings for 
external reliability, yet slightly decreased internal consistency for most dimensions. These findings 
position TELeR as a framework linking prompt engineering to psychometric theory and underscore 
the value of dimension‑specific prompt design for reliable AI‑based writing assessment. 
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Introduction

With the rapid development of big data and artificial intelligence, AI technologies are being applied 
across an expanding range of domains. Natural Language Processing (NLP), as a core area within AI, 
has seen growing adoption in various language-related applications, particularly in language teaching 
and assessment, where it demonstrates significant potential. Essay writing, a crucial component of 
language proficiency assessment, has traditionally relied on human scoring. However, this approach 
is susceptible to subjective influences, such as the rater’s mood and mental state, which can introduce 
bias into the scoring outcomes. Moreover, manual scoring is time-consuming and labour-intensive, 
resulting in low efficiency and high operational costs.

In order to improve the reliability of writing assessment, researchers have actively explored and 
adopted various methods to develop computer-assisted and intelligent essay scoring systems. Early 
examples of such systems include Criterion, PEG (Project Essay Grade), and the e-rater, among others. 
The development of automatic scoring systems, capable of replacing manual scoring, has gradually 
become a major research focus. These systems can efficiently handle large-scale scoring tasks, mini-
mize human errors, and provide standardized and objective assessments. As a result, they reduce sub-
jectivity and improve the consistency and reliability of scores. However, some scholars have pointed 
out significant limitations in these systems when assessing essays that feature creative ideas, profound 
insights, or complex argumentation (Ramesh & Sanampudi, 2022).

As one of the most advanced AI models developed by OpenAI, ChatGPT has garnered global atten-
tion due to its powerful language generation capabilities, strong learning ability, efficient language 
processing, and real-time feedback. It has been increasingly applied in language learning and assess-
ment, including the automated scoring of English writing. However, research on the scoring reliability 
of ChatGPT remains limited, leaving questions about its dependability in writing assessment largely 
unanswered and in need of empirical investigation. Against this backdrop, this study aims to exam-
ine ChatGPT’s internal reliability by analyzing consistency across multiple rounds of scoring, and to 
explore its external reliability by comparing the outcomes of ChatGPT scoring with those of human 
raters. The findings are expected to provide insights and recommendations for the potential integration 
of ChatGPT into large-scale English proficiency testing and everyday writing instruction.

Literature Review

Definition and Development of Scoring Reliability 

Writing assessment is a systematic process that evaluates proficiency in various dimensions, includ-
ing vocabulary, grammar, coherence, and rhetorical appropriateness (Bachman & Palmer, 2010). The 
effectiveness of this assessment in ESL/EFL contexts depends on core qualities such as reliability, 
validity, and fairness (Huang, 2008). Score reliability is critical, as it reflects the accuracy of evaluat-
ing ESL/EFL learners’ writing (Huang & Foote, 2010). Without reliability, achieving validity becomes 
impossible (Mislevy, 2004). Furthermore, if validity is lacking, the fairness of the assessment is com-
promised (Kunnan, 2000). Therefore, ensuring a high level of score reliability is essential when assess-
ing EFL learners’ writing, as it directly influences the perceived credibility and effectiveness of the 
evaluation process.

In the context of writing assessment, reliability has traditionally been examined from two complemen-
tary perspectives: internal (intra-rater) reliability and external (inter-rater) reliability. Internal reliabil-
ity concerns the extent to which the same rater assigns consistent scores to the same writing sample 
across multiple evaluation occasions. External reliability, by contrast, concerns the degree of agreement 



3� Language Education & Assessment, 9

between different raters (Bachman & Palmer, 2010). The most widely used statistic for quantifying both 
dimensions of reliability is the intraclass correlation coefficient (ICC) (Koo & Li, 2016; Shrout & Fleiss, 
1979). It is based on a variance component model that distinguishes between random errors and sys-
tematic errors, making it suitable for evaluating the internal consistency of multiple ratings by the same 
rater as well as the agreement among different raters (McGraw & Wong, 1996; Koo & Li, 2016). How-
ever, a critical methodological distinction, often overlooked in the literature, is between single‑measure 
ICC and average‑measure ICC. Single‑measure ICC reflects the reliability of a single rater’s score (e.g., 
one human rater), whereas average‑measure ICC estimates the reliability of the average score from 
multiple raters (Koo & Li, 2016). Most studies, however, report ICC values without specifying which 
type was used, making cross‑study comparisons difficult.

The process of writing assessment traditionally relies on human scoring, wherein trained raters apply 
professional judgment against predefined rubrics (McNamara, 2000). Human scoring offers unique 
strengths, including sensitivity to nuanced language use, cultural context, and rhetorical devices, as 
well as the ability to provide personalized feedback (Uludag, 2021). However, it is inherently con-
strained by factors such as susceptibility to personal bias, substantial time demands, and high oper-
ational costs (Wen & Liang, 2024). The scoring method adopted plays a critical role in reliability. 
Holistic scoring, which assigns a single overall impression score, is efficient for large-scale testing 
but offers limited diagnostic insight (Huang, 2008; Weigle, 2002). Analytic scoring, which breaks 
down performance into specific criteria, provides detailed feedback but increases rater cognitive load 
and may be less practical for mass administration (Weigle, 2002; Choi & Cho, 2018). This trade-off 
between reliability, practicality, and diagnostic value has been a persistent challenge in human scoring. 

