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Abstract

Open access to novel Al tools offers unprecedented opportunities for
human—AlI collaboration in writing instruction and assessment. While
research on using generative Al tools like ChatGPT in these contexts
is emerging, more is needed to understand their effectiveness as
Automated Writing Evaluation (AWE) tools. This study explores the
potential of ChatGPT (GPT-3.5) to assist teachers and learners in the
North Atlantic Treaty Organization (NATO) by evaluating English
writing based on holistic scoring criteria. Using a mixed-methods
approach, the study compared ChatGPT’s ratings with human ratings
on 100 writing tests to assess inter-rater reliability. It also analyzed the
justifications provided by both human raters and ChatGPT to evalu-
ate how well ChatGPT understood the rating criteria at different pro-
ficiency levels and whether its rationales could provide effective
feedback for learners and support teacher feedback practices. Results
showed strong agreement between ChatGPT’s and human ratings,
with ChatGPT demonstrating a similar understanding of the rating
scales and offering justifications with elements of effective feedback.
These findings indicate that ChatGPT holds promise as an AWE tool,
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providing meaningful feedback and valuable insights into holistic rat-
ing scales. This study encourages further exploration of Al in the L2
classroom and suggests leveraging Al to enhance writing pedagogy
and classroom-based assessment.

doi: 10.1002/tesq. 70011

INTRODUCTION

he emergence of artificial intelligence (AI) tools like ChatGPT,

released by OpenAl in 2022 has ushered in a new era of human
and computer collaboration, with practitioners and researchers in sec-
ond language (L2) studies engaging with these tools in ways that have
the potential to reshape the landscape of language pedagogy and
assessment. Among the myriad uses, ChatGPT has provided great
potential for supporting learners with writing development (Bar-
rot, 2023; Kim & Chon, 2025; Su, Lin, & Lai, 2023). L2 composition,
however, poses distinct challenges due to its inherent complexities,
and these challenges are further compounded with classroom assess-
ment, where evaluation should be learning-oriented, criterion-
referenced, and facilitative to the development of students’ overall
writing proficiency (Ferris & Hedgcock, 2014). Teachers are increas-
ingly held accountable for assessment in the classroom (Hamp-
Lyons, 2013) with the expectation that they have the expertise and
knowledge to not only develop and assess student progress, but also
provide tailored feedback for improvement, interpret criteria, and
report scores (Cumming, 2009). However, few teacher training pro-
grams include formal instruction on language assessment or even
focus on language assessment literacy in teacher training (Ful-
cher, 2012; Weigle, 2007; Yan, Zhang, & Fan, 2018). This gap has left
many language teachers struggling with the substantial challenges of
writing evaluation of their learners and feedback practices.

Automated writing evaluation (AWE) systems have proved to help
facilitate feedback provision. AWE systems can evaluate and score writ-
ten texts accurately (Warschauer & Ware, 2006) as well as provide con-
structive feedback to learners (Grimes & Warschauer, 2010). Relying
on advanced computational techniques and algorithms using
natural-language processing (NLP) and machine learning (ML), AWE
technologies have been in use since the 1960s (Cotos, 2014). Yet sig-
nificant advances in technology since then have led to more current
generative artificial intelligence (GAI) tools such as ChatGPT. As
ChatGPT can also be prompted to provide evaluations to essays, L2
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researchers (e.g., Barrot, 2023; Han & Li, 2024; Su et al., 2023) have
examined the advantages and challenges of using ChatGPT for writing
feedback. In addition, language testing researchers have begun to
explore the use of ChatGPT in writing assessment contexts (Kim
et al., 2024; Mizumoto & Eguchi, 2023; Yancey, Laflair, Verardi, &
Burstein, 2023) with results indicating the potential for its use in pro-
viding reliable ratings as compared with human scores. Furthermore,
studies (e.g., Steiss et al., 2024) have investigated ChatGPT’s potential
to provide formative feedback comparable to teachers’ comments on
writing assessments. Naismith, Mulcaire, and Burstein (2023) investi-
gated the potential of using ChatGPT to score discourse coherence on
written responses from the Duolingo English Test (DET), finding an
exact agreement rate of 56% and 53% between GPT-4 and human
raters depending on whether the rating was provided before or after
the rationale. Their content analysis of human and GPT-written ratio-
nales for their ratings highlighted consistency in feedback content and
structure, as well as GPT-4’s ability to incorporate grading criteria con-
cepts into its justifications.

Enlightened by Naismith et al.’s (2023) study, we sought to evaluate
ChatGPT’s ability to assess the writing proficiency of personnel work-
ing in various positions within the North Atlantic Treaty Organization
(NATO) context." These personnel across nations must develop their
proficiency to achieve their required scores on an assessment using
the NATO language proficiency scale. Given the high-stakes nature of
NATO proficiency assessments, test takers are under significant pres-
sure to perform at the required level, and teachers face the challenge
of helping develop their learners’ writing proficiency to meet the stan-
dards. While the language teachers in most nations are highly compe-
tent and effective, teachers may lack comprehensive familiarity with
the grading criteria for the NATO tests or may not be calibrated to
the standards followed by official testers. Similarly, students often face
challenges in identifying actionable strategies to improve their writing
and achieve their required scores. ChatGPT 3.5—a widely accessible,
free, and userfriendly tool—holds significant potential to address
these existing gaps by offering appropriate evaluations and effective
feedback that can foster positive washback in the classroom. This study
thus compares ratings provided by expert human raters with those
generated by ChatGPT after training, specifically assessing whether
ChatGPT’s interpretation of the scoring criteria aligns with that of
human raters. Additionally, the study investigates the utility of

! The first author works at the Partner Language Training Center Europe, which has the
mission “to provide flexible language training for US personnel while offering English
and strategic language instruction and expertise for NATO Allies and worldwide
partners”.
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ChatGPT’s rationales as feedback mechanisms, which could assist
learners in revising and improving their writing. By systematically ana-
lyzing ChatGPT’s performance, this study seeks to assess its potential
to address challenges faced by both teachers and students while pre-
paring for NATO writing tests.

In the following section, we synthesize relevant literature that
informed this study and provide the contextual foundation for the
research.

