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ChatGPT-40 argumentative essays were first scored by 13 human raters working in pairs. 28 of them

were selected as model essays while the remaining 212 essays were thereafter scored
by ChatGPT-40 only. Quantitative analysis employed the Quadratic Weighted Kappa
statistic to measure inter-rater reliability, focusing on the agreement among human
raters and ChatGPT-40. Findings suggest that ChatGPT-40 demonstrates only fair
agreement with human raters, producing significantly lower and inconsistent scores.
Regarding this discrepancy, five experienced human raters were interviewed about the
strengths and weaknesses of ChatGPT as a scoring tool, with their perspectives and
practices thematically analyzed to triangulate the quantitative findings. The key
differences were classified under the themes such as rubric adherence, scoring bias
and sensitivity to nuances. Due to Al-enabled automation, ChatGPT exhibits
pragmatic dualities in practicality, providing feedback and linguistic capacity. The
remarkable strengths involve less manual effort, faster detailed scoring feedback and
broader linguistic dataset. However, human-driven optimization through constant
supervision, care and pedagogical expertise is essential for a more nuanced scoring.

Writing assessment.

INTRODUCTION

In recent decades, Automated Writing Evaluation (AWE) systems have been of great
importance in developing language instruction and assessment for many language-testing
organizations (Shermis & Burstein, 2013). Dating from the 1960s, AWE is now a generic term,
referring to both Automated Essay Scoring (AES) and Automated Essay Grading (AEG). While
AES and AEG primarily target the scoring and grading of written responses in both high- and
low-stakes tests (Dikli, 2006), AWE places these within a more formative, feedback-rich
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integration of the technology into language learning (Nguyen & Hegelheimer, 2022). These
systems rely heavily on a combination of statistical techniques and linguistic strategies from a
variety of fields such as linguistics, computer science, and educational measurement. The
mechanisms behind these systems investigate related linguistic evidence in test taker’s writing
and then create an algorithm that enables mapping the prepackaged collection of linguistic input
to produce a comparable score to that of human raters. Project Essay Grade (PEG) is the earliest
known AES system (Page, 2003), which started the journey of more modern techniques for
natural language processing (NLP) among which Latent Semantic Analysis (LSA) by Foltz et
al. (2013) stands as a great breakthrough. LSA makes use of mathematical algorithms to
identify the underlying semantic structures within enormous text corpora and to allow for a
deeper comprehension of the content and meaning of human writing, producing efficient scores
with consistency (Attali & Burstein, 2005).

Research on the benefits of AWE systems has explored various aspects, including respectively
their role in developing revision strategies for learners, enhancing rhetorical competence for
writers, and improving surface-level accuracy of learners (Chapelle et al., 2015; Huffman,
2015; Wang & Wang, 2012). Additionally, studies have investigated learners' perceptions of
AWE, with some supporting its use to improve writing proficiency (Huffman, 2015), while
others still prefer teacher-generated feedback (Hyland & Hyland, 2006). Furthermore, a
growing body of research has examined the quality and reliability of AWE feedback. Some
studies suggest AWE feedback to be limited in content, focusing primarily on surface-level
aspects such as lexis, mechanics, and grammar whereas others have reported a high correlation
between AWE and human generated feedback (Attali et al., 2010; Wang et al., 2012), with low
or no correlation (Li et al., 2014; Wang & Brown, 2007). These mixed findings highlight a gap
in the research, underscoring the need for more descriptive and extensive studies on AWE and
its feedback mechanisms. Considering positive correlations with the scores assigned by
humans, a more robust predictive model can be designed utilizing algorithms (e.g. neural
networks) to enhance the comprehension of writing quality for the personalized development
of Second language (L2) learners (Crossley, 2020).

The rapid development of technology such as automated scoring systems, machine learning and
deep learning has shifted the previously stated gap toward a new direction of research: artificial
intelligence (Al). Deep learning, a sub-discipline of machine learning, exploits multiple hidden
layers of neural networks to carry out complicated tasks such as natural language processing
and speech and image recognition (Shermis & Burstein, 2013). Among deep learning models,
Generative Pre-trained Transformer (GPT) is a pioneering transformer-based language model
(Radford et al., 2018) which heavily relies on an enormous corpus of text data for natural
language processing tasks such as translation, text generation and question-answering in a way
that humans do. Towards the end of 2022, OpenAl released ChatGPT, a chatbot that answers
any human guestion with incomparable proficiency in a wide variety of languages, upon which
it received massive attraction in terms of its user accessibility, dialogical interface and
instruction following capacity (OpenAl, 2022). Being competent to understand and generate
language, ChatGPT seems to be in service of teachers and students with an increasing number
of purposes in second language learning and teaching processes (Kostka & Toncelli, 2023; Lo
et al., 2024).

The literature reveals ChatGPT’s potential to support equitable and impartial writing
assessment (Barrot, 2023) by providing scoring and extensive feedback to validate the assigned
score free from human bias. It produces more lengthy feedback than humans, with a wide range
of multiple dimensions such as coherence, organization, grammar etc. (Guo & Wang, 2023);
however, it tends to produce over-corrected passages in its feedback because of its reliance on
automatic evaluation metrics, neglecting the original input, which may result in mis-
corrections, over-corrections and under-corrections (Wu et al., 2023). Highlighting the
underuse of GPT as an AES, Mizumoto and Eguchi (2023) argue that it may yield to effective
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results when prompted suitably and fine-tuned specifically according to the task. The studies
on the reliability of ChatGPT-produced scores in writing evaluation show either positive or
negative correlation with human raters across different versions.

The majority of the studies are prevalent with adversarial robustness of ChatGPT (based on
GPT-3 architecture) as a reliable assessment tool in terms of system roles and domain-based
inconsistencies (Shen et al., 2023; Wang et al., 2023). Similarly, studies regarding writing
evaluation suggest slight to fair agreement between ChatGPT-3.5 and human raters (Geckin et
al., 2023), producing lower scores and reflecting only weak to moderate agreement with a low
consistency (Bui & Barrot, 2024; Chen et al., 2025). In terms of the generation of assessment
questions, ChatGPT-3.5’s performance meets validity criteria to a low extent (Sihite et al.,
2023). Despite its strong performance in generating criteria-based feedback (Steiss et al., 2024),
ChatGPT-3.5 prioritizes accuracy by over-correcting the original linguistic features in its
feedback (Fang et al., 2023), which is perceived as anxiety-inducing rather than supportive
compared to that of human raters’ (Chen et al., 2025). However, the study by Mizumoto and
Eguchi (2023) promotes ChatGPT-3.5’s potential as an AES tool for EFL writing assessment,
with agreement between human raters and ChatGPT-3.5 being gold standard with a small
discrepancy of 1-2 points in the scoring of TOEFL essays.

According to the comparisons of the reliability and consistency between ChatGPT-3.5 and
ChatGPT-4 models, ChatGPT-4 shows superiority by %2.43 higher accuracy level (Shen et al.,
2023) and with slightly better performance variability across multimodal exam questions in
medical education (Gill et al., 2024). According to the empirical comparisons between the two
models in the assessment of writings of L2 English learners, ChatGPT-4 is reported to be more
efficient, promising consistency with closely similar scores to human ratings rather than those
of ChatGPT-3.5 (Li et al., 2024; Yancey et al., 2023), which proves ChatGPT-4’s higher
potential in assisting teachers.