In response to these challenges, researchers have increasingly investigated the role of Automated 
Essay Scoring (AES) systems in writing assessment and education. Early AES systems, such as  
Project Essay Grade (PEG), relied on regression models that focused on surface features like essay 
length and word count (Page, 1968). Subsequent systems, including e-rater and IntelliMetric, advanced 
the assessment process by incorporating natural language processing (NLP) techniques to evaluate 
grammar, syntax, and overall organization (Attali & Burstein, 2006). The introduction of machine 
learning, deep learning (such as CNNs and LSTMs), and transformer-based models (like BERT and 
GPT) has further enhanced the accuracy of scoring (Taghipour & Ng, 2016; Yang et al., 2020). The 
evolution and application of AES systems represent a significant advancement in the fields of writing 
assessment and instruction. These systems offer several benefits, including reduced time and costs, as 
well as alleviating the demands placed on teachers and raters. Additionally, they provide consistency 
in applying rating criteria, thus promoting fairness in scoring. However, most existing AES systems 
predominantly utilize feature-based approaches that assess overall writing quality rather than eval-
uating multiple distinct traits (Perelman, 2014; Ramesh & Sanampudi, 2022). To effectively judge 
writing quality across different dimensions, AES systems must be trained on various rating traits cor-
responding to each aspect of writing. This training process requires large amounts of graded data, often 
consisting of hundreds of essays, along with technical expertise, which can pose significant barriers 
for many educators (Lee et al., 2024). Although recent developments in ensemble approaches have 
shown promise (Ramesh & Sanampudi, 2022; Wilson & Huang, 2024), the complexities related to 
data collection, model development, and evaluation remain substantial obstacles for educators lacking 
programming skills (Lee et al., 2024).

The application of general-purpose LLMs to the scoring task represents a distinct and promising new 
direction. These models have been trained on extensive datasets, making them versatile tools for teach-
ers. A key advantage of LLMs lies in their capacity for zero-shot and few-shot learning strategies 
(Kojima et al., 2022). This means that the models can evaluate responses with little to no prior instruc-
tion or rubric detailing how to assess the questions. Due to their wide training, LLMs can engage with 
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texts on virtually any topic, facilitating the grading process without the necessity for course-specific 
training. From the perspective of educators and students, what distinguishes ChatGPT from traditional 
grading methods is its user-friendliness and accessibility; anyone can request an evaluation of an exam 
across various subjects, and the AI delivers a score in mere seconds. However, empirical findings 
regarding the reliability of LLMs remain inconsistent. While some studies report high reliability and 
strong alignment with human evaluators (e.g., Jiang et al., 2023; Pfau et al., 2023), others reveal note-
worthy variability (e.g., Khademi, 2023; Yang et al., 2024). This inconsistency underscores that LLM 
scoring reliability is not an inherent, fixed property but is likely highly sensitive to specific operational 
conditions.

Factors Influencing the Reliability of LLM-based Scoring

Recent advances in generative LLMs have opened new opportunities for automated essay scoring  
(Yu et al., 2025). Unlike traditional AES systems that rely on predefined linguistic features and task- 
specific training, LLMs operate through prompt-based learning. Their transformer-based architecture 
makes them highly sensitive to input framing, tone, sequencing, constraints, and clarity—all of which 
shape how a task is interpreted and executed (Tavakoli, 2026). Consequently, what once required fea-
ture reengineering or task-specific fine-tuning can now be achieved through carefully designed natural 
language instructions, making prompt design a decisive factor in LLM performance (Coyne et al., 
2023). However, despite its centrality, prompting has remained largely unstructured and inconsistent. 
Practitioners often rely on intuition, trial and error, or copied templates rather than principled methods, 
and in the absence of shared standards, output quality varies widely—not only across domains but 
even within the same user session (Tavakoli, 2026). 

From a psychometric perspective, automated scoring with LLMs is fundamentally a measurement pro-
cess. The prompt functions as the instrument, the model’s output as the observed score, and the under-
lying writing ability as the latent construct (Embretson & Reise, 2000). In this framework, prompt 
variations constitute a source of systematic measurement error rather than random noise—different  
prompts do not merely add irrelevant variance but can systematically shift the construct being  
measured (Messick, 1989). Empirical evidence supports this view. Detailed rubrics with explicit  
evaluation criteria have been shown to improve agreement with human raters (Mizumoto & Eguchi, 
2023), whereas studies using minimal or non-specific prompts have reported poor inter-rater reliability 
(Khademi, 2023). Task decomposition into explicit sub-tasks (Pfau et al., 2023), domain-specific criteria 
and worked examples (Luo et al., 2026), and role specification (Stahl et al., 2024) have all been shown to 
enhance scoring consistency. These findings demonstrate that prompt structure affects scoring reliability, 
a conclusion consistent with classical test theory, in which instrument standardization is a prerequisite 
for dependable measurement (Traub, 1997). However, studies define “good” prompting differently, using 
disparate criteria and terminology. Without a shared standard for describing and comparing prompts, it 
remains unclear whether performance gains reflect genuine improvements in construct validity or merely 
idiosyncratic method effects (Tavakoli, 2026), and cross-study synthesis becomes inherently difficult.

To systematize this process, several taxonomies have been proposed. In educational settings, McCormack 
and Keating (2023) proposed the CRTRF framework, which structures prompts around five stages: 
Context, Role, Task, Requirements, and Format. At a broader level, Tavakoli (2026) introduced the 
CASTROFF framework, defining eight dimensions, including Constraints, Audience, Structure, Tone, 
Role, Output format, Focus, and Function, as a professional standard for prompt engineering across 
sectors. Another prompt engineering framework was the TELeR taxonomy, which comprises four 
dimensions, namely Turn, Expression, Role, and Level of Details (Santu & Feng, 2023). Among the 
various dimensions defined by these taxonomies, several can be interpreted as mapping onto identifiable 
sources of measurement error in automated scoring. This is particularly true for the Level of Details and 
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Role dimensions in TELeR, and the corresponding elements in CRTRF and CASTROFF. Role reflects 
rater framing effects known to introduce systematic bias in human scoring (Myford & Wolfe, 2003). 
Level of Detail governs rubric granularity, which G-theory identifies as a critical determinant of score 
consistency across measurement conditions (Cronbach et al., 1972). Expression determines construct 
representation, aligning with Messick’s (1989) validity framework wherein ambiguous instructions 
produce construct-irrelevant variance. Calibration Guidance operationalizes rater training, an estab-
lished intervention for improving inter-rater reliability through the use of benchmarked exemplars and 
feedback on scoring patterns (Elder et al., 2005). Thus, TELeR provides not merely a descriptive tax-
onomy but a diagnostic framework for identifying how specific prompt features introduce or mitigate 
measurement error.