LITERATURE REVIEW
Theoretical Frameworks

Given that this study focuses on assessing ChatGPT’s potential as an
effective and appropriate automated scoring and feedback tool, we
based our inquiry on the framework proposed by Williamson, Xi, and
Breyer (2012) for evaluating and implementing automated scoring sys-
tems for constructed-response writing tasks. Drawing on trends in
assessing computer-based scoring techniques and grounded in Kane’s
argument-based validation framework (Kane, 1992, 2006, as cited in
Williamson et al., 2012), their work establishes “guidelines, criteria,
and best practices under a unified evaluation framework for opera-
tional deployment of automated scoring in an assessment for
high-stakes purposes” (p.4). The framework consists of five
inference-based areas of emphasis that serve as steps to guide the
evidence-gathering process to support assumptions about test scores
and use The present study focused solely on the first two areas, Con-
struct Relevance and Representation and Empirical Performance (association
with human scores), as these were deemed the most germane to our pur-
poses and provided a solid foundation for investigating ChatGPT’s
potential as a classroom-based writing assessment tool. The area of
Construct Relevance and Representation recommends that one critically
evaluate the alignment between the assessment construct and the sys-
tem’s capability (p.6). By addressing a series of questions in this area
aimed at determining whether the scoring system adequately repre-
sents and measures the intended construct, stronger evidence will be
gathered to support the tool’s use. The present study aims to gather
evidence about how well ChatGPT’s design as a large language model
(LLM) can in fact understand the construct of the test and assess writ-
ing based on each scale level descriptor. Furthermore, the study aims
to better understand which features of text ChatGPT utilizes in its eval-
uation and whether these features align with human raters as well as
the scale criteria. We posit that ChatGPT’s transformer neural network
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architecture and extensive training, which enable it to predict lan-
guage patterns and contexts effectively (Sarrion, 2023), make it
well-suited for evaluating essays at specific test levels and assessing
them according to the criteria outlined in the scale. The second area,
Empirical Performance, outlines criteria for comparing computer-
generated scores with human scores, emphasizing that despite chal-
lenges identified in research regarding human raters, human scores
remain the “gold standard.” Following some of the criteria, our empiri-
cal analysis was based on a study design which included three human
scores and one ChatGPT score per essay, allowing for inter-rater reli-
ability analysis to better assess the quality of the human scores as com-
pared with ChatGPT scores. To enhance score reliability, we employed
trained human raters and further trained ChatGPT using benchmark
samples and expert rationales, aiming to align its scoring capabilities
with those of the trained raters.

Alongside the theoretical framework used to guide score compari-
sons and assess ChatGPT’s rating effectiveness, our investigation into
ChatGPT’s ability to provide meaningful feedback was also grounded
in Vygotsky’s sociocultural learning theory. Vygotsky’s sociocultural
theory introduces the concept of the zone of proximal development
(ZPD), the space between what a learner can accomplish indepen-
dently and what they can achieve with assistance and in collaboration
with someone more competent (Vygotsky, 1978). Within this space,
feedback functions as essential mediation, facilitating progress within
the ZPD. When integrated into instruction, feedback extends beyond
mere guidance, transforming into a powerful tool for fostering learn-
ing and development. By providing structured, criteria-based feedback
on a specific writing task, ChatGPT can facilitate understanding of
writing tasks, enabling learners to refine their skills and fill the
learning gap.

To guide our application of these theoretical underpinnings as they
apply to L2 writing contexts, we analyzed ChatGPT’s rating rationales
through a typology of feedback devised by Pearson (2022). Pearson’s
typology builds on Ellis (2009), who categorized feedback as direct,
indirect, and metalinguistic, by expanding on these approaches and
including students’ perceptions of feedback and their ability to apply
it during the revision process. It includes 10 research-based
characteristics® of feedback. Our analysis focused on four of these ten
areas most relevant to our objectives: specifically, mode and tone (e.g.,
praising or critical), which have been shown to influence student per-
ceptions of feedback (Hyland & Hyland, 2001); text specificity, where

2 Focus or target; mode and tone; syntactic structure; text specificity; location; explicitness;
length; mitigation strategies; delivery method; and temporality (pp. 4-5).
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specific comments rather than generic ones positively impact revisions
(Ferris, 1997); comment length, long feedback showing the most positive
revision results (Ferris, 1997); and the presence of mitigation strategies
(e.g., hedging or interrogatives), which may positively influence
learners’ revision processes (Nurmukhamedov & Kim, 2009). To Pear-
son’s framework, we added two additional strategies: advice for revision,
shown to support learners effectively during revisions (Ferris & Rob-
erts, 2001) and criteria-based feedback, as it has been argued that stu-
dents need to understand the standards in order to monitor their own
development (Sadler, 1989).

Automated Writing Evaluation

Initially developed in the 1960s in order to help cut down on the
amount of work faced by English teachers (Page, 1966), AWE systems
have since been used to comprehensively evaluate essays in educa-
tional contexts and reliably score high-stakes assessments (Chapelle,
Cotos, & Lee, 2015). In both testing and teaching, AWE systems have
been used to not only assign a numerical score to a piece of writing
(Shermis, Burstein, & Bursky, 2013) but also perform a wide range of
analyses on written text (Warschauer & Ware, 2006). Comprised of
two components for scoring and feedback provisions, AWE tools are
commonly used for diagnostic and formative feedback purposes to
provide information to students on their writing strengths and weak-
nesses (Grimes & Warschauer, 2010), and research in low-stakes class-
room environments has shown that AWE tools can evaluate texts with
scores that correlate relatively well with human scores (Warschauer &
Ware, 2006). The feedback produced by AWE systems has been found
to be of similar quality to teachers’ feedback and, as such, is often uti-
lized in classrooms in combination with teacher feedback (Woodworth
& Barkaoui, 2020).

A desirable quality of AWE systems is their ability to provide feed-
back to students incredibly quickly as compared to the time it would
take an instructor to assess the work. Teachers and students alike can
effectively utilize the features of AWE systems to engage with one
another through the writing process, which can not only improve the
writing abilities of students, but also facilitate feedback practices of
teachers (Jiang, Yu, & Wang, 2020; Wilson & Roscoe, 2019;
Zhang, 2020). The feedback AWE systems provide has been welcomed
for its immediacy, accuracy, and ability to “transform and enhance
learners’ language learning experience” (Xi, 2010, p. 298). AWE also
enables instructors to provide more intentional, focused and selective
feedback (Jiang et al., 2020). Both students’ and teachers’ favorable
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perceptions of AWE were reported in previous research, such as its
potential to enhance learners’ motivation, autonomy, and metalinguis-
tic knowledge (e.g., Link, Dursun, Karakaya, & Hegelheimer, 2014;
Wang, Shang, & Briody, 2013). Moreover, multiple studies (e.g., Cha-
pelle et al., 2015; Li, Link, Ma, Yang, & Hegelheimer, 2014) also sup-
ported the validity of AWE by demonstrating significant correlation
between AWE scores and human scores. However, one drawback is
AWE’s inability to truly comprehend a text the way skilled humans do,
with the claim that NLP methods used in automated scoring systems
cannot interpret a text using the cognitive processes employed by
humans, nor can it understand figurative devices, puns, or other idio-
matic nuances of language (Shermis et al.,, 2013). This drawback
makes total reliance on their assessments impractical.