Based on the inter-rater agreement between human raters’ and ChatGPT-4’s across different
assessment formats and genres, most studies indicate moderate to substantial agreement levels
(Shermis, 2024; Xiao et al., 2024; Yigiter & Boduroglu, 2025) and similarly moderate to strong
high-level correlation (Demir, 2023; Jukiewicz, 2024; Quah et al., 2024; Uyar & Biiyiikahiska,
2025). All the studies point out the higher human agreements despite certain alignment in the
scores with ChatGPT-4. However, ChatGPT-4 produces in-depth feedback with generic and
broad words, lowering its effectiveness to be used as guidance for improvement (Yoon et al.,
2023). For optimal reliability, the importance of human agency and its optimization of the
scoring and feedback process remains essential (Bandura, 2002; Mollick & Mollick, 2023). For
example, ChatGPT-4 can be used to supplement human feedback, which includes affective and
reflective tone (Aliakbari et al., 2025; Escalante et al., 2023; Xiao et al., 2024). Furthermore,
analytic rubrics are suggested to increase objectivity and promote scoring consistency, thus
reducing inter-rater variability to a minimal level (Bilican Demir & Y1ldirim, 2019). Otherwise,
using ChatGPT as a stand-alone predictor in high-stakes exams entails risks (Shermis, 2024) as
it tends to assign scores close to the average, decreasing the accuracy and validity of the scoring
(Xia et al., 2024) and lacking consistency to replace human raters (Chen et al.,2025).

The use of ChatGPT in writing assessment is both promising and controversial, with prior
studies yielding mixed results due to differences in methodology, model versions, and sample
sizes. The rationale for this study lies in addressing the gap of systematically controlled
investigations within localized educational contexts, particularly in the Turkish setting. Its
originality stems from applying a curriculum-aligned rubric, analyzing a larger corpus of
student essays with multiple trained raters, and providing qualitative insights through
observation of ChatGPT-40’s scoring process and integration of human perspectives. In doing
so, the study contributes novel evidence on whether ChatGPT-40 can serve as a consistent and
reliable alternative to traditional human scoring, which is further examined through the
following research questions:
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1. To what extent do human raters and ChatGPT-40 comply with each other in assessing EFL
students’ writing proficiency in the areas of:

a. the format of the essay?
b. the style of the essay?

2. What are the strengths and weaknesses of ChatGPT as a scoring tool based on observed
scoring process and traditional scoring practices?

METHOD
Research Design

This study employed a sequential explanatory mixed-method research design (Creswell &
Plano Clark, 2018), which began with the collection and analysis of quantitative data and
followed by the qualitative strand in order to examine and elaborate on the consistency between
human raters and ChatGPT-40 (paid version) in the evaluation of students’ argumentative
essays. “ChatGPT-40” and “ChatGPT” both appear in the following sections, the former
referring specifically to the model used in the present study’s context and the latter referring to
any versions in general. The quantitative phase employed percent agreement, correlation
coefficients, Cohen’s kappa and Quadratic Weighted Kappa (QWK) as a statistical measure of
inter-rater reliability. Descriptive statistics and normality tests were also computed in Statistical
Package for the Social Sciences (SPSS). The aim of the quantitative analysis was to find out
whether a degree of agreement exists between experienced human raters and ChatGPT-40. In
the subsequent phase, semi-structured interviews (see Appendix A) were conducted with
voluntary human raters. The interview data were analyzed through thematic analysis (Clarke &
Braun, 2017) with an aim to address ChatGPT-40’s benefits and drawbacks based on how
human raters describe their own scoring experience and that of ChatGPT. The combination of
guantitative agreement levels and qualitative insights from human raters enabled
methodological triangulation, which enhances the credibility and validity of the findings.

Data Collection
Dataset and sampling

In this study, the convenience sampling method was employed for the quantitative analysis
based on the accessibility and availability of the data (Dérnyei, 2007). The dataset consists of
240 argumentative essays, which were written by 240 B1 level prep school students at a public
university. The students were asked to write an argumentative essay about whether exercise has
a positive effect on human beings both psychologically and physically. Each essay was scored
by paired-in-twos by a total of 13 different human raters who were trained lecturers with 1 to
10 years of experience in teaching and assessing essays.

As for the qualitative aspect, semi-structured interviews were performed with randomly chosen
five participants (38.5%) from the total sample of 13 human raters. The main goal here was to
collect contextual insights from information-rich human raters who had specialized knowledge
on the writing assessment (Patton, 2002). For this reason, it could be said that this study used a
two-stage sampling approach: purposive selection of B1-level teachers at the first stage and
random selection of interviewees at the second. The purposeful sampling method was chosen
with an aim to complement the results of the quantitative analysis and provide additional
meaningful perspectives, which increases the depth, richness and relevance to the research
objectives. It is a commonly used qualitative research design that triangulates the quantitative
findings (Palinkas et al., 2013). By the same token, random sampling was subsequently
determined to minimize selection bias and achieve greater generalizability simultaneously
(Creswell & Creswell, 2018).

Rubric
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The analytic rubric (see Appendix B) was created by the testing office of a public university. It
was designed specifically in accordance with the curriculum goals in order to evaluate B1 level
EFL students’ writing proficiency, with a special focus on the domains of their structural and
linguistic skills. It uses a comprehensive and explicit scoring framework to assess these two
main aspects: format and style. The format in this rubric is described as the organizational
elements of an argumentative essay, which can be listed as a reader hook, background
information, thesis statement, topic sentences, supporting sentences with details, restatement of
thesis statement and a concluding sentence. It’s essential to include an introduction paragraph,
two different body paragraphs and a conclusion paragraph to fulfil the flow of the argumentative
essay. The style, on the other hand, focuses on the surface-level elements, which are the usage
of cohesive devices, grammar, mechanics and vocabulary. Since these components enhance and
increase the overall readability, linguistic accuracy becomes crucial at this point.

Each criterion is calculated on a scale of 0 to 2. Band 0 represents entirely missing elements in
the format section, whereas it indicates partial readability in the style section. Band 1 describes
that the organizational elements are apparent in the format section, while it is the maximum
score in the style section if an essay includes no more than a certain number of linguistic errors.
Finally, Band 2 is the maximum score which can only be obtained from the format section if
all the requirements are appropriately and relevantly satisfied. The total possible score is 20,
consisting of format (16 points) and style (4 points). Only 4 points are assigned if an essay goes
off-topic. Additionally, this rubric allows each human rater to have a maximum 3-point
discrepancy. If the difference exceeds 3 points, the essay is reviewed by a third rater.

Procedure

As depicted in Figure 1, the process began with the selection of 13 independent human raters
who teach at B1 level of English to prep school students. To ensure consistency among all
raters, they were provided with a scoring manual and standardization meetings prior to the
scoring of the argumentative essays. Upon reaching a satisfactory level of standardization, the
raters were assigned as the first and second raters to 10 different groups, each consisting of 24
students. The first rating session included 10 different human raters, each paired with a different
partner from 10 raters in the second rating. As group membership was non-exclusive in both
rating processes, six human raters took part in a single rating, whereas seven of them were able
to participate in both.

. ChatGPT-4.0's
Selection of Collection of training with Interview with

13 human raters 240 essays 28 model essays 5 human raters

Step 1 Step 3 Step 5 Step 7
Step 2 Step 4 Step 6

Standardization Human scoring ChatGPT-4.0's
meetings of 240 essays scoring of
212 essays

Figure 1. Steps of data collection procedure.