Despite theoretical links between prompt structure and measurement errors, significant gaps persist 
in the literature. First, no study has used TELeR to design prompts that test whether the same LLM 
produces stable scores across repeated runs and agrees with human ratings. Second, the interactions 
between TELeR-based prompt design and training sample provision remain unexplored; specifically, 
how zero-shot and few-shot prompting affect scoring consistency has not been examined. Third, 
whether prompting effects differ between holistic and analytic rating criteria in L2 writing assess-
ment remains unknown. To address these gaps, we conducted an experiment manipulating two fac-
tors: prompt quality and training sample provision. Prompt quality was operationalized via TELeR as 
better versus poorer prompts; training sample provision as with versus without annotated exemplars. 
This yielded three conditions: better prompt without training, better prompt with training, and poorer 
prompt with training. This isolated the effect of training samples (comparing the first two conditions) 
and the effect of prompt quality (comparing the latter two). Temperature was fixed at 0 to elimi-
nate randomness in token generation. Thus, any variation in consistency reflects prompt and training 
effects, not model randomness. We used the IELTS rubric to produce a holistic band score and four 
analytic scores: TR, CC, LR, and GRA. We thus examine how prompt quality and training samples 
affect ChatGPT’s internal consistency and external agreement with human raters, for both holistic and 
analytic scores. The research questions are:

(1) � What is the internal reliability of ChatGPT in English writing assessment? Do  
variations in prompt quality and the provision of training samples significantly affect 
ChatGPT’s internal scoring consistency?

(2) � How does the external (inter-rater) reliability of ChatGPT compare to that of human 
raters in English writing assessment? Do variables such as prompt quality and training 
sample provision significantly impact the agreement between ChatGPT and human 
scoring?

Methodology

This study employed a quantitative approach to evaluate the scoring consistency of ChatGPT (GPT-4 
version) in comparison with human raters, using the IELTS Writing Task 2 rubric (the public version 
available at https://takeielts.britishcouncil.org/sites/default/files/ielts_task_2_writing_band_descrip-
tors.pdf) as the assessment framework. The quantitative analysis focused on intra-rater reliability 
(ChatGPT’s self-consistency across multiple scoring rounds) and inter-rater reliability (agreement 
between ChatGPT and human raters), measured by the intraclass correlation coefficient (ICC). 

Participants and Writing Samples

The writing samples were collected from second‑year English majors at a comprehensive university in 
western China. All participants were enrolled in a compulsory academic English writing course, and 

https://takeielts.britishcouncil.org/sites/default/files/ielts_task_2_writing_band_descriptors.pdf
https://takeielts.britishcouncil.org/sites/default/files/ielts_task_2_writing_band_descriptors.pdf
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their English proficiency was at the intermediate‑high level, approximately corresponding to IELTS 
band 5.5–6.5. The writing task was modelled strictly on IELTS Writing Task 2: an independent argu-
mentative essay requiring test‑takers to present a position, support it with relevant ideas, and organ-
ise ideas logically. The specific prompt addressed an academic topic concerning whether talent is an 
important factor in learning a foreign language, requiring students to take a stance, provide supporting 
reasons, and draw a conclusion. This task format is consistent with common IELTS Task 2 question 
types. Students completed the essay under authentic examination conditions within 40 minutes, using 
pen and paper, with no access to dictionaries or electronic materials. A total of 120 essays were ran-
domly selected from the full set of 256 examination scripts. Each handwritten essay was scanned, 
converted into electronic text, and then line‑by‑line proofread to ensure accuracy of transcription, 
including spelling, punctuation and sentence boundaries.

Data Collection Procedures

Nine female raters participated in this study: two university-level English instructors and seven gradu-
ate students in English education. The instructors had approximately ten years of teaching experience 
and had graded national proficiency tests (CET-4/6, TEM-4). The graduate students had strong English 
proficiency and experience assisting writing assessments. Before formal scoring, all raters attended 
a calibration session. We sourced 15 sample essays from official IELTS materials, covering Bands 1 
through 9. Certified IELTS examiners had previously rated these essays using official band descriptors. 
Raters studied these exemplars and discussed the rubric to standardise their scoring. After calibration, 
the nine raters independently scored 120 IELTS-type essays on four dimensions (TR, CC, LR, GRA). 
The total score was the mean of the four dimension scores. This produced a 9 × 120 score matrix. We 
did not implement iterative calibration, consensus discussions, or arbitration, as this was a low-stakes 
formative assessment.

We also had ChatGPT-4 score the same 120 essays. Temperature was set to 0 and top-p to 0.01 to min-
imize randomness. ChatGPT-4 produced a holistic score (1–9) and four analytic scores (TR, CC, LR, 
GRA; each 1–9) for each essay. We used a three-condition design to examine how scoring reliability 
varies across prompt and training conditions. We made two focused comparisons. First, to isolate 
prompt quality effects, we compared better and poorer prompts with training. Comparing prompts 
without training would confound prompt design with the lack of calibration. Second, to isolate train-
ing effects, we compared training versus no training under the better prompt. Testing training under a 
poorer prompt would blur whether gains come from training or from compensating for poor prompt 
design. We excluded the fourth condition (poorer prompt without training) because prior studies show 
it produces unreliable, uninterpretable scores (Kim et al., 2024; Poole & Coss, 2024), adding no value 
to our two core comparisons. Thus, each essay was scored under three conditions: (1) better prompt 
without training, (2) better prompt with training, and (3) poorer prompt with training.

We designed prompt quality based on the TELeR taxonomy. The better prompt assigned an examiner 
role, defined the four IELTS criteria, and included calibration instructions with exemplars. The poorer 
prompt was brief and underspecified, with only a generic role and open-ended tasks. Table 1 shows 
the key differences. Training consisted of 15 pre-scored sample essays and calibration instructions—
the same essays used in the human rater calibration. In training conditions, ChatGPT received these 
samples to learn the IELTS criteria and human scoring patterns. No-training conditions omitted these 
materials. We started a new chat session and reset the model’s memory before each trial to eliminate 
carryover effects. All scoring was conducted via the ChatGPT web interface. 