ChatGPT for L2 Writing Feedback and Assessment

While AWE systems have long been used for rating writing and pro-
viding feedback, new GAI tools, like ChatGPT, open even more poten-
tial. Utilizing comparable technology through NLP techniques,
ChatGPT may perform even better than traditional AWE systems in
classroom and assessment settings due to its userfriendly interface that
allows for conversational interactions and its ability to quickly adapt to
virtually any specific writing situation. Su et al. (2023) explore
ChatGPT’s (GPT 3.5) potential to serve as a peer collaborator in writ-
ing classrooms, specifically focusing on the chatbot’s ability to assist in
argumentative writing tasks. They highlight ChatGPT’s similarity to
AWE systems, noting its potential to assist learners in argumentative
writing by offering tailored and augmented support. They also suggest
teachers provide ChatGPT with customized writing rubrics that the
chatbot can use to provide more targeted feedback. Barrot (2023)
explores ChatGPT’s (both the 3.5 and 4.0 models) potential in L2
writing classrooms, highlighting its use as a guide through the writing
process and for formative feedback. She emphasizes its ability to score
writing based on criteria, justify scores, and provide targeted feedback
on higher-order skills. Teng (2024) used a mixed-methods approach
analyzing questionnaires and interviews of EFL learners in an English
Practical Writing course. The results revealed that students who used
Al to edit and proofread their texts showed greater measures of moti-
vation, self-efficacy, and engagement in their writing compared with a
control group.

While much investigation has gone into comparing human and
Al-produced writing as well as its ability to provide feedback and aid
writers in the classroom, there are a few studies addressing effects and
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usability of GAI in language assessments. Mizumoto and Eguchi (2023)
conducted a study to determine the accuracy and reliability of one of
the earliest models in the GPT 3.5 series, GPT 3 text-davinci-003
model, as an automated essay scoring (AES) tool to score essays from
the TOEFLI1 corpus, a collection of English essays produced by test
takers of 11 different language backgrounds who had taken previous
TOEFL exams. Their results indicated that GPT follows similar rating
patterns for the essays of low, medium, and high quality, that aligned
with TOEFL ratings, though exact alignment with human scores were
far from perfect (54.33%). Based on these findings, they suggest the
potential for GPT’s use to support, not replace, human scoring. While
innovative and one of the first to investigate GPT as an AES tool, a
critical gap in their study was the use of zero-shot prompting, that is,
not providing essay samples to train the GAI model, which may have
had an impact on the results. Furthermore, as they did not train the
model nor did they require the model to provide a rationalization for
its scores, they note that the “black box-like nature in which the pro-
cess by which results are obtained remains obscure” (p.10). As such,
they recommend future research address these limitations.

Similarly, a study by Yancey et al. (2023) compared GPT-4 ratings
with GPT-3.5 ratings and human ratings using the Duolingo English
Test (DET) writing section. Essays were scored on a rubric based on
the Common European Framework of Reference (CEFR) scale, and
researchers experimented with different training techniques such as
including calibration samples or asking ChatGPT to provide a ratio-
nale. GPT-4 was reported to outperform GPT-3.5, achieving scores
comparable to those generated by AWE systems. However, variations
in its ratings compared to human scores were noted across different
L1 groups. Despite prompting ChatGPT for rationales, the researchers
did not analyze these rating processes to gain deeper insights into its
reasoning mechanisms, leaving an important aspect of the study
unexplored.

The Present Study

Prior studies highlight the potential of ChatGPT in writing class-
rooms and assessment contexts, yet further investigation is needed into
its role in L2 writing instruction. Specifically, there is limited knowledge
about ChatGPT’s ability to reliably evaluate writing using a specific set
of criteria and provide actionable, criteria-based feedback that can sup-
port the development of writing proficiency. Addressing these gaps is
crucial to leveraging ChatGPT as a transformative tool for language
learning. Motivated by Naismith et al.’s (2023) positive findings, this
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research explores the potential of ChatGPT (GPT-3.5) as an innovative
AWE tool to assist test-takers of the NATO Standardization Agreement
(STANAG) 6001 English proficiency tests.” These tests serve as gateways
for military personnel to access critical NATO roles, requiring extensive
preparation through national English Language Training (ELT) pro-
grams. While these programs employ highly qualified instructors, many
lack training in the STANAG 6001 holistic scoring scale, which demands
significant expertise and norming. Similarly, learners often struggle to
grasp the scale’s application to writing, hindering their progress.
Despite the release of GPT-40 (May 2024), this study focused on GPT-
3.5 as a free, accessible tool suited for nations with varying resources
and aimed to evaluate its potential to provide reliable scoring and
meaningful feedback which could help enhance teachers’ and learners’
understanding of scoring standards and thus support the achievement
of proficiency standards in preparation for high-stakes testing. The study
was guided by the following research questions:

1. How do GPT-3.5’s ratings compare to human ratings on STA-
NAG 6001-based writing proficiency tests?

2. Does GPT-3.5 share a similar understanding of the STANAG
6001 rating scale at each level (Levels 1-3) as human raters? If
so, how?

3. How can the justifications provided by ChatGPT serve as feed-
back to writers?

METHOD
Background to NATO Testing

The NATO STANAG 6001 tests are general proficiency tests within
the military context and are used to evaluate the language of military
personnel for interoperability purposes within NATO. Nations are
responsible for developing and scoring their own tests in accordance
with NATO language standards as outlined in the STANAG 6001 docu-
ment and rating scale® (https://natobilc.org/wp-content/uploads/

* The NATO STANAG 6001 tests are general proficiency tests within the military context
and are used to evaluate the language of military and civilian personnel for interopera-
bility purposes within NATO. Most NATO and Partner Nations develop their own tests
in each of the four skills (listening, speaking, reading, writing).