Following the collection of the 240 argumentative essays, the human raters were asked to score
these essays independently based on the rubric. At the end, their scores were averaged to
produce a final total score for each essay. All participants were informed of the study's purpose
and procedures, and informed consent was obtained in accordance with ethical standards.
During both data collection and analysis processes, ethical considerations were taken into
account by anonymizing students’ and raters’ identities to protect their privacy. Therefore, the
raters were anonymized and represented under two groups, namely R1 and R2. whereas the
interviewees were given identities such as 1A, IB, IC etc. The essays of students were also
transcribed with pseudo-identifiers such as Essay#S1, Essay#S2, and so on, to ensure
confidentiality and anonymity.
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Subsequently, it was quite important to train ChatGPT-40 to produce human-like scores before
it could be used as an assessment tool. Therefore, out of 240, 28 pre-scored argumentative
essays by 13 human raters were selected as the model essays using a purposive sampling
strategy for a clear benchmark reflecting different writing qualities between 0 and 20 points and
even distribution from each of 10 different groups. The initial plan was to choose 40 different
essays representing each distinct score, e.g., 20, 19.5, 19, 18.5 and so on; however, only 28
different scoring patterns were identified in the dataset. Nine argumentative essays fell within
the score range of 0 and 10, while nineteen of them were scored between 11 and 20. The
proportional selection was modified accordingly in cases where the eligible representative score
was absent. The final selection involved two essays each from Groups 5,6 and 7; three essays
each from Groups 1,2,3,4,8 and 9 and four essays from Group 10. The selected model essays
helped illustrate what is expected from the students regarding the essay’s format (e.g., content
and organization) and style (e.g. vocabulary, grammar, mechanics), ensuring consistency in
scoring and increasing ChatGPT-40’s sensitivity to subtle differences and nuanced
understandings among different scoring levels.

It took ChatGPT-40 almost two weeks to complete scoring of 212 essays, a maximum of 15-17
per day, assuring a detailed assessment based on a comprehensive rubric and consistency checks
from pre-scored model essays. The model essays were uploaded into the memory of ChatGPT-
40 along with the rubric criteria that human raters based their scoring on. The remaining 212
essays were then reserved to be assessed by ChatGPT-40 with the specific prompt below:

“Please study the file called “Rubric and 28 models” as guidance for the following task. Review
and score the essays that you are provided, based on the rubric and model essays you are given.
You should evaluate each essay according to the criteria outlined in the rubric, which covers
both format and style of the essay. The total score for each essay is 20 points. Make sure you
refer to the topic and pre-scored model essays for guidance in assigning scores.”

Ultimately, the assigned scores by human raters and ChatGPT-40 were compared and
descriptively analyzed to find out the level of agreement in line with the purpose of the first
research question, which is aligned with the quantitative phase of the study. The research
question 2, on the other hand, aims to explore the strengths and weaknesses of ChatGPT-40 as
an automated scoring tool compared to human raters. The human raters were asked if they
would like to participate in the second phase of the study once they completed their scoring
process. Out of 13, five of them agreed to participate voluntarily and no incentives were offered
to the participants. Each interview was conducted in the participant’s native language, Turkish,
and lasted around 20 minutes. The interviews were recorded, transcribed and translated into
English sequentially.

Data Analysis

Each essay was manually entered and evaluated based on a predefined rubric by ChatGPT-4o0.
The scoring was performed via the web interface at chat.openai.com, without using any
programming interface or temperature setting. In order to obtain initial impressions on the
scoring behaviors and possible disparities between human raters and ChatGPT-40, descriptive
statistics were performed on the total, format and style scores respectively. Subsequently,
skewness and kurtosis coefficients were utilized to determine whether the scores exhibit a
normal distribution within the medium-sized dataset (N = 212). The values [|Skewness| < 2,
|Kurtosis| < 7] were followed as suggested by Curran et al. (1996) due to the flexible nature of
essay scoring. The comparison of the agreement level between human raters and ChatGPT-40
was achieved through several analyses. As a version of Cohen’s kappa inter-rater reliability
analysis, QWK serves as the main source of analysis in this study, considering the flexibility of
a 3-point difference in the traditional human scoring. QWK was used with the standard
quadratic weights on the 0—20 scale, which does not impose the 3-point human tolerance, as no
custom weight matrix was applied. In addition, percentages of agreement, correlation
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coefficients and Cohen’s Kappa are reported as complementary evidence without further
details. The interviews were analyzed using thematic analysis as an accessible and flexible
analytic approach (Clarke & Braun, 2017) in order to identify emerging patterns, themes or
additional perspectives in relation to the aims of the present research. First, the interview data
were systematically read before it was familiarized to generate initial codes. Afterwards, the
themes were searched, reviewed and refined by two researchers in a subsequent manner to test
the reliability of interpretations. Ultimately, the emergent themes were defined and reinforced
with the comments of interviewees.

RESULTS
The Compatibility Between the Scoring of ChatGPT-40 and Human Raters

The initial findings are jointly presented in Table 1 with the overall distribution, such as the
central tendency (mean, mode), variability (standard deviation) and the normal distribution
(skewness and kurtosis) of the scores assigned by human raters and ChatGPT-40. The first
notable finding was the differences in mean and standard deviation values. The means of the
total, format and style scores given by human raters (M = 14.53, SD = 3.29; M =12.31, SD =
2.95; M = 2.21, SD = 0.94) were higher than the those of ChatGPT-40 (M = 10.32, SD = 2.98;
M =9.93, SD = 2.58; M = 0.38, SD = 0.73). The values indicated that human scores were
assigned higher and more dispersed scores not only for the total but also for the two component
parts, format and style, compared to ChatGPT-40. In terms of the most frequently assigned
scores by human raters and ChatGPT-40, differences were also observed across the modes of
the total (Human raters = 15, ChatGPT-40 = 10), format (13, 10) and style (2, 0). This can be
interpreted as ChatGPT-40 tended to give more scores closer to the average compared to human
raters. Despite the choice of the most flexible range [|Skewness| < 2, |Kurtosis| < 7], the
normality assumption was violated for the style scores, although the total scores and format
scores were within the acceptable range.

Table 1. Descriptive statistics of the scores.

Total Scores N M Mode SD Min Max Skewness Kurtosis
HRA 212 14.53 15 3.29 0 20 -1.439 3.402
40 212 10.32 10 2.98 0 20 0.165 1.790
Format Scores
HRA 212 12.31 13 2.95 0 16 -1.782 4511
40 212 9.93 10 2.58 0 16 -0.332 1.707
Style Scores
HRA 212 2.21 2 0.94 0 0.077 -0.236
40 212 0.38 0 0.73 0 2.486 7.631

Note. HRA = Human raters’ average score and 40 = ChatGPT-40.

As presented in Figure 2, 209 essays showed a difference of < 3 points between the first and
second group of human raters, representing 98.6% of the 212 essays. Human raters showed a
0-point difference in 133 cases (62.7%) while +1-, £2-, and +3-point adjacent agreement were
observed in 26 (12.2%), 36 (17.0%), and 12 (5.7%) of the essays, respectively. Minor
differences of less than 1 point were also observed in 2 essays (0.9%). The maximum
discrepancy was 4 points and appeared only in 3 different essays (1.4%).
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Figure 2. Discrepancy in scoring between the first and second group of human raters.

Note. The vertical axis displays the number of essays, and the horizontal axis indicates the scoring differences ranging from -
410 +4.

The discrepancies between human scoring and ChatGPT-40 scoring of the argumentative
essays are illustrated in Figure 3. According to the findings, the most notable finding was that
ChatGPT-40 produced 138 times lower scores than human raters, exceeding the 3-point
threshold, which made up 65.1% of the total. Additionally, ChatGPT-40 produced 50 times
lower scores compared to human raters within the 3-point tolerance limit, which constituted
23.6% of the total. As for the ChatGPT-40 scoring that exactly matched with human raters, it
was observed only 11 times, accounting for 5.2% of the total. The last finding was that
ChatGPT-40 was observed to assign higher scores than those of human raters 13 times within
the 3-point acceptable scoring range, representing 6.1% of the total essays. In general, it was
found that ChatGPT-40 assigned lower scores than human raters with considerably higher
scores and exact matches with the human raters.

Number of Essays
'S

150 —
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50 —

50
o L]
10 — 11 Score
| - > Discrepancy
Lower scores Lower scores Exact matches nghe{r scores Category
exceeding within within
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Figure 3. Discrepancy in scoring between human raters and ChatGPT-4o.