7� Language Education & Assessment, 9

Data Analysis

After processing the data, we imported the scoring results into SPSS for analysis. To evaluate inter-
nal consistency (RQ1), we assessed ChatGPT’s agreement across three independent trials under each 
condition using two-way mixed-effects ICCs with absolute agreement: ICC(3,1) for single-measure 
and ICC(3,k) for average-measure reliability (k = 3). We interpreted values as: > 0.75 high, 0.50–0.75 
moderate, < 0.50 poor (Koo & Li, 2016).

For external reliability (RQ2), we treated ChatGPT as a tenth rater alongside nine humans. Because 
human raters provided only one score per essay, we randomly selected one of ChatGPT’s three 
trial scores for each essay to maintain parity, yielding ten scores per essay. We calculated two-way  
random-effects ICCs with absolute agreement: ICC(2,1) for single-rater and ICC(2,k) for average- 
rater reliability (k = 10). This model treats both ChatGPT and humans as random samples from their 
respective populations. We applied this to holistic scores and four dimensions (TR, CC, LR, GRA). 
For each condition, we first computed the ICC for the nine human raters alone as a baseline, then for 
the full panel of ten. Given that the comparison is based on non-independent human rater data, we 
adopted a descriptive approach to evaluate the impact of integrating ChatGPT into the scoring panel. 
The specific criteria for judgment were as follows: (1) a change in the ICC point estimate exceeding 
0.1, or a shift across reliability categories (based on the benchmarks proposed by Koo & Li, 2016), was 
considered practically meaningful; (2) a substantial change was deemed to have occurred if the width 
of the confidence interval for the ‘human+AI’ group increased by more than 50% compared to the 
‘human-only’ group, or if the confidence intervals of the two groups exhibited no overlap. Subsequent 
analyses were interpreted within this framework.

Results 

Descriptive Statistics of ChatGPT-4 Ratings and Human Raters

Table 2 presents the mean scores and standard deviations of human raters and ChatGPT‑4 under three 
prompt/training conditions: (1) better prompt without training, (2) better prompt with training, and 
(3) poorer prompt with training. The ratings are reported for four IELTS analytic dimensions – Task 
Response (TR), Coherence and Cohesion (CC), Lexical Resource (LR), Grammatical Range and 
Accuracy (GRA) – and the total score. 

Table 1. Key differences between the better prompt and poor prompt based on the TELeR taxonomy

Dimension Better prompt Poor prompt
Role “a highly professional IELTS writing examiner 

with extensive experience”
“a professional IELTS essay grader”

Level of  
detail

Explicitly lists and defines the four IELTS 
criteria (TR, CC, LR, GRA); provides structured 
calibration instructions for 15 sample essays

Only generally references “scoring 
criteria”; gives open-ended analysis 
task without structured guidance

Expression Uses directive language (“study carefully,” 
“internalize,” “strictly adhere”); frames task  
within formal research context

Uses vague instructions (“analyze to 
identify patterns”); lacks contextual 
framing

Calibration 
guidance

Step-by-step instructions to internalize rubric 
and scoring tendencies from annotated 
examples

No explicit calibration steps; only 
encourages pattern recognition
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Across all dimensions and the total score, human raters produced higher mean scores (ranging from 
5.355 to 5.544) than ChatGPT under any of the three conditions (ChatGPT means ranged from 4.299 
to 5.656). For total score, the highest mean was obtained under the poor prompt with the training 
condition (M = 5.223, SD = 0.280), followed by the better prompt with training condition (M = 5.029, 
SD = 0.385). The lowest total score mean was observed under the better prompt without training con-
dition (M = 4.791, SD = 0.290). This rank order was consistent across all four individual dimensions 
and the total score. The better prompt without training condition showed the smallest standard devi-
ations across all dimensions (SD range: 0.272–0.318). In contrast, the better prompt with training 
condition exhibited the largest standard deviations (e.g., TR: SD = 0.397; CC: SD = 0.462). The poor 
prompt with training condition produced moderate standard deviations (SD range: 0.280–0.462), with 
the highest fluctuation observed for CC (SD = 0.462).

For human raters and for all three ChatGPT conditions, the mean scores of the content‑related  
dimensions (TR and CC) were consistently higher than those of the linguistic dimensions (LR and 
GRA). This pattern was uniform across all conditions. For example, under the better prompt with 
training condition, TR (M = 5.530) and CC (M = 5.065) were higher than LR (M = 4.953) and  
GRA (M = 4.565). The same ordering was observed under the better prompt without training condition 
(TR: 5.278, CC: 4.811, LR: 4.780, GRA: 4.299) and under the poor prompt with training condition 
(TR: 5.656, CC: 5.357, LR: 5.103, GRA: 4.778), as well as in human ratings (TR: 5.544, CC: 5.399, 
LR: 5.380, GRA: 5.355).

Internal Consistency of ChatGPT Scores Across Prompt and Training Conditions

To assess the intra‑rater reliability of ChatGPT, we calculated ICC(3,1) (single‑measure) and ICC(3,k) 
(average‑measure) across three rounds under three conditions: (1) better prompt without training,  
(2) better prompt with training, and (3) poorer prompt with training. Table 3 presents the results with 
95% confidence intervals. As shown Table 3, the single‑measure ICC values were consistently lower 
than the corresponding average‑measure ICC values across all conditions and dimensions. In practice, 
however, when ChatGPT is used for essay scoring, it typically produces a single score per response 
rather than an average of multiple repeated ratings. Therefore, we primarily report the single‑measure 
ICCs as the most realistic indicator of intra‑rater reliability. The average‑measure ICCs are presented 
only as a reference for an idealised scenario where the mean of three repeated scores would be used.