*The NATO STANAG 6001 scale, from which the scores are based, consists of six levels
with plus levels in between Levels 0 and 4: Level 0 “no proficiency”; Level 1 “survival”;
Level 2 “functional”; Level 8 “professional”; Level 4 “expert”; Level 5 “highly articulate
native”.
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2024/11/ATrainP-5-EDA-V2-E.pdf). The rating scale descriptors at
each level define the writing construct through statements related to
the content of the message (topics), tasks (can-do statements), and
accuracy. In writing tests, single-level prompts are aligned to task state-
ments according to their level. As an example, one of the Level 2 tasks
in the STANAG 6001 is to narrate in the past. To elicit this task, a test
prompt may have the test taker write an email to a friend describing a
past training exercise that was recently conducted. Alternatively, some
nations have adopted a practice of “spiraling” test prompts, in which
the prompt elicits two base levels in a single prompt; this is done for
efficiency and practicality. The prompt presents a context along with
two points that the test-taker must respond to. In Levels 1 and 2 spir-
aled prompt (Figure 1), the first point represents a Level 1 task and
the second represents a Level 2 task. In relation to prompt alignment,
a significant principle of STANAG 6001 testing is that of being a
criterion-referenced test; as such, writing is scored according to the
“clearly stated expectations or criteria” (Clifford, 2016, p.225) as found
in the STANAG 6001 level descriptors. When operationalized, this
means that a prompt written to elicit a Level 2 response can be scored
as a maximum a Level 2 if it meets those criteria. Spiraled prompts
are rated similarly, though as they assess two levels, the scoring range
is wider. Ratings in most testing teams is conducted holistically by com-
paring the writing sample with the criteria in the STANAG 6001 level
descriptions. Most writing tests are bi- or multi-level tests, and exam-
inees are allowed up to 90 minutes to respond to all the prompts. A
test is typically scored by two raters, with a third rater serving as arbi-
trator when the scores do not match.

Prompt:

Your writing will be assessed on organization and completeness, as well as
vocabulary and grammar. You must address tasks 1 and 2 in your response.

Topic: Purchasing a House

Context: An English-speaking friend of yours wants to buy a house near you.
Recipient: Your friend

Tasks: Write an email to your friend in which you:

Tell him/her where you live and how much houses cost; ask a few

_——»"*
Level 1 part . questions about what kinds of houses in which your friend is interested.

e Write about a memorable experience you’ve had while living there. Be sure

| to tell the whole story.
Level 2 part [

FIGURE 1. Spiraled writing prompt for Levels 1 and 2.
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Participants

Participants in the study included 32 human raters representing 12
nations and 1 NATO testing organization.5 They are all considered
specialists in language testing and have served as official testers and
raters in their national testing teams. They all met the study require-
ments to have at least 3 years’ rating experience with STANAG 6001
national tests and to be graduates of the NATO-approved Language
Testing Seminar’ held at the Partner Language Training Center
Europe (PLTCE), which is considered an important first step in the
standardization and norming process for NATO STANAG 6001 testers.
Most of the participants began their careers in the classroom as lan-
guage instructors and transitioned to the testing department over
time, either on an official, full-time basis or to serve as part-time testers
for the productive skills. The L1 of most of the raters was languages
other than English.

Dataset

The data used in this study consisted of 100 essays of 100-600 words
sourced from a 2019 large-scale study called the Benchmark Advisory
Test (BAT) 2 to which the first author had access Participants in this
study signed the consent form indicating that their essays could be
used in future studies. The BAT 2 was a multi-national, large-scale
investigation of speaking and writing based on the NATO STANAG
6001 language proficiency scale. The BAT 2 writing assessment was a
testlet comprised of three different writing prompts, two of which were
spiraled at Levels 1/2 and Levels 2/3, while the third prompt was a
single-level prompt written at Level 3. The entire testlet was assigned
one holistic score based on the evaluation of the three samples
together. In order to determine a single score on a single essay for the
present study, the first author extracted one hundred essays from the
testlets using a stratified random sampling taken from each prompt
level (31 Level 1/2 prompt essays, 39 Level 2/3 prompt essays, and 30
Level 3 prompt essays). The first author went through the essays and
changed names and specific locations to remove any identifying or

5 Participating nations: Bulgaria, Canada, Croatia, the Czech Republic, Estonia, Georgia,
Italy, Latvia, Poland, Romania, Spain, the United States, and testers from Supreme Head-
quarters Allied Powers Europe (SHAPE).

® The Language Testing Seminar is a 2-week course that provides a foundation of lan-
guage assessment concepts as well as STANAG 6001 norming for language testers in
national defense-sector testing organizations.
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personal information that the test taker may have added to the writing
sample; nothing else in the writing sample was modified.

Data Collection Procedures

The 30 raters were randomly assigned to groups of three to score
ten of the same essays, which were labeled according to the prompt
level. Each group had a sampling of each of the three prompt types
(Level 1/2; Level 2/3; Level 3). To ensure consistency in rating prac-
tices and that all raters clearly understood the spiraled-prompt rating
process, as this practice may not be used in their nations, raters were
sent instructions that they received before explaining the spiraled writ-
ing prompts and how to assign the ratings using the STANAG 6001
descriptors. To assist them in rating, they were sent the STANAG 6001
rating scale descriptions for Levels 0+ to Level 3 and two additional
rating tools, the Assessment Criteria Key Features and the Writing Fac-
tor Grid, both of which are tools used in former trainings to aid raters
and help them understand the scale levels for writing. For essays that
were at the 1-2 spiral level of prompt difficulty, scores of 1, 1+, and 2
represented the potential range of ratings; for essays at the 2-3 spiral
level of prompt difficulty, scores of 1+, 2, 2+, and 3 represented the
potential range of ratings; for essays at the 3 level of prompt difficulty,
raters could indicate “Non-ratable” (NR), 2+ or 3 as the potential
range of ratings. This was due to the fact that if the writing sample did
not meet the Level 3 threshold and did not meet the Level 2+ descrip-
tion for inconsistent performance at Level 3, a rating could therefore
not be assigned, and it could be deemed “Non-ratable.” In addition to
these instructions, the first author selected two essays from each group
of 10 (a total of 20 essays) using a stratified random sampling to
ensure a variety of levels were represented and asked each rater to pro-
vide a written justification for why they assigned that specific rating to
each selected essay. Two raters not included in the rating process were
asked to provide written rationales on benchmark samples that would
be used to train ChatGPT. These raters were selected based on their
extensive experience in language testing. They were given identical
sets of essays representing each level and asked to provide a written
explanation of how the sample met the criteria for a particular level.
Finally, ChatGPT was trained and asked to rate and provide justifica-
tions for each of the 100 essays. This allowed us to systematically com-
pare human and ChatGPT ratings and justifications on the same texts,
providing insights into alignment, discrepancies, and the potential of
ChatGPT as a supplementary rater. The next section discusses the
training provided to ChatGPT.
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Training ChatGPT