Note. The vertical axis displays the number of essays falling into four categories of score discrepancy on the horizontal axis
between human raters and ChatGPT-40. ChatGPT-40 scored 138 essays with a discrepancy greater than 3 points, and 50 essays
within the 3-point-tolerance limit. ChatGPT-40’s scores exactly matched those with human raters in 11 cases, while it only
scored higher than human raters in 13 cases.
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Table 2 below reports the comparison of the agreement levels both between the scores of two
groups of human raters (R1&R?2) and between the averaged scores of human raters and those
of ChatGPT-40, through QWK as the main metric, and percentages of agreement, correlation
coefficients and Cohen’s kappa as additional analyses. Based on Landis and Koch (1977)
guidelines for interpreting kappa values, the findings indicated almost perfect agreement
between R1 and R2 on the total scores (QWK = .913, 95% CI [.883, .943], p < .001). The
agreement was statistically significant and reliable, as can be understood from the narrow
confidence interval. However, the agreement between human raters and ChatGPT-40 on the
total scores was found to be fair, with a lower value (QWK = .221, 95% CI [.148, .293], p <
.001). The moderately wide confidence interval indicated some uncertainty despite the
significant result. In short, these results suggest that ChatGPT-40’s overall scoring matches
with human scoring at a fair level.

Table 2. Agreement and inter-rater reliability statistics of the scores.

95% ClI
Total Scores % r P K QWK” SE LL UL z p
R1vs. R2 62.73% 931 .886 .583 913 0.015 .883 .943 13.299 <.001

HRA vs. 40 5.18% .527 461 .013 221 0.037 .148 293 6.845 <.001

Format Scores

R1vs. R2 66.98% .946  .894 .619 926 0.014 .898 .954 13.483 <.001
HRA vs. 40 8.49% .482  .434 .028 289 0.050 .191 .387 6.438 <.001
Style Scores

R1vs. R2 75% .827 795 .654 792 0.035 724 860 11543 <.001
HRA vs. 40 7.54% 144 133 .010 .048 0.017 .014 .083 2537 011

Note. R1 = First human raters’ scores 1, R2 = Second human raters’ scores, HRA = human raters’ average score,
40 = ChatGPT-40 scores; QWK" = quadratic weighted kappa (“main metric), CI = confidence interval, LL = lower limit,
UL = upper limit.

Separate analyses were also carried out for the two components of the total: format and style.
Similar level of agreement was also observed on the format component; almost perfect
agreement between R1 and R2 (QWK =.926, 95% CI [.898, .954]) and fair agreement between
human raters and ChatGPT-40 (QWK = .289, 95% CI [.191, .387]). These results indicated a
statistically significant (p <.001) level of agreement between human scoring and ChatGPT-40’s
scoring along. As for the style component, the agreement between R1 and R2 was substantial
(QWK =.792, 95% CI [.724, .860]), and statistically significant (p <.001). Nevertheless, the
human raters and ChatGPT-40 showed slight agreement (QWK = .048, 95% CI [.014, .083]),
on the style evaluation of the essays. Even though it could be accepted as statistically significant
(p = .011), the agreement value was interpreted as only slightly better than by random chance.
Therefore, Spearman’s correlation coefficient was specifically provided for this component in
addition to Pearson’s correlation coefficients for the remaining two. It also showed that the
correlation was weak and accepted as negligible in practice. These discrepancies, with respect
to strengths and weaknesses of both ChatGPT-40 scoring and traditional human scoring, were
reinforced with empirically obtained findings drawn from the observation during ChatGPT-
40’s scoring process and semi-structured interviews with five human raters.

Strengths and Weaknesses of ChatGPT as a Scoring Tool
ChatGPT’s inconsistent scoring

In this study, ChatGPT-40, compared to human raters, was observed to assign lower scores on
the EFL students’ argumentative essays 65% of the time, while 35% of the scores were
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acceptably similar. The general impression from the interview data shows parallelism in that
three of the interviewees, who have experience with ChatGPT as a scoring tool (any version)
before, state that ChatGPT produced inconsistent scores, mostly lower, compared to human
raters. On the other hand, the other two benefit from it mostly for lesson planning, content
creation and giving feedback with no prior scoring experience. Drawing on the responses, Six
codes repeatedly appeared for the inconsistent scoring patterns, consisting of three human-
related and three Al-related characteristics. The differences caused by ChatGPT are labelled as
ChatGPT's sharp edges, objectivity and robotic nature that cause a lack of nuanced
understanding. On the other hand, the human-related variations can be listed as humans’
flexibility for taking initiatives, subjective feelings and tendency to credit creativity and higher
linguistic performance. In fact, all six features overlap with and contribute to more than one
theme to varying degrees; however, they are categorized under the most suitable emerging
theme that they are closely associated with. Table 3 summarizes the scoring discrepancies
between human raters and ChatGPT, regarding the codes with definitions, representative quotes
from the interview data and the emergent themes they fall into.

Table 3. Scoring discrepancies between human raters and ChatGPT.
Codes

Example quote Emergent themes

Strictness

ChatGPT follows the rubric
rigidly within sharp edges.

IB: “I think ChatGPT adheres more
strictly to the rubric. It might even treat
it like a Bible.”

Rubric Adherence

Flexibility

Human raters leave room for
interpretation and adaptation
when needed.

IM: “We tend to be a bit more flexible,
to be honest. If | compare myself to
ChatGPT, I’d say ChatGPT probably
follows the rubric more strictly.”

Impartiality
ChatGPT is free from personal
bias and judgments.

IB: “I believe ChatGPT would evaluate
the student according to the rubric we
provided, in a fully objective way -
neither more nor less than what it
deserves.”

Scoring Bias
Subjectivity 1J: ‘fHuman pefspectives are so
H . subjective, I think that’s where
uman raters may have unfair diff . Iy .
ersonal opinions ifferences arise, especially in writing.
P ' With GPT, that’s not the case—it’s not a
subjective tool.”
) IC: “... honestly, it’s a robot... I think it
Robotic Nature gives very harsh grades. |, on the other
ChatGPT lacks understanding hand, when grading, | look at it
human-like nuances. differently, I look at the bigger picture, | .
can say. That’s why I think those Sensitivity to
Nuances

Effort & Creativity Recognition
Human raters appreciate subtle
nuances such as effort,
creativity etc.

differences occur.”

IG: “When I see a student who has
improved themselves... that affects me,
unfortunately.”
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The aforementioned differences in scoring dynamics led to variations in the scoring of both
format and style components. First of all, rubric adherence substantially affected the scores
given on the stylistic elements of the essay, which are listed as grammar, vocabulary, mechanics
and coherence in the present study’s rubric. Four of the human raters believe that ChatGPT is
more reliant on the rubric, following its structure strictly, yet there is room for flexibility for
them. With an emphasis on the comprehension and interpretation of contextual meaning, human
raters claim that they have the authority to balance the rubric criteria with the overall
effectiveness of essays, which may have caused them to score relatively higher. On the other
hand, ChatGPT goes into a state, which we prefer to call ‘a mechanic trance’, counting each
mistake regardless of how big or small, without much effort on the negotiation of meaning.
This specific state of continuous functioning renders inconsistent scoring, mostly lower scoring,
inevitable because of limited attempts to negotiate contextual meaning.

The second main theme, scoring bias, stands out as another distinction between human raters
and ChatGPT. The common view amongst all the interviewees was that ChatGPT would only
have bias if it is prompted so. Though it can predict the user’s profile (native vs. non-native
speaker, age, gender, etc.), based on a certain type of linguistic features, it is less likely to
observe such scoring bias in open-ended writing where original ideas are tied around a topic.
On the contrary, human raters were claimed to be unavoidably biased due to emotional factors
and relationships, as three of the human raters outlined. For example, human raters might
involuntarily display compassion bias — feeling empathy for the students who are about to fail
or hardworking, and favoritism — feeling sympathy towards likable students. Such human-
specific features may also account for scoring inconsistencies, especially higher scorings, as
well as lower scorings due to ChatGPT’s mechanical nature. Grounded in the responses of
interviewees, ChatGPT’s major strength is that it provides unbiased scoring verbatim,
processing within the boundaries of the given prompt and rubric.