Under the training condition, we examined the effect of prompt quality on ICC values. As shown in 
Table 3, ChatGPT with the better prompt consistently yielded higher single‑measure ICCs [ICC(3,1)] 

Table 2. Descriptive statistics of ChatGPT-4 ratings under three prompt conditions and human raters

Dimensions Better prompt 
with training

Better prompt 
without training

Poor prompt 
with training

Human  
ratings

M SD M SD M SD M SD
TR 5.530 .397 5.278   .289 5.656    .291 5.544 0.488

CC 5.065 .462 4.811   .272 5.357    .462 5.399 0.401

LR 4.953 .379 4.780   .318 5.103    .289 5.380 0.304

GRA 4.565 .401 4.299   .306 4.778    .294 5.355 0.341

Total Score 5.029 .385 4.791   .290 5.223    .280 5.430 0.354

Note. M = mean score; SD = standard deviation.
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Table 3. Intra‑rater reliability (ICC) of ChatGPT under three conditions

Dimension ICC  
[95% CI]

Better prompt 
(with training)

Better prompt  
(without training)

Poorer prompt 
(with training)

TR
ICC(3,1) 0.547 [0.415, 0.657] 0.608 [0.500, 0.705] 0.388 [0.276, 0.499]

ICC(3,k) 0.783 [0.681, 0.852] 0.823 [0.750, 0.878] 0.655 [0.533, 0.749]

CC
ICC(3,1) 0.576 [0.472, 0.669] 0.450 [0.307, 0.806] 0.374 [0.251, 0.493]

ICC(3,k) 0.803 [0.728, 0.859] 0.710 [0.571, 0.806] 0.642 [0.502, 0.744]

LR
ICC(3,1) 0.436 [0.323, 0.545] 0.596 [0.466, 0.705] 0.429 [0.319, 0.537]

ICC(3,k) 0.699 [0.589, 0.782] 0.816 [0.723, 0.877] 0.693 [0.584, 0.777]

GRA
ICC(3,1) 0.427 [0.288, 0.552] 0.512 [0.389, 0.626] 0.404 [0.289, 0.516]

ICC(3,k) 0.691 [0.548, 0.781] 0.759 [0.656, 0.834] 0.670 [0.549, 0.762]

Total
ICC(3,1) 0.580 [0.447, 0.688] 0.629 [0.494, 0.735] 0.526 [0.423, 0.624]

ICC(3,k) 0.805 [0.708, 0.868] 0.836 [0.746, 0.893] 0.769 [0.687, 0.832]

Note. Values are point estimates with 95% confidence intervals in brackets. ICC(3,1) = single measure 
consistency; ICC(3,k) = average measure consistency across three rounds.

than ChatGPT with the poorer prompt for every criterion, although the magnitude of improvement var-
ied by dimension. For Task Response (TR), the single‑measure ICC was 0.547 [95% CI: 0.415, 0.657] 
for the better prompt and 0.388 [95% CI: 0.276, 0.499] for the poorer prompt. For Coherence and 
Cohesion (CC), the ICC was 0.576 [95% CI: 0.472, 0.669] for the better prompt and 0.374 [95% CI: 
0.251, 0.493] for the poorer prompt. For Lexical Resource (LR), the ICC was 0.436 [95% CI: 0.323, 
0.545] for the better prompt and 0.429 [95% CI: 0.319, 0.537] for the poorer prompt. For Grammati-
cal Range and Accuracy (GRA), the ICC was 0.427 [95% CI: 0.288, 0.552] for the better prompt and 
0.404 [95% CI: 0.289, 0.516] for the poorer prompt. For the total score, the ICC was 0.580 [95% CI: 
0.447, 0.688] for the better prompt and 0.526 [95% CI: 0.423, 0.624] for the poorer prompt. 

Moreover, under the training condition, the better prompt led to a marked increase in intra‑rater reliabil-
ity for the content‑related dimensions (TR and CC) compared to the poorer prompt. Specifically, under 
the poorer prompt condition, the ICC(3,1) values for the content‑related dimensions were lower (TR: 
0.388 [0.276, 0.499]; CC: 0.374 [0.251, 0.493]) than those for the linguistic dimensions (LR: 0.429 
[0.319, 0.537]; GRA: 0.404 [0.289, 0.516]). Under the better prompt condition, however, reliability 
improved across all dimensions, and the increase was particularly pronounced for the content‑related 
dimensions (TR: 0.547 [0.415, 0.657]; CC: 0.576 [0.472, 0.669]), such that their ICC values became 
higher than those for the linguistic dimensions (LR: 0.436 [0.323, 0.545]; GRA: 0.427 [0.288, 0.552].

Under the better prompt condition, we examined the effect of  sample training (with vs. without)  on 
ICC values. As shown in Table 3, for most dimensions, the no‑training condition yielded higher single‑ 
measure ICCs [ICC(3,1)] than the training condition, with the exception of CC, where training actually 
improved consistency. For the two linguistic features (LR and GRA) the no‑training condition consis-
tently produced higher ICCs. The difference was more pronounced for LR: the ICC decreased from 0.596  
[95% CI: 0.466, 0.705] without training to 0.436 [95% CI: 0.323, 0.545] with training. Similarly, GRA 
dropped from 0.512 [95% CI: 0.389, 0.626] to 0.427 [95% CI: 0.288, 0.552]. For the content‑related 
dimensions, the pattern was mixed. Task Response (TR) followed the same trend as the linguistic features, 
with the no‑training condition outperforming the training condition (0.608 [0.500, 0.705] vs. 0.547 [0.415, 
0.657]). In contrast, Coherence and Cohesion (CC) was the only dimension where training improved con-
sistency: the ICC rose from 0.450 [0.307, 0.806] without training to 0.576 [0.472, 0.669] with training.