Previous studies on using ChatGPT to score essays (Mizumoto & Egu-
chi, 2023; Yancey et al., 2023) recommended that future researchers try
various techniques beyond zero-shot prompting to train ChatGPT;
therefore, we used multi-turn engagements and employed concepts
from chain of thought (CoT) prompting (Wei et al, 2022), in an
attempt to teach ChatGPT how to understand the spiraled prompts and
how to assess the STANAG 6001 levels. CoT prompting suggests that a
LLM can perform more accurately when employing “a coherent series
of intermediate reasoning steps that lead to the final answer for a prob-
lem” (p.6). To begin, we used the “Customized” feature built into
ChatGPT to assign it a role (a tester of STANAG 6001 writing tests) and
explain its task of rating. Once ChatGPT confirmed understanding of
its role and task, we explained the structure of spiraled prompts one at
a time using some of the same examples sent to raters as part of their
instructions. Following CoT prompting to include exemplars (Wei
et al., 2022), we provided ChatGPT with benchmark samples of
responses at each base level. To represent each base level rating of the
spiraled prompts, we used two exemplars at Levels 1/2, two exemplars
at Levels 2/3, and one exemplar at Level 3. For each benchmark used,
we explained to ChatGPT which level the sample represented and pro-
vided the rationales written by the human raters justifying the rating.
Figure 2 shows how ChatGPT responded after being provided with one
of the benchmark essays rated a Level 2 along with the rationale.

Finally, we shared with ChatGPT the same rating tools as were given
to the raters. After this training, ChatGPT was asked to read the text,
think through the levels first, and then provide a rating. Figure 3 dem-
onstrates the prompt used.

We copied and pasted each of the 100 texts into ChatGPT in one
sitting and recorded its response. While ChatGPT followed its instruc-
tions to rate and provide a rationale, occasionally it would instead
rewrite the passage. When this happened, we informed ChatGPT that
it should not rewrite the essays but instead should read, rate, and pro-
vide a justification as before. Of the 100 essays, this occurred five times
in the process, with ChatGPT being redirected each time and return-
ing to its previous pattern of rating and justifying.

Data Analysis

To address RQ 1 and compare the human and ChatGPT ratings
quantitatively, we used Facets (Linacre, 2024) to conduct a Many-Facet
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Combines and links sentences into connected prose, good lexical
control for the high-frequency topic. Typical spelling mistakes
sometimes make the understanding less straightforward. Can narrate
in the present and describe with enough details, in simple but
complete paragraphs. Ideas are organized around the major point.
Can tell a story or narrate in the past tense with good control of the
verbs in the past. While the story does not have many details, it is
organized and the test taker uses a broad range of concrete
vocabulary and minimal connectors. The overall letter is well-
organized and the tone is appropriate for the level.

@  Thank you for providing the expert human rater's assessment. It aligns closely with my analysis,
emphasizing the sample’s ability to combine sentences into connected prose, use a broad range of
concrete vocabulary, and maintain a well-organized tone appropriate for the level. Additionally, the
assessment notes the sample's ability to narrate in both present and past tenses, albeit with
occasional spelling mistakes that may hinder straightforward understanding. Overall, the expert

rater's evaluation reinforces the Level 2 rating for this sample.

< 272

FIGURE 2. ChatGPT demonstrating an understanding of the human rationale at Level 2.

Please read the following texts one by one. As a reminder, you should
read the text, think through the levels, and justify why the text does or
does not meet the level. Then assign a final rating of 1, 1+, 2, 2+, 3 or
NR. Ok?

®  Gotitl Please provide the first text, and I'll analyze it step by step using the STANAG 6001

descriptors.

FIGURE 3. Prompt used for ChatGPT to rate and justify its ratings.

Rasch Measurement (MFRM) to analyze the human-rated data and to
analyze inter-rater reliability prior to comparing the ratings to
ChatGPT. The MFRM analysis in this study employed the Andrich Rat-
ing Scale Model (RSM) to evaluate scoring behavior across two facets:
students (writing samples) and raters (human and ChatGPT). The
Andrich RSM was chosen due to its assumption of uniform thresholds
across the STANAG 6001 rubric. Fit statistics (Infit and Outfit MnSq)
assessed rater consistency, while the rater separation index and reli-
ability confirmed scoring reliability. Interaction analysis further
explored differences in how ChatGPT and human raters applied the
rubric across varying student performance levels, providing insights
into alignment and discrepancies between the two rating methods. As
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the STANAG 6001 rating scale is ordinal, we calculated Spearman’s
Rho correlation between the two rating methods to evaluate their rela-
tionship. In addition, we used Quadratic Weighted Kappa to calculate
the reliability between the two methods as it was designed for ordinal
rating scales and penalizes disagreements that are further from each
other (Matthijs, 2015).

To address RQ 2, whether ChatGPT shares a similar understanding
of the rating scale at each level as human raters, we analyzed a total of
80 justifications written for the same 20 previously selected texts. Each
of the 30 raters provided justifications for two texts, resulting in 60
human justifications across the 20 texts. Additionally, we extracted
ChatGPT justifications for the same 20 texts, bringing the total num-
ber of justifications analyzed to 80. These data were analyzed through
an iterative cycle of manual coding and content analysis (Sal-
dana, 2021) to identify descriptive and in vivo codes. Two authors col-
laborated on the coding scheme by discussing 20% of the data from
Levels 1 and 1+. After this discussion, the first author coded the rest
of the data according to the established coding scheme and provided
the second author with 25% of the data (n = 50) to independently
code. The inter-coder reliability was 94%, which is considered highly
reliable; any discrepancies were discussed to further ensure a consis-
tent coding scheme was applied to the data. Table 1 shows the coding
scheme with their explanations and exemplars from the data. As an
additional measure to determine in which areas both humans and
ChatGPT provide feedback, the frequencies of each code were calcu-
lated per level for both human raters and ChatGPT. Because the
human justifications were three times more than ChatGPT’s justifica-
tions, we normalized the frequencies by calculating the proportion of
comments in each category relative to the total number of comments
within each level, for both human raters and ChatGPT. This normali-
zation process adjusted for the difference in sample sizes, enabling a
direct comparison of the proportions of comments provided by
human raters and ChatGPT in each category.