As for the last theme, the sensitivity to nuances emerges as the last scoring difference from the
interview data. Another common standpoint from the interview data was that human raters were
unintentionally affected by students’ creativity, originality or effort, whether fully or partially.
Whereas three of the raters expressed it in a more indirect manner, the remaining two explicitly
stated that the recognition of such elements influenced them to score higher in some cases,
where they overlooked the mistakes pertaining to the format components (e.g., clear thesis
statement, effective concluding sentence, etc.) and style components (grammar, vocabulary,
mechanics, etc.). Besides, all the interviewers expressed their discomfort with ChatGPT’s
robotic nature which caused insensitivity to the signs of effort and creativity in essays, which
may have also resulted in its lower scoring.

As a matter of fact, the state of mechanical trance resulted in internal inconsistencies within
ChatGPT-40, which produced different scores in the first and second round of scoring (see
Table 4). For example, ChatGPT-40 sometimes generated the miscalculated sum (40-R1 = 8,
40-R2 = 9) while adding up the sub-scores, which might lead to under-scoring. Another
incoherence was that ChatGPT-40 was prone to assign different scores (40-R1 = 13, 40-R2 =
15) for the same essay upon request to review and reevaluate over time despite no changes in
the context. More importantly, ChatGPT-40 was unable to penalize the irrelevant content and
assigned off-topic essays excessively a higher score (40-R1 =12, 40-R2 = 4) before requested
for the second review. The essays bore relevance neither structurally nor thematically to the
given task, which human raters reported that they could identify them at first glance. The
interviewers also assert that ChatGPT overlooks students’ proficiency levels and contextual
considerations, adopting a perfectionist stance which causes variations in its scoring (40-R1 =
7, 40-R2 = 12). To sum up, these self-inconsistencies, despite the same essay, prompt and
rubric, signal a critical limitation in the reliability of ChatGPT-40. For credibility and further
comprehension, representative outputs for each inconsistency type are presented in Appendices
C,D,E,and F.
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Table 4. ChatGPT-4o s self-inconsistencies in scoring across rounds.

Inconsistency  Essay Scores
Explanation 40- 4o- Example quote
Type ID HRA o1 )
Upon the 1J: “Maybe one piece is really well-
Miscalculatio  Essay request to 155 8 9 evaluated, but then it starts messing up the
n #5108 calculate ' others. ... it can’t fully process it ... it
correctly really needs to be checked carefully.”
1J: “I think it needs to be very well trained.
Upon the I mean, in order to provide a truly reliable
Temporal Essay request to 20 13 15 and independent score ... maybe through
Variation #S42 reassess two a serious process, like checking for
weeks later consistency or stability by repeating the
same task multiple times.”
IB: “We need to provide a prompt to
ChatGPT regarding what constitutes being
off-topic so that it can make a proper
Upon the decision. For example, 'Essays of this type
. . request to 4 might be considered off-topic’ or
Misclassificati  Essay iew for th ff- 12 4 'Deviation from the topic in this wa
on 4sp3g  rEViewlortne - ot ! pic in y
topic topic would be considered off-topic," and so on.
relevance | believe that if we define this within a
prompt, it can make a clearer decision.
Otherwise, it may still continue to evaluate
the essay as if it were relevant.”
IM: “ChatGPT might be expecting to see a
much more advanced output ... In terms of
style, T don’t really think there’s much
difference, because mistakes are mistakes.
Upon the We all count them the same way and
Overlooking Essay request to calculate the score based on the rubric. But
Contextual revisit format 15 7 12 in the format section, | think a difference
. #5111 ) s
Fairness and style could appear. I don’t have a very rigid
components opinion on how a concluding sentence

should be. But when it goes into
evaluation with all the data it has, maybe
the concluding sentence my student wrote
won’t seem satisfactory to it.”

Note. HRA = Human raters’ average score, 40-R1 = ChatGPT-40’s first round score; 40-R2 = ChatGPT-40’s second
round score.

In the essence of the interviewee’s responses, ChatGPT-produced scores are lower due to its
strict, impartial and robotic nature, and comparatively inconsistent due to human raters’
subjective, flexible and sensitive nature. According to our data, ChatGPT’s tendency to score
lower is believed to be a major weakness compared to human raters, yet ChatGPT’s self-
inconsistent scoring appears to be an even more considerable one.

ChatGPT’s pragmatic duality

In this part, ChatGPT’s strengths and weaknesses are discussed in the categories of its
practicality, the type of feedback and linguistic capacity. Drawing from the struggles and
conveniences faced during ChatGPT’s scoring, the interviewed raters conclude that
advantageous sides of both ChatGPT and human rating exist and depend on the context and
purpose of the task. The prominent themes were named as Al automation and human agency
across three different categories: practicality, feedback and linguistic capacity. Both have
multiple merits and drawbacks concerning all three, as qualitatively exemplified in Table 5.
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Table 5. Identified dualities of ChatGPT: Al automation vs. human agency.

Categories

Example quote for strengths

Example quote for weaknesses

Practicality

IM: “I feel like ChatGPT can be a bit
time-consuming to prompt. But still,
it’s the best tool we have.”

1J: “.it still rewrites the sentence, or
changes part of it into something different
than what it originally was ... so you need to
double-check or maybe go back and revise
the prompt to make it more specific ... It hits
its limit, and then you can’t access it
anymore.”

Feedback

IG: “As humans, we tend to overlook
some details due to fatigue. So in that
regard, | actually think it gives much
more detailed and accurate feedback
than I could... the feedback | give is
about one-third or one-fourth the length
of what ChatGPT provides”

IB: “The feedback I want is simpler. But if
we put a big essay in front of it and give it a
rubric—I don’t know if it has, like, the
educational psychology side. How much of
a professional performance are we expecting
from it, and to what extent would it meet
that?”

Linguistic
Capacity

IB: “ChatGPT has a lot of data and
more ability to compare using that data.
Based on that, it can reach a more
accurate conclusion by comparing the
student's writing to the examples it
holds... It gives me unlimited

IC: “A human evaluator might be better at
interpreting these. | mean, we are the ones
who teach the lesson, we are the ones who
know what an effective concluding sentence
is, we are the ones who teach it ... we need
to upload examples to its database, like “an
effective concluding sentence has these

alternatives.”
features,” and so on.”

Though the ultra-human level of automation provides unique advantages in the assessment of
writing, there are some aspects that require human reinforcement and refinement for more
effective scoring. To begin with, ChatGPT’s practicality, all the participants admit that
ChatGPT is faster and less labor-intensive than human raters, who experience time limitations
and fatigue while scoring. Highlighting it as a primary strength, the interviewees also report a
number of drawbacks, in terms of daily limit, establishing alignment, converting the written
input (from image-to-text) and delivering unwanted tasks such as addition or omission of the
original data. The consensus among the interviewees is that the prompt should be well-
articulated, and the rubric should include the same instructions with human scoring behaviors
and an adequate number of human-scored samples in order to get ChatGPT to produce human-
like scores. Constant intervention, calibration and double-check were also needed during
ChatGPT-40’s scoring process, which decreases the practicality, and thus, consistency of
ChatGPT-40-generated scores compared to human raters.