A Study on the Reliability of ChatGPT-based English Writing Assessment� 10

External Reliability of ChatGPT Scores Across Prompt and Training Conditions

We examined external reliability by comparing mixed human-AI panels with a pure human baseline. 
Three conditions were tested: poorer prompt with training, better prompt with training, and better 
prompt without training. We compared dependent ICC estimates using 95% confidence interval over-
lap. Overlap of less than 50% indicated a significant difference at approximately α = .05 (Cumming &  
Finch, 2005). For the pure human rater panel (Table 4), single-measure ICC(2,1) values ranged from 
0.162 to 0.379. Specifically, the lowest value was 0.162 for GRA (95% CI [0.092, 0.242]), and the 
highest was 0.379 for TR (95% CI [0.270, 0.489]). Average-measure ICC(2,k) values ranged from 
0.635 to 0.846. For GRA, the average-measure ICC(2,k) was 0.635 (95% CI [0.477, 0.742]); for TR, 
it was 0.846 (95% CI [0.769, 0.896]). Our design focused on the change in inter-rater reliability after 
adding one AI score. We were interested in the consistency of any single rater (including the AI) with 
the whole group, rather than the reliability of the group average. Therefore, following methodological 
guidelines (Koo & Li, 2016; Shrout & Fleiss, 1979), we primarily report single-measure ICC(2,1) to 
capture individual rater effects and sensitivity to changes in ICC values when an AI rater is added.

When a ChatGPT rater using the poorer prompt with training was added to form a 10-rater team, 
mixed effects were observed: content-related dimensions (TR, CC) decreased, while linguistic features 
(LR, GRA) increased. For TR, ICC decreased from 0.379 (95% CI [0.270, 0.489]) to 0.348 (95% CI 
[0.253, 0.448]). The 95% CIs overlapped by 0.178, approximately 86% of the average interval length, 
indicating no statistically significant difference. For CC, ICC decreased from 0.282 (95% CI [0.198, 
0.376]) to 0.262 (95% CI [0.188, 0.348]), with an overlap of 0.150 (approximately 89%), indicating 
a non-significant difference. In contrast, LR increased from 0.163 (95% CI [0.090, 0.251]) to 0.174 
(95% CI [0.102, 0.260]), with an overlap of 0.104 (approximately 62%), indicating a non-significant 
difference. For GRA, ICC increased from 0.162 (95% CI [0.092, 0.242]) to 0.224 (95% CI [0.138, 
0.322]), with an overlap of 0.104 (approximately 62%), indicating a non-significant difference. At the 
total score level, ICC declined from 0.297 (95% CI [0.183, 0.416]) to 0.282 (95% CI [0.180, 0.392]), 
with 92% CI overlap.

When a ChatGPT rater using the better prompt with training was added, the pattern mirrored the 
poorer prompt with training condition: content-related dimensions (TR, CC) decreased, while linguis-
tic dimensions (LR, GRA) increased. However, ICC values were closer to the human-only baseline, 
and CIs showed greater overlap. For TR, ICC decreased from 0.379 (95% CI [0.270, 0.489]) to 0.361 
(95% CI [0.264, 0.463]), with approximately 92% CI overlap, indicating no significant difference. 
For CC, ICC decreased from 0.282 (95% CI [0.198, 0.376]) to 0.277 (95% CI [0.199, 0.366]), with 
approximately 97% CI overlap, indicating no significant difference. For LR, ICC increased from 0.163  
(95% CI [0.090, 0.251]) to 0.172 (95% CI [0.098, 0.259]), with approximately 95% CI overlap, indi-
cating a non-significant difference. For GRA, ICC increased from 0.162 (95% CI [0.092, 0.242]) to 
0.199 (95% CI [0.110, 0.300]), with approximately 78% CI overlap, indicating a non-significant dif-
ference. At the total score level, ICC declined slightly from 0.297 (95% CI [0.183, 0.416]) to 0.291 
(95% CI [0.186, 0.402]), with approximately 96% CI overlap, indicating no statistically significant 
difference.

When an untrained ChatGPT with the better prompt was added, inter-rater reliability declined con-
sistently across all dimensions, with the largest drops observed for content-related dimensions (TR, 
CC). For TR, ICC decreased from 0.379 (95% CI [0.270, 0.489]) to 0.295 (95% CI [0.200, 0.402]), 
with approximately 63% CI overlap, indicating no significant difference. For CC, ICC decreased from 
0.282 (95% CI [0.198, 0.376]) to 0.193 (95% CI [0.123, 0.280]), with approximately 49% CI overlap, 
suggesting a difference approaching statistical significance. For LR, ICC decreased from 0.163 (95% CI 
[0.090, 0.251]) to 0.120 (95% CI [0.063, 0.195]), with approximately 72% CI overlap, indicating a 
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non-significant difference. For GRA, ICC decreased from 0.162 (95% CI [0.092, 0.242]) to 0.142 
(95% CI [0.074, 0.229]), with approximately 90% CI overlap, indicating a non-significant difference. 
For total scores, ICC decreased from 0.297 (95% CI [0.183, 0.416]) to 0.193 (95% CI [0.106, 0.297]), 
with approximately 54% CI overlap, indicating a non-significant difference.

Discussion

This study evaluates ChatGPT’s reliability in scoring IELTS Writing Task 2 essays. We examined 
intra-rater consistency across three rounds and inter-rater agreement with humans for both holistic and 
analytic scores. A systematic asymmetry emerged. Prompt quality and calibration training affected 
dimensions differently, and this carries implications for LLM use in automated writing assessment.

Construct-dependent Asymmetry in Internal Consistency

Under the training condition, the better prompt produced markedly higher internal reliability for con-
tent-related dimensions (TR and CC) than for linguistic dimensions (LR and GRA). For TR, the ICC 
rose from 0.388 to 0.547; for CC, from 0.374 to 0.576. In contrast, the gains for LR (0.429 to 0.436) 
and GRA (0.404 to 0.427) were negligible. This asymmetry inverts the typical profile of traditional 
AES systems, which excel at surface linguistic features such as vocabulary and grammar but struggle 
with discourse-level constructs (Perelman, 2014; Ramesh & Sanampudi, 2022).