Inspired by Steiss et al. (2024) and Naismith et al. (2023) who ana-
lyzed rationales by ChatGPT as forms of feedback, we analyzed the 20
justifications written by ChatGPT using several criteria of effective feed-
back in order to answer RQ 3. For the analysis, we examined features
that emerged from our data meanwhile using Pearson’s (2022) typol-
ogy for feedback as a springboard. Pearson’s typology addresses fea-
tures of teachers’ feedback on L2 writing, which were found to impact
the students’ revision performances and the quality of revised texts.
The categories are shown in Table 2. In particular, we identified if a
particular feature was present in the justification and calculated the
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TABLE 1

Areas of Human and ChatGPT Writing Feedback

Codes

Explanation

Examples of comments

Sentence structure/
grammar

Comprehensibility of
message

Content
development/
organization

Task completion
Cohesion and
coherence
Mechanics (spelling,
punctuation,
capitalization)

Lexical complexity
and appropriateness

Writing style

Language command

Cognitive skills

Comments related to grammatical
sentence structures, both positive and
negative; comments related to use of
tenses

Comments related to ability for the
message to be understood by native
Wwriters or not; errors causing message to
be unclear

Comments related to development of
ideas, paragraphs, and general structure
of the writing; well organized or lacking
organization

Comments related to writer’s ability to
adhere to the task and complete the
whole task

Comments related to connectors,
cohesive devices, and overall text
cohesion

Comments related to spelling,
punctuation and capitalization errors

Comments related to type of vocabulary
used, whether vocabulary was adequate
or not and added to understanding or
not

Comments related to tone, audience, and
formality; comments specifically using the
term “style”

Comments related to writer’s ability to
effectively use language; comments
specifically using the term “command of
language” or similar wording

Comments related to effective and well-
thought-out arguments or arguments that
were not strong; comments that showed
writer’s ability to use rational and logical
argumentation

Uses short simple
sentences and common
linking words

Phrases need revision
for clarity

Organized prose with
simple paragraphs

Inconsistent ability to
perform the task fully

Clear organization and
cohesion

Some errors in
punctuation, spelling,
and capitalization
Vocabulary is mostly
appropriate

Effective writing for the
audience

Command of written
language is firm

Demonstrates critical
thinking and analytical
skills

total number and percentage of justifications that exhibited each

feature.

RESULTS

In this section, we present our findings as to the three research

questions.
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TABLE 2
Features of Quality Feedback and Their Explanations

Categories Explanation

Length Word count

Text-specificity Comments may be generic or tie explicitly to a text through
examples in the writing sample

Mode and tone Neutral/negative/positive; advisory, critical, praising, etc.

Presence of mitigation ~ Ways to cut down on abruptness of feedback, such as through

strategies hedging

Advice for revisions Feedback may or may not include advice for revisions

Criteria-based Evidence of wording or paraphrasing from the STANAG 6001
rating document, Writing Factor Grid and Writing Assessment
Criteria

Comparing ChatGPT 3.5 to Human Ratings

For RQ1, we found substantial agreement between GPT-3.5’s ratings
and human ratings on the STANAG 6001-based writing proficiency
tests. Using Many-Facet Rasch Measurement (MFRM), we confirmed
the reliability of human ratings through the fair average, which adjusts
observed ratings to account for variations in rater severity and
leniency. Our analysis found a rater separation index of 3.94, indicat-
ing a high level of reliability and the ability to distinguish between dif-
ferent rater severities across the 30 raters involved. This corresponds
to approximately 5.61 distinct strata, further confirming strong separa-
tion and reliable differentiation among rater scoring tendencies. The
separation reliability was calculated at 0.94, demonstrating high consis-
tency across raters. We used Infit and Outfit mean-square (MnSq) sta-
tistics to assess rater fit, with thresholds for acceptable fit set between
0.5 and 1.5. Of the 30 raters, only two exhibited MnSq values exceed-
ing 2.0, indicating occasional misfit but overall consistent scoring
behavior. While a full report of the MFRM analysis, including bias and
interaction effects, is beyond the scope of this article, readers can
access the control file and subsequent reports at https://osf.io/
tb4yb/?view_only=64f67f92b0ca4010a65aa2dd042dbaf1l.

From our MFRM analysis, we felt there was sufficient evidence to
support the use of rounding the Fair Average as a way to represent the
human ratings. We found that the correlation was significant between
ChatGPT and the Human MFRM Fair Average (p = .84, df = 98,
p <.001). ChatGPT and the Human MFRM Fair Averages had an exact
agreement rate of 50% and an adjacent agreement rate of 91% (See
Table 3). There was one instance in which ChatGPT underrated the
humans by two levels, and six instances in which it overrated them by
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TABLE 3
Contingency Table Between Human MFRM Fair Averages and ChatGPT Ratings

ChatGPT ratings

1 1+ 2 2+ 3 NR Total

Human MFRM fair averages

1 8 8 6 0 0 0 22

1+ 1 3 5 0 0 0 9

2 0 5 16 2 0 0 23

2+ 0 1 6 12 5 0 24

3 0 0 0 9 10 0 19
NR 0 0 0 1 1 1 3
Total 9 17 33 24 16 1 100

Note. Shaded cells indicate exact agreement.

two levels. The “NR” rating category had one instance in which both
were in agreement, but two instances in which ChatGPT issued ratings
rather than awarding the NR rating. Note that for Level 1, ChatGPT
issued 22 ratings whereas the humans only issued 9, and for Level 1+,
ChatGPT had 9 ratings whereas the humans had 17. Thus, there seems
to be more discrepancy at the lower categories of the ratings.

Interrater reliability was evaluated using Quadratic Weighted Kappa
to assess the consistency between ChatGPT and human raters across
100 subjects. The exact agreement rate was 50%, while the Quadratic
Weighted Kappa value was 0.80, indicating substantial agreement. A
corresponding zvalue of 8.16 (p < .001) confirmed that the agreement
was statistically significant and unlikely due to chance.

ChatGPT 3.5’s and Human Raters’ Understanding of the
Rating Scale

For RQ 2, results of the coding showed that both types of raters
commented on the same areas of writing, though frequencies in each
category varied per level, as shown in Table 4. For instance, in the area
of content development and organization, the frequencies were similar or
exact in Levels 2+ and 3, respectively, while in Levels 1, 1+, and 2,
ChatGPT commented more frequently in that category than humans
did. Generally speaking, task completion was viewed as important to the
human raters more often than ChatGPT, particularly in Level 1, Level
1+, and Level 2+, resulting in significant differences. It was also found
that the category sentence structure/grammar was assessed relatively simi-
larly in terms of frequency for Level 1 and Level 2, though quite dif-
ferently in Level 1+, where humans rated this much more frequently,
27%, compared with ChatGPT, 9%.
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Also of interest in the data were frequencies for the category lexical
appropriateness and complexity, with Levels 1 and 1+ resulting in the
same frequencies, Levels 2 similar frequencies, and Levels 2+ and 3
showing more differences, with Level 2+ the greatest difference. The
category of cognitive skills was used by both sets of raters at Level 3, as
well as by ChatGPT at Level 2+, where it seemed most appropriate
according to the descriptors and demonstrated ChatGPT’s ability to
use this category sparingly and appropriately in a similar way as the
humans did. Level 3 also showed similarities in the areas of content
development and organization, where frequencies were equal, as well as
comprehensibility of message, with very few comments by both sets of
raters. A look across the levels shows humans rated mechanics higher
than ChatGPT, with the greatest difference at Level 3. The category of
writing style was consistently used more frequently in ChatGPT’s justifi-
cations than humans’ overall.