The amount and speed of feedback emerge as another significant strength of ChatGPT. All the
interviewees admit that they feel a sense of defeat by ChatGPT’s extensive and rapid feedback
delivery. However, they also regard it as mechanical feedback and criticize the absence of
emotional, psychological and pedagogical aspects. The common point of the interviewees is
the necessity of human touch to customize this generic and prescriptive feedback to be more
individualized, affective and tailored to meet students’ needs. They further address the role of
human-generated feedback in motivating students, contributing to their academic success and
building strong bonds with them. ChatGPT-40’s scoring process likewise resulted in lengthy
and generic feedback (see Appendices C, D, E, and F), maintaining an emotionally neutral tone
for 212 essays regardless of their quality or similarity. This observation prompted the possibility
of ChatGPT-40 assigned scores in a similarly generic manner, which might have also yielded
scoring inconsistencies between human raters and ChatGPT. Similarly, the statistical analysis
revealed that ChatGPT-40 mostly assigned scores close to the mode (10), which might also
support this speculation.

78



Karageper & Kiray Int. J. Assess. Tools Educ., Vol. 13, No. 1, (2026) pp. 66-94

The interviewees further address another time-efficient benefit of such automation actually
delivers: ChatGPT’s large-scale dataset. “Interviewee G mentions that “it is not possible for
me to be familiar with every English word or usage as a non-native English speaker.” Based on
their experiences, human raters tend to have perception blurs because of dealing with the similar
errors repeatedly or simply because of a knowledge gap. Conversely, ChatGPT can understand
and respond to a vast variety of linguistic features from different languages at a full capacity.
Nevertheless, human raters assume that it would, therefore, adopt a more perfectionist approach
to evaluate the incoming essays, which may yield to inconsistencies, most probably lower
scores. The bottom-line of the comparative references is that human raters possess cognitive
skills and pedagogical expertise, which serve as a binding factor in detecting format and style
components (e.g. clear thesis statement, effective concluding sentence, context-relevant
vocabulary etc.). They have the mastery in teaching the samples of such qualities in the
classroom and navigating such nuances more professionally. In this study, ChatGPT-40
similarly seemed to have higher expectations with respect to the ‘clear’, ‘effective’ or ‘context-
related’ quality of linguistic features because it generally assigned no points, responding that
they were ‘awkward’, ‘limited’ or ‘unclear’. For instance, Essay#S111 was previously scored
14 (format) and 1 (style) by the first human rater while 13 and 2 by the second human rater, for
a total of 15. It included the required structural elements, basic linking words and mostly
relevant vocabulary to the given topic. However, ChatGPT-40 graded the same essay 7 out of
20 (see Appendix F), giving 0 points on the style and only 7 points on the format with an 8-
point difference in total. Upon a second request to review it again at the end of the analysis, it
changed the scores to 9 and 3, for a total score of 12. It provided another feedback justifying
that the essay, in fact, met many of the required criteria. Because of its highly sophisticated
linguistic capabilities based on large language models, it might have expected more advanced
qualities from students’ essays. Therefore, it proves its inconsistent scoring, more commonly
its lower scoring tendency. Human raters also contribute to this inconsistency because they opt
for the higher score by neglecting the minor surface-level errors, associating students’ writings
with the assigned task from many possible angles.

DISCUSSION and CONCLUSION

This study tested the agreement level between human raters and ChatGPT-40 on the assessment
of EFL students’ writing performance. The quantitative findings of the study suggest that
ChatGPT-40’s total scores do not closely align with human ratings, with a fair agreement
(QWK =.221, (95% CI [.148, .293]) as reflected in the low exact agreement (N = 11, 5.18%).
This low exact match underscores a high discrepancy in scoring points. Covering partial and
adjacent agreement, 63 (29.71%) essays fell within £3 points acceptable range, as consistent
with human scoring tolerance. Out of 212 essays, ChatGPT-40 exceeded the 3-point-tolerance
limit in 65.09% (N = 138) essays, whereas the human raters had disagreement beyond this
tolerance limit only in three essays (1.4%). These findings are consistent with previous research
employing ChatGPT-3 architecture (Bui & Barrot, 2024; Chen et al., 2025; Gegkin et al., 2023),
as opposed to the study by Mizumoto and Eguchi (2023) in which a more globally standardized
analytic rubric was used. Additionally, the findings of the current study resonate with those of
Chen et al. (2025) and Xia et al. (2024), who reported that ChatGPT avoids extreme scores.
Likewise, ChatGPT-40 tended to assign scores close to the average with the mode being 10 out
of 20 points in total. This finding confirms the higher consistency between human raters with
comparably higher scores than that of ChatGPT-4 models (Li et al., 2024; Quah et al., 2024;
Shermis, 2024; Uyar & Biiyiikahiska, 2025; Xiao et al., 2024; Yancey et al., 2023), but do not
support the higher level of inter-rater agreement and correlation they claimed. The contradictory
findings should be interpreted with caution because these studies differ from the current one in
many aspects such as the rubric type, GPT model, size of the dataset and type of the written
work.
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On a component basis, varying levels of agreement have been observed. ChatGPT-40
demonstrates fair agreement (QWK = .289, 8.49%) with human raters on the format
components (e.g. clear thesis statement, effective concluding sentence), whereas slight
agreement (QWK = .048, 7.54%) on the style (grammar, vocabulary, mechanics etc.) of the
EFL students’ argumentative essays. Underlying causes contributing to this low to fair
agreement have been identified through qualitative themes emerging from the conducted
interviews, such as ChatGPT’s strictness, impartiality and robotic nature. These features are
believed to be closely associated with its lower scoring and considered as a weakness by the
interviewed human raters. On the other hand, human raters’ flexibility, subjectiveness and
sensitivity to nuances account for their higher scoring. According to emergent themes in the
interviews, the nature of the rubric adherence, scoring bias and sensitivity to nuances plays a
key role in the variations between human ratings and Al ratings, which possibly led to
ChatGPT-40’s lower and inconsistent scoring in these components in our study. Similar
findings also proposed that ChatGPT’s was strictly adherent to the rubric, adopting a more
cautious approach to avoid the subjective assessment of cohesion and coherence components
(Chen et al., 2025), as well as surface-level mistakes with tendencies towards over-, under- or
mis-correction preserving the meaning of the sentences (Fang et al., 2023; Wu et al., 2023).
The observation process and interview data prevalently signaled a major weakness: ChatGPT’s
mechanical trance, which also resulted in many scoring inconsistencies. ChatGPT-40’s self-
inconsistencies were observed as the penalization of the irrelevant content, calculation errors,
temporal evaluation contrasts and overlooking contextual factors, therefore required constant
human supervision. Similar results were reported by Jukiewicz (2024) and Yigiter and
Boduroglu (2025), both of whom listed its limitations such as hallucinations, lack of established
agreement and need for human involvement. Due to these inherent problems, the reliability of
ChatGPT-produced scores remains subject to debate and cannot be considered as a reliable
benchmark (Shen, et al., 2023; Wang et al., 2023).

The empirical investigation revealed notable dualities in strengths and weaknesses of Al-
automated scoring in terms of practicality, feedback and linguistic capacity. Firstly, ChatGPT
reduces the burden on human raters with its ability to generate assessment questions (Sihite et
al., 2023) and to evaluate through a wide range of multimodal texts (Gill et al.,2024). However,
practical problems occur during the conversion and transcription of texts into soft-copy, the
establishment of alignment to produce human-like scoring, the daily limit and cost. Secondly,
it provides in-depth scoring feedback with ease (Guo & Wang, 2023; Steiss et al., 2024);
however, its lengthy feedback was mostly generic and repetitive and lacked a humanized tone
and attentiveness to students’ linguistic capacity (Yoon et al., 2023). The interviewees draw
attention to the positive effect of affective feedback on students’ linguistic knowledge as well
as organizational regulations. Similarly, Aliakbari et al. (2025) found that human-produced
feedback showed superiority in enhancing students’ pronunciation and contextual
understandings, compared to Al-generated feedback, which can show optimal performance
through “domain experts’ knowledge in the development of prompts and feedback
mechanisms” (Xia et al., 2024, p.35). Ultimately, ChatGPT possesses a more comprehensive
dataset of linguistic features than human raters, who rely on their limited cognitive skills while
scoring. According to the interview findings, ChatGPT fails to make associations between local
evaluation criteria and students’ satisfactory use of linguistic components; therefore, expects
advanced outcomes regarding effective or clear qualities of such components. Our results
mirror those of Shermis (2024), who proposes domain-specific fine tuning to ensure scoring
fairness and potential model bias when scoring student-generated essays. At this point, keeping
humans in the loop (Mollick & Mollick, 2023) remains crucial for effective scoring to prevent
bias mitigation (Glazko et al., 2024).