The discrepancy can be explained by considering how the transformer architecture processes text—
and the asymmetry operates in both directions. On one hand, the multi-head self-attention mechanism 
is intrinsically suited to tracking long-range dependencies and holistic textual coherence (Vaswani 
et al., 2017), making it inherently responsive to macro-structural features such as argument develop-
ment and logical progression. When the better prompt explicitly operationalises TR and CC criteria 
through detailed descriptors and exemplars, it functions as a top-down attentional template (Dun-
can & Humphreys, 1989), directing the model’s representations toward these discourse-level features 
and suppressing reliance on surface proxies. Without such scaffolding, this content advantage disap-
pears: under the poorer prompt, linguistic dimensions showed slightly higher ICCs (LR: 0.429; GRA: 
0.404) than content dimensions (TR: 0.388; CC: 0.374), suggesting that the model defaults to surface 
cues when not guided otherwise. On the other hand, grammatical and lexical evaluation requires fine-
grained, rule-bound discrimination, such as article usage and collocation precision, that depends on 
genuine syntactic understanding rather than surface form manipulation (Bender et al., 2021). Because 
LLMs process language probabilistically without access to communicative intent or symbolic gram-
mar, they cannot apply explicit rules for grammatical judgment. Instead, they rely on distributional 
co-occurrence patterns, which are inherently less stable for borderline constructions where adjacent 
score probabilities are nearly indistinguishable. This architectural constraint explains why traditional 
AES systems, which rely on deterministic feature counts (Attali & Burstein, 2006; Ramesh & Sanam-
pudi, 2022), achieve stability on these dimensions—though at the cost of construct depth. In Messick’s 
(1989) terms, this pattern captures both sides of construct representation. Well-structured prompts 
enhance the representation of features aligned with the architecture (TR/CC), while failing to over-
come construct underrepresentation for features that are architecturally mismatched (LR/GRA). The 
content advantage is therefore not an inherent property of the model but emerges from the interaction 
between prompt design and the transformer’s native processing strengths.

Beyond the architectural level, a separate source of variability operates at the inference level. This was 
evident in the observation that even with temperature set to 0, theoretically the most deterministic con-
figuration, which always selects the highest-probability token, internal consistency did not approach 
perfect reliability under the better prompt condition. One source of such variability is numerical  
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non‑determinism in GPU computations, where variable execution order in parallel floating‑point oper-
ations can introduce microscopic rounding errors that propagate through layers (Ouyang et al., 2025). 
When logits for adjacent score points are nearly equal, as is common with borderline essays, these tiny 
perturbations can flip the argmax decision. Additionally, platform-specific implementation differences 
in API or local inference pipelines may prevent bitwise reproducibility across separate calls, even with 
identical seeds (Akamine et al., 2024). Temperature = 0 is therefore necessary but not sufficient for 
perfect reproducibility. From a measurement perspective, LLM-based scoring carries an irreducible 
inference-level noise component that operates independently of prompt design. For high-stakes appli-
cations, single-run LLM scoring cannot be treated as perfectly reliable, even under optimal prompting; 
multiple runs or ensemble approaches may be necessary to stabilise the measurement.

Baseline-dependent Asymmetry in External Agreement

When ChatGPT joined the human panel as a tenth rater, a pattern emerged that at first appears paradox-
ical: external consistency decreased for content dimensions (TR and CC) but increased for linguistic 
dimensions (LR and GRA). This asymmetry, however, is not a contradiction. Rather, it reflects the 
different baseline characteristics of human agreement across dimensions.

For LR and GRA, human raters showed low single-measure ICCs (0.163 and 0.162), indicating that 
individual raters are unreliable on these dimensions. When aggregated across nine raters, however, 
their average-measure ICCs reached acceptable levels. This pattern is consistent with Weigle (2002) 
and Eckes (2012), who showed that individual raters apply idiosyncratic standards—differing in error 
gravity sensitivity, acceptability thresholds, and attentional fatigue. The human panel’s error structure 
is therefore dominated by random errors rather than shared systematic variance. In G-theory terms, the 
rater variance component is maximised (Cronbach et al., 1972). When a calibrated ChatGPT joins the 
panel, it does not add systematic deviation to an already noisy group. Instead, it provides a stable refer-
ence point amid high random scatter. By reducing random-error dominance, ChatGPT raises the overall 
ICC. Under the no-training condition, however, ChatGPT lacks this stability and becomes an additional 
source of random error, explaining the ICC decline (LR: 0.163 to 0.120; GRA: 0.162 to 0.142). 

For TR and CC, human raters also showed low inter-rater agreement (ICC = 0.379 and 0.282), slightly 
higher than for LR and GRA. When averaged across nine raters, however, the ICCs reached good 
levels, indicating that the mean of multiple human raters provides a reliable benchmark. The human 
panel operates with relatively low random error but shared systematic variance around the construct. 
ChatGPT’s judgments are internally stable, but they deviate systematically from this human consen-
sus. The model weights argument components and cohesion cues differently than human rhetorical 
expectations, introducing construct-irrelevant variance (Messick, 1989) into the panel. Adding such 
a rater to a panel with low existing variance inflates between-rater variance and depresses ICC. The 
attenuated decline under training conditions confirms that calibration functions as bias reduction: the 
drop was smallest with the better prompt with training, larger with the poorer prompt with training, and 
largest with the better prompt without training. By anchoring the model to human-scored exemplars, 
training reduces systematic deviation and shifts the model’s error structure from systematic toward 
random.

This baseline-dependent pattern has two implications for human-AI assessment research. First, rater 
calibration may need to be more intensive before AI benchmarking can be meaningful. Second, bench-
marking AI against aggregated human means may be more defensible than adding AI as an extra rater 
in a noisy panel, because the mean represents the best estimate of the true score, whereas individual 
raters are themselves unreliable instruments.
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Bias-variance Trade-off in Calibration Training

Calibration brought ChatGPT’s mean scores closer to human norms yet simultaneously reduced inter-
nal consistency across most dimensions. This trade-off, improved criterion alignment at the cost of 
measurement stability, reflects the bias-variance decomposition (Bishop, 2006).