Finally, the Non-ratable (NR) category frequencies show that raters
focused their comments on similar areas, with no comments on compre-
hensibility of message, mechanics, or cognitive skills, and the categories of
both sentence structure/grammar and task completion being cited equally at
13%. The significant difference in this rating category was observed in
content development and organization which greatly influenced ChatGPT
as seen in 50% of its justifications compared with on 13% of human
justifications. In addition, human raters justified NR at 19% for cohe-
sion and coherence and language command, categories ChatGPT did not
address, suggesting human justifications may have provided stronger
arguments for the NR designation.

Features of ChatGPT 3.5’s Justifications

For RQ 3, we analyzed the 20 rationales written by ChatGPT to
determine whether they included elements of effective feedback for
revision. Results are shown in Table 5. ChatGPT demonstrated the
ability to provide detailed justifications, with the length of feedback
varying based on proficiency level. Level 3 samples received the lon-
gest justifications (272 words), while Level 1 samples received the
shortest (191 words). In terms of text specificity, ChatGPT consistently
incorporated specific examples from the writing sample, particularly
focusing on word choice and grammatical inaccuracies, showcasing its
ability to ground feedback in the text. Its mode and tone were gener-
ally supportive, with 15 of the justifications containing praise, such as
comments like “you do a good job in...” or “your description... is
engaging,” often paired with constructive criticism. On the other
hand, ChatGPT employed mitigation strategies, such as hedging, in 13
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TABLE 5
Instances of Quality Feedback Features in ChatGPT Justifications

Number of justifications with the feature Percentage of total
Feedback criteria present (total N = 20) justifications
Text-specificity 19 95%
Mode and tone 15 75%
(supportive)
Presence of 13 65%
mitigation strategies
Advice for revisions 12 60%
Criteria-based 14 70%

”»

justifications. Phrases like “you might want to...” or “language could
benefit from...” were used to soften suggestions for improvement,
creating a balance between directness and encouragement. In terms of
revision advice, ChatGPT provided actionable suggestions in 12 justifi-
cations, offering concrete recommendations for improvement, includ-
ing areas such as organization, language accuracy, and
professionalism, all aimed at helping learners achieve higher ratings.
Moreover, ChatGPT demonstrated a connection to the rating criteria
in 14 justifications, often paraphrasing descriptors and embedding
them within elaborated sentences. For instance, in its justification for
a Level 2 text, ChatGPT wrote,’ “language used is generally precise
and appropriate for the intended audience.” Compare this with the
STANAG 6001 descriptor for Level 2: “Vocabulary use is appropriate for
high frequency topics, with some circumlocutions. .. the individual writes in a
way that is generally appropriate for the occasion.” This nuanced and con-
textually relevant integration of criteria-based language provides evi-
dence of ChatGPT’s capacity to offer meaningful and tailored
feedback.

Finally, Figure 4 shows a color-coded example of a justification on a
sample rated Level 2, demonstrating ChatGPT’s ability to incorporate
the previously discussed features of effective feedback into its
justification.

DISCUSSION

This study compared human and ChatGPT ratings on a
NATO-based writing proficiency test, analyzing both rating alignment
and ChatGPT’s potential for writing support. Using Williamson

7 ChatGPT-generated text has been bolded for emphasis.
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Key:

Text specificity - Supportive tone |:| Hedging . Advice for revision |:|

This blog post effectively addresses the tasks by comparing and contrasting communication
methods used in the military both in the past and present, and speculating on how new
technological advances might affect future military communications.

Here's the rationale for the rating:

1. Organization and Logical Development: The post is well-organized, with a clear
structure that separates the discussion of past communication methods from the modern ones.
Each section flows logically into the next, providing a cohesive narrative. However,

2% Complexity of Writing: The writing demonstrates a moderate level of complexity,
with a mix of simple and compound sentences. There's a good attempt at explaining complex
concepts such as the evolution of communication technologies in the military. Howewver,
some sentences could be more refined for clarity and precision.

3: Richness and Precision of Vocabulary: The vocabulary used is adequate for the topic,
covering terms related to military communication. However,r“
in terms of variety and precision. For example, using more specific terms for communication
technologies could enhance the richness of the vocabulary.

4. Accuracy of Grammar and Spelling: There are some grammatical errors and awkward
hrasings throughout the post,
These errors detract

from the overall clarity and professionalism of the writing.

5: Suitability for the Intended Audience: The post is suitable for blog readers interested
in military technology and communication. It provides relevant information in a digestible
format, making it accessible to a general audience.

Overall, this blog post demonstrates a solid understanding of the topic and effectively
addresses the tasks outlined in the prompt.

FIGURE 4. ChatGPT Feedback Color-Coded for Features of Effective Feedback.

et al.’s (2012) framework for evaluating automated scoring systems, we
focused on Construct Relevance and Representation and Empirical
Performance. Exact agreement between human raters and ChatGPT
was slightly lower (50%) than previous studies. For instance, Kim
et al. (2024) had between 55% and 57% exact agreement depending
on whether the prompt and source text were used or not. These are
similar to the findings by Mizumoto and Eguchi (2023) whose exact
agreement rate was 54.33%. However, our adjacent-level agreement
was high (91%), which was comparable to these prior studies. These
findings underscore that while exact alignment between human and
ChatGPT is not easily obtained, there is a significant degree of consis-
tency in the rating process. As viewed in the context of Empirical Per-
formance (Williamson et al.,, 2012), this pattern of adjacentlevel
agreement suggests that ChatGPT is capturing aspects of writing profi-
ciency in a similar manner to human raters, even if discrepancies
remain. Notably, ChatGPT showed significant discrepancies in
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assigning Level 1 and 1+ ratings, suggesting inconsistencies in its inter-
pretation of the scale, particularly at lower levels. This finding is criti-
cal for addressing Construct Relevance and Representation, where it is
essential to evaluate whether the automated system adequately repre-
sents the intended construct. Content analysis revealed variations in
category frequency, particularly in sentence structure, content development,
and organization, and task completion. Adjusting ChatGPT’s weighting of
these areas at the lower levels could improve its alignment with human
raters.