All in all, the key outcome of this present study is that human agency (Bandura, 2002) is
necessary in every step of assessment in order to mitigate the weaknesses and even enhance the
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strengths of Al-automation in terms of ChatGPT’s adaptation, calibration and customization of
Al-feedback along with pedagogically appropriate input. The integration of human perspectives
into the scoring processes to students lays the foundation for the significance of our study as
there is a scarcity of qualitative findings available for comparison with the current one in
reviewing the literature. The continuous human-Al collaboration should be sustained for a more
nuanced scoring since ChatGPT positions as a supplementary resource rather than an
independent decision-making mechanism especially in high-stakes exams. Even though its
capabilities continue to grow over time, it is mostly regarded as a pragmatic tool rather than a
human replica.

Limitations

The generalizability of these results is subject to certain limitations. First, this study only
focuses on argumentative essays written in English and includes teachers as experienced human
raters. Therefore, it may not fully represent all the possible writing evaluation practices or
genres even though it was not a contributing factor to the scoring differences in Uyar and
Biiyiikahiska’s (2025) study. Second, the essays were written on a single topic by B1 level
students, which limits the generalizability of the findings. However, it also allows for controlled
comparisons by neutralizing the topic and proficiency differences. Third, the quality of
ChatGPT-generated feedback was superficially addressed in the interviews since the scope of
this study is solely based on scoring discrepancies between human raters and ChatGPT-40. And
most importantly, the essays were not subjected to a delayed scoring by the same human raters.
The instances of wide disparities were not referenced one by one during the interview process
to find out if the assigned scores were influenced by any human factors such as favoritism,
recognition of effort etc. as well as Al-related patterns. Therefore, it remains uncertain to
determine which rater represents a more justifiable scoring behavior.

Practical Implications

There are a number of important practical implications for educators and researchers in
language assessment contexts. First, the ethical use of Al - aligned with human values -could
be integrated in the realm of academia to raise critical awareness and reveal the background
realities of such systems (Kostka & Toncelli, 2023; Warschauer et al., 2023). Second, a
plausible benchmark should be created based on the evaluations by human raters and ChatGPT
models by analysing the differences and narrowing the disparities between the two. Third,
teacher training programs should be integrated with the pedagogical purposes of Al tools,
including ChatGPT’s training through custom GPT models in language assessment. The
outputs of ChatGPT and the experiences of teachers would provide valuable insights in
navigating such tools purposefully in language classrooms.

These findings point to several courses of action for incorporating ChatGPT into future
research. To begin with, this study employed GPT-40 for the analysis; therefore, it does not
promise to account for future capabilities of ChatGPT or any other alternative tools. By the
same token, it is recommended to benefit from employing emerging Al tools or more advanced
versions such as ChatGPT-5 (released as of August, 2025) to examine the potential differences
and improvements in machine bias and fairness in assessing behaviors. For example, Glazko et
al. (2024) observed that ChatGPT-4 underrepresented the resumes of minorities and
marginalized groups in the recruiting process. ChatGPT-generated scores and feedback can be
examined in a similar manner for fairness and bias depending on students’ demographic
differences (e.g., ethnicity, gender, the language user profile etc.). And lastly, exploring whether
any scoring and feedback differences exist across EFL and ESL contexts may reveal nuanced
insights about the responsible use of Al for assessment purposes.
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APPENDICES

Appendix A. Semi-structured interview questions.

Q1. Have you ever used ChatGPT for your teaching for any purposes: e.g. a content generator, lesson
planner, a scoring tool etc.?

1.1. Can you describe your overall impression of how ChatGPT scores essays compared to human
raters?

1.2. What kind of outcome do you expect about ChatGPT’s scoring process?
1.3. If there is discrepancy, why do you think the discrepancy occurs?

Q2. What do you think are ChatGPT's strengths and weaknesses as a scoring tool? If possible, explain
what kind of conveniences and struggles you’ve had with it.

2.1. In which area do you provide feedback, how long is the feedback, and what type of feedback do
you provide? Do you categorize it by sections in a detailed way?

2.2. Do you think your coding and feedback on the paper is similar to ChatGPT’s feedback? Why? /
Why not?

2.3. Do you believe ChatGPT is biased to any kind of language or linguistic structures? Why? / Why
not?

Q3. How do you think ChatGPT evaluates essays differently from human raters in terms of the format
(organizational elements) and style (surface-level features) of the essay?

3.1. Can you explain what kind of qualities you focus on while scoring? Why? / Why not?

-Format: organizational elements such as TS, SSs, CS (overall message, creativity, effort etc.) -Style:
surface-level features (grammar, mechanics, vocabulary mistakes etc.)

3.2. Do you follow the rubric strictly? Do you think ChatGPT follows the rubric strictly?

3.3. How do you evaluate off-topic essays? How do you think ChatGPT evaluated them?

Q4. What improvements do you think ChatGPT needs to align more closely with human scoring?
4.1. Should they complement human raters or replace them entirely? Why? / Why not?
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FORMAT

Paragraphs | Essay Components 2 1 0 Total
I Hook the reader The essay starts with a sentence that piques the There is no opening sentence in the essay.
N interest of the reader.
T
R Give background The topic is introduced to the reader with its [ There is no background information about the
O] information background. given topic.
D 4
U
C
T Give thesis The thesis statement presents the main | The thesis statement is presented but it is somehow | There is no thesis statement or does not match
1 statement idea of the essay clearly. vague. with the main idea of the essay.
(0]
N
F Topic Sentence _ The paragraph starts with a topic sentence. There is no topic sentence.
|
R - The paragraph has a well-stated | The paragraph has a supporting sentence however | There is no supporting sentence in the
Supporting Sentence - . - S - -
S - supporting sentence. Supporting sentence | it is not enough to support the main idea of the | paragraph or supporting sentence is not
/ Details & - : . ;
T E is followed by related example(s) / | paragraph. There is a slight attempt at the | followed by details/examples or they are
xamples . - . -
& detail(s). example/detail. irrelevant to the topic. 4
S +
E 4
C —
5 =
N
D Concluding 8
Sentence The paragraph ends with a concluding sentence. There is no concluding sentence.
B
(0]
D
Y
C The paragraph starts with a restatement of . . . .
(0] the thesis statement and a wrap up of what There is a slight att_empt at restating the thesis Thesis statement is not restated. There is no
P ) .| statement and wrapping up the overall content of
N Restatement is discussed in the essay. Restatement is S .| attempt to wrap up the content of the essay or 4
P / - | the essay. Restatement is identical to the thesis ) .
C not identical to the thesis statement or it there is no conclusion.
. - statement.
L does not introduce a new opinion.
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U
S . The essay ends with an effective . . . .
1 Concluding Sentence - Concluding sentence is vague or not well-stated. There is no concluding sentence.
o) concluding sentence.
N
The essay has a smooth transition between | Sentences and/or paragraphs are not well-
Coherence sentences and paragraphs. Linking words and | connected. The essay could use more linking
phrases apparent to enhance readability. words to increase overall readability.
w Grammar The essay has less than 5 grammatical mistakes. The essay has more than 5 grammatical
W mistakes
> 4
& )
Mechanics The essay has less than 5 mechanics mistakes. The essay has more than 5 mechanics
mistakes.
The essay has a wide range of context related and | The essay has a poor range of vocabulary and
Vocabulary - -~
level appropriate vocabulary. repetitions.
otal Score 20
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Appendix C. ChatGPT-4o0’s output for the Essay#108 / Miscalculated essay.

FORMAT

Paragraph 1: Introduction Paragraph (3 out of 4 points)

1. Hook the reader: The opening statement attempts to hook the reader by discussing the popularity of
sports and their benefits, which is somewhat engaging. Score: 1/1

2. Give background information: The essay provides background information about the increasing
trend of doing sports and its benefits, which is relevant. Score: 1/1

3. Give thesis statement: The thesis statement is implied but not explicitly stated; the essay suggests
that sports make people feel and appear better, but this could be clearer. Score: 1/2
Paragraph 2: 1st Body (2 out of 4 points)

4. Topic sentence: The paragraph starts with a topic sentence about how people feel better when they
do sports. Score: 1/1

5. Supporting Sentence/Detail & Example: The paragraph provides a relevant example (stressful work
situations) but lacks depth and specific details. Score: %2

6. Concluding sentence: The paragraph does not have a clear concluding sentence. Score: 0/1

Paragraph 3: 2nd Body (2 out of 4 points)

7. Topic sentence: The paragraph starts with a clear topic sentence about how people who do sports
have a better appearance. Score: 1/1

8. Supporting Sentence/Detail & Example: The paragraph provides some supporting details, such as
the development of muscles, but the explanation is a bit vague and could be more detailed. Score: %2

9. Concluding sentence: The paragraph attempts to conclude with the idea that a beautiful appearance
leads to feeling better, but it could be clearer. Score: 0/1
Paragraph 4: Conclusion Paragraph (2 out of 4 points)

10. Restatement: The conclusion restates the main ideas of the essay, but it is somewhat abrupt and
lacks depth. Score: %2

11. Concluding sentence: The concluding sentence is present but could be more impactful. Score: 1/2

STYLE

12. Coherence (1 point): The essay has some coherence, but transitions between ideas are not very
smooth. Score: 0/1

13. Grammar (1 point): The essay has several grammatical mistakes, including subject-verb agreement
issues ("most of the people is" should be "most people are™) and awkward phrasing. Score: 0/1

14. Mechanics (Spelling, Punctuation, Capitalization) (1 point): There are spelling errors
("contrubute" instead of "contribute™), and inconsistent punctuation. Score: 0/1

15. Vocabulary (1 point): The essay uses a fair range of vocabulary, but there are awkward word
choices and repetitions. Score: 0/1

First Total Score: 8/20

Upon the request to do the math properly

Apologies for the oversight. Let's go through the math again to ensure accuracy.

FORMAT

Paragraph 1: Introduction Paragraph (3 out of 4 points)
1. Hook the reader: Score: 1/1

2. Give background information: Score: 1/1

3. Give thesis statement: Score: %2

Paragraph 2: 1st Body (2 out of 4 points)
4. Topic sentence: Score: 1/1
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5. Supporting Sentence/Detail & Example: Score: %2

6. Concluding sentence: Score: 0/1

Paragraph 3: 2nd Body (2 out of 4 points)

7. Topic sentence: Score: 1/1

8. Supporting Sentence/Detail & Example: Score: %

9. Concluding sentence: Score: 0/1

Paragraph 4: Conclusion Paragraph (2 out of 4 points)
10. Restatement: Score: 1/2

11. Concluding sentence: Score: 1/2

STYLE

12. Coherence (1 point) Score: 0/1

13. Grammar (1 point) Score: 0/1

14. Mechanics (Spelling, Punctuation, Capitalization) (1 point) Score: 0/1
15. Vocabulary (1 point) Score: 0/1

Corrected Total Score: 9/20

The corrected total score is 9/20. Thank you for pointing that out!
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Appendix D. ChatGPT-40’s output for the Essay#S42 / Temporal variations in scores.

Date of First Scoring: 2" December 2024

Feedback:

Introduction: The introduction effectively engages the reader and sets up the thesis statement.
The context provided is sufficient, but the hook could be more impactful.

Body Paragraphs: The body paragraphs start with clear topic sentences and include supporting
details, but these details could be more specific and better developed. The connection between
ideas could be more explicitly developed.

Conclusion: The conclusion restates the thesis and summarizes the main points effectively,
though the final sentence could be stronger.

Coherence: The essay could use smoother transitions between ideas and paragraphs to enhance
readability.

Grammar and Mechanics: The essay contains more than 5 grammatical and mechanical errors,
including issues with sentence structure, punctuation, and capitalization.

Vocabulary: The vocabulary is adequate but could be more varied and engaging.

Recommendations:

Strengthen the hook in the introduction.

Use more specific supporting details and examples to strengthen the body paragraphs.
Improve transitions between sentences and paragraphs to enhance coherence.

Review grammar, spelling, and punctuation to reduce errors.

Expand the range of vocabulary to make the essay more engaging and varied.

Final Score: 13/20

Date of Second Scoring: 17" December 2024

Feedback: Your essay effectively discusses the positive effects of exercise on both psychological and
physical health. The structure is solid, with clear arguments and relevant examples, although there is
room for improvement in grammar, mechanics, and vocabulary.

Suggestions for Improvement:

Grammar and Spelling: Focus on correcting minor errors, such as spelling mistakes and word
choice, to improve clarity and polish.

Concluding Sentences: Work on adding concluding sentences to your body paragraphs to bet-
ter tie your points together.

Vocabulary Variety: Try to expand your vocabulary to avoid repetition and to express your
ideas more precisely.

Final Score: 15/20
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Appendix E. ChatGPT-40’s sample output for the Essay#S239 / Off-topic essay.

Based on the rubric and model essays provided, here is the evaluation of your essay:
FORMAT

Paragraph 1: Introduction Paragraph (2 out of 4 points)

1. Hook the reader (1 point): The essay begins with a direct statement of opinion ("'In my opinion, we
should have a pet"), which serves as a basic hook but could be more engaging. Score: 1/1

2. Give background information (1 point): The essay does not provide background information on
the broader context of pet ownership or the issues related to it. Score: 0/1

3. Give thesis statement (2 points): The thesis statement is present but could be clearer and more
focused. It introduces the idea of owning a pet without clearly stating the specific points that will be
discussed. Score: 1/2

Paragraph 2: 1st Body Paragraph (2 out of 4 points)

4. Topic sentence (1 point): The paragraph begins with a topic sentence about the difficult conditions
street animals face, which is relevant. Score: 1/1

5. Supporting Sentence/Detail & Example (2 points): The paragraph provides relevant details about
the struggles of street animals, such as difficulty finding food and shelter. However, the explanation
could be more detailed. Score: %2

6. Concluding sentence (1 point): The paragraph does not have a clear concluding sentence. Score: 0/1

Paragraph 3: 2nd Body Paragraph (3 out of 4 points)

7. Topic sentence (1 point): The paragraph starts with a topic sentence about pets being good friends,
which is clear and relevant. Score: 1/1

8. Supporting Sentence/Detail & Example (2 points): The paragraph provides examples of how pets
can improve one's mood and be good companions. This is well-explained but could benefit from more
specific examples. Score: 2/2

8. Concluding sentence (1 point): The paragraph lacks a clear concluding sentence. Score: 0/1

Paragraph 4: 3rd Body Paragraph (3 out of 4 points)

9. Topic sentence (1 point): The paragraph begins with a clear topic sentence about pets improving the
immune system. Score: 1/1

10. Supporting Sentence/Detail & Example (2 points): The paragraph provides relevant details and
examples, such as research on babies living with dogs. The information is well-explained and supports
the main idea. Score: 2/2

11. Concluding sentence (1 point): The paragraph lacks a clear concluding sentence. Score: 0/1

Paragraph 