The untrained model relies on a shallow heuristic, using surface-level indicators such as lexical com-
plexity that are easy to execute consistently but construct-poor. Training induces deeper process-
ing; the model must weigh conflicting evidence—such as sophisticated vocabulary against incorrect  
collocation—creating a more complex decision boundary that is sensitive to input variations and minor 
logit perturbations. As model complexity increases, variance rises while bias falls. In measurement 
terms, training shifts the model from systematic bias toward random error. This pattern echoes find-
ings in rater cognition research. Zhang (2016) found that more accurate human raters are better at 
integrating information from target essays and more self-conscious about their rating accuracy, sug-
gesting that effective rating requires active synthesis rather than rigid rule application. Training an 
LLM with human-scored exemplars appears to induce a similar form of expertise: it replaces oversim-
plified heuristics with a more nuanced, evidence-based decision process that, like human expertise, 
comes at the cost of stability. The observed pattern is therefore not a failure but a reconfiguration of 
the error structure from bias-dominated to variance-dominated, where better alignment with human 
means coexists with lower internal ICC. Among the four analytic dimensions, CC was the exception 
to this pattern: training improved its consistency from 0.450 to 0.576. This may be because CC eval-
uates logical organisation and cohesion—constructs that align with the transformer’s relational pro-
cessing strengths. Unlike TR, where training introduced mismatched complexity, or LR/GRA, where 
the mismatch between probabilistic pattern matching and rule-bound judgment persisted, the CC case 
suggests that training effects depend on the fit between the construct and the architecture. Training 
with human-scored exemplars thus reinforces an existing architectural strength rather than introducing 
complexity that the architecture cannot easily accommodate.

These findings extend the TELeR framework by showing that prompt dimensions affect reliability 
through distinct mechanisms that interact with the construct being assessed. The Level of Details 
dimension matters most for TR and CC because it captures the discourse-level features that the trans-
former architecture processes most effectively. For LR and GRA, the same dimension has weaker 
effects because fine-grained grammatical judgment cannot be scaffolded through prompt design alone. 
The Role dimension may also contribute: assigning a specific rater persona provides a stable interpre-
tive frame that reduces variability from inconsistent judgmental stances across runs, an effect partic-
ularly consequential for content dimensions where holistic interpretive frames matter more than for 
fine-grained grammatical judgments. This cautions against treating prompt quality as unidimensional. 
Its effects are construct-specific—a principle that parallels facet design in G-theory, where measure-
ment procedures are optimised separately for each variance component (Cronbach et al., 1972). These 
findings thus link prompt engineering to psychometric theory: well-structured prompts improve mea-
surement quality for discourse-level features (TR and CC) but cannot resolve the fundamental signal-
to-noise problem for micro-linguistic features (LR and GRA). The training-induced trade-off between 
mean-score alignment and internal consistency exemplifies the bias-variance dilemma inherent in 
complex measurement instruments, extending the classical reliability-validity tension into the domain 
of LLM-based assessment.

Conclusion 

This study evaluated ChatGPT’s reliability in scoring IELTS Writing Task 2 essays. We examined 
intra-rater consistency across three scoring rounds and inter-rater agreement with a panel of nine 
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human scorers for both holistic and analytic scores. Three findings emerged from this investigation. 
First, ChatGPT’s internal consistency is not uniform across dimensions. It is higher for content-related 
dimensions (TR and CC) than for linguistic dimensions (LR and GRA) when the prompt provides 
discourse-level scaffolding. Second, this internal consistency does not translate equally into exter-
nal agreement. When ChatGPT is added to a human panel, agreement decreases for TR and CC but 
increases for LR and GRA. Third, training with human-scored exemplars improves alignment with 
human raters but simultaneously reduces internal consistency—a bias-variance trade-off that echoes 
patterns observed in human rater cognition. Taken together, these three patterns suggest that the reli-
ability of LLM-based scoring is not a single property but a function of the interaction between the 
construct being assessed, the prompt design, and the reference standard against which the model is 
compared.

Several limitations warrant acknowledgement. First, the incomplete 2×2 design—omitting the poorer 
prompt without training condition—prevents a full factorial analysis; we cannot disentangle the main 
effects of prompt quality from those of calibration training or test for interaction effects. Our conclu-
sions about prompt quality and training therefore apply only to the specific combinations examined. 
Second, the sample comprised 120 essays from second-year English majors at a single university in 
western China (approximately IELTS band 5.5–6.5), all responding to a single Task 2 prompt. This 
restricted proficiency range narrows score variance, attenuates ICC estimates, and limits generalis-
ability. Third, the low human single-measure ICC constrains the validity of using individual raters as 
benchmarks. Future studies might benchmark AI against aggregated human means, or adopt calibra-
tion protocols (e.g., iterative calibration, consensus, arbitration) modelled on high‑stakes assessment. 
Fourth, we did not manipulate model parameters or collect qualitative data (e.g., scoring justifications), 
potentially losing insights into why human consistency was low or how training affected ChatGPT’s 
internalisation of scoring standards. The findings also derive from a single LLM (ChatGPT-4); whether 
they generalise to other architectures (e.g., Claude, LLaMA) remains an open question. 

Despite these limitations, the study offers both theoretical and practical contributions. Theoretically, it 
positions prompt engineering as inherently measurement-relevant, demonstrating that prompt dimen-
sions affect reliability differently depending on the construct being assessed. This extends the TELeR 
taxonomy from a descriptive framework to a diagnostic one, linking prompt design to established psy-
chometric theory. Practically, the findings highlight that a one-size-fits-all approach to prompt design 
is insufficient. Effective prompting may be dimension-specific, tailored to the cognitive demands of 
each scoring criterion. For low-stakes formative assessment, where consistency across submissions is 
paramount, simpler prompts without calibration may suffice. For high-stakes summative assessment, 
where alignment with human judgment is critical, the marginal gains in mean-score convergence must 
be weighed against increased within-model variability. 
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