ChatGPT demonstrated a comparable understanding of the rating
scale across many categories, though variation existed by level. Task
completion, for example, was rated similarly at Levels 1 and 2 but dif-
fered at Level 1+. It should be noted that the differing total of justifi-
cations, with ChatGPT’s justifications representing a significantly
smaller sample size, may introduce variability and is therefore a limita-
tion of this study. Nevertheless, these findings further highlight the
Construct Relevance and Representation of the system, revealing that
ChatGPT can process some elements of writing that are consistent with
human raters’ expectations, but there are nuances in its approach. As
Naismith et al. (2023) suggested in their findings, discrepancies could
be used to prompt ChatGPT to weigh certain categories more or less
to help align it with human raters. For example, our study would sug-
gest that ChatGPT should be prompted to weigh the category of
mechanics greater across the levels, as humans factored this into their
ratings more frequently than ChatGPT, and that the idea of task com-
pletion should be clarified particularly at Levels 1, 1+, and 2 +.

However, the frequency differences did not always demonstrate
ChatGPT’s deficiencies in analyzing a text. ChatGPT more frequently
commented on both content development and organization as well as writ-
ing style than human raters. A closer look at the data suggests that in
commenting more on these areas, ChatGPT had a thorough under-
standing of more aspects of the STANAG 6001 criteria. Implications of
these results are that ChatGPT may be useful in highlighting areas of
the scale that tend to be neglected by raters, particular “blind spots”
in their rationales. This insight is in line with the Empirical Perfor-
mance element, which calls for comparing the automated tool’s per-
formance with human ratings. Yet, this should be used judiciously as
our quantitative analysis shows that ChatGPT was not as accurate with
rating the lower-level essays as the human raters were. Furthermore,
we concur with Naismith et al. (2023) who caution that the rationales
should not be used to provide “insight into the process of generating rat-
ings, even when they provide true and relevant information about the
response” (p.399).
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Our analysis of justifications based on five criteria found that
ChatGPT included many features of effective feedback, indicating its
strong potential as an AWE tool, a finding similar to results from Steiss
et al. (2024). For the first criteria of length, ChatGPT was able to pro-
vide very long justifications. Length of justifications does not necessar-
ily imply better quality, and at times the longer justifications focused
disproportionately on just a few aspects of the STANAG 6001 descrip-
tor or the connections to the STANAG 6001 descriptor became “lost”
in the writing. However, the longer justifications often indicated that
ChatGPT was able to write thorough explanations using criteria from
the scale to justify its rating, a finding supported by research that
shows longer feedback has been found to provide greater support to
writers in their revision process (Ferris, 1997). Additionally, ChatGPT’s
feedback was text-specific, which has been found to lead students to
more revisions (Ferris & Hedgcock, 2014) and used hedging, a tech-
nique that has been found to have a positive impact on the revision
process (Nurmukhamedov & Kim, 2009). ChatGPT’s evaluation also
used a supportive, motivating tone which is highly valued by learners
(Weaver, 2006;). In addition, the tone struck a balance of praise and
criticism which has been shown to have a positive effect on learners’
ability to revise their text (Andrade & Evans, 2012), and it provided
recommendations and advice for revisions which are generally sup-
ported by learners (Hyland & Hyland, 2006). Unlike Steiss
et al. (2024) who prompted ChatGPT to use “a friendly and encourag-
ing tone” (p.4) and to give advice on ways to improve the writing, our
study found that ChatGPT did this without any special prompting to
do so. These automatically generated features in ChatGPT evaluations
could help students engage with the Al feedback and incorporate it
into revisions.

CONCLUSION

Our study presented ChatGPT as a higher level AWE tool to aid
learners and teachers in the writing classrooms by helping them
understand the assessment criteria for which they are measured in
writing proficiency tests. While ChatGPT shows promise in evaluating
writing at higher proficiency levels and can provide useful feedback
for revision, further refinements are necessary to strengthen its under-
standing and application of the rating scale. This study suggests that
with targeted adjustments to its training and additional data, ChatGPT
can become a viable tool for supporting writing assessments. Research
on feedback in the L2 classroom has provided much insight into
its importance for learners’ writing development (Ferris &
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Hedgcock, 2014), and yet teachers face many challenges as assessors of
writing (Hamp-Lyons, 2013). The ability of ChatGPT to provide mean-
ingful, scale-based feedback to learners is of great significance, and
instructors can draw on the freely accessible tool to support them in
their feedback practices and help their students produce writing in
light of the rating scale. Nevertheless, we should be cautioned that the
Al engine might not respond well to long pieces of writing on
multi-level tests, and a sufficient training on the Al tool in advance
would be indispensable. Furthermore, we caution that learners should
not rely solely on the tool to assess their writing and that teachers
should scrutinize and adapt ChatGPT-generated feedback to ensure
the evaluation’s accuracy and appropriateness (Han & Li, 2024). In
light of these warnings, the use of ChatGPT for teachers and trainees
in assessments are noteworthy. ChatGPT can provide new insight into
the rating scale and help human raters better understand the levels,
something that may be welcomed particularly as even the experienced
human raters were at times hesitant and unsure of their rating, which
was revealed in this study. ChatGPT could serve as a “new pair of eyes”
for raters in initial rating training who are learning how to interpret
and apply the rating scale. As research suggests that continuous rater
training is necessary to ensure that raters develop and remain consis-
tent in their understanding of rating scales (Yan & Chuang, 2023),
trainers could use ChatGPT to generate justifications, and after vetting
them for appropriateness, these texts would provide new raters with
ample training data that could be used in a variety of ways in training
sessions.

Based on our findings, future studies can further investigate discrep-
ancies between human rating and ChatGPT rating to better under-
stand why they occur and whether they can be used either for
additional ChatGPT training to improve its abilities or human under-
standing of the grading criteria. Also, future research, particularly lon-
gitudinal studies, can explore how ChatGPT ratings and justifications
on students’ practice essays will prepare them for writing proficiency
tests, drawing on triangulated data sources such as interviews, ques-
tionnaire surveys, ChatGPT output, and students’ writing products and
writing scores. Future research can also explore different stakeholders’
perceptions of ChatGPT’s potential as an AWE/AES tool. As ChatGPT
continues to develop, future studies can further examine ChatGPT as
an assessment tool in diverse high-stakes testing settings. While there
is still much to consider over the use of Al in language assessment in
general, testing experts, teaching practitioners, and learners of all
types will increasingly experiment with ChatGPT and other Al technol-
ogies. As we anticipate innovative ways Al can help in language instruc-
tional and assessment practices, we hope to see future research studies
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that provide more insights into how we can leverage the Al tools to
contribute to our human understanding, and how humans can con-
tinue to collaborate with machines to make achievements.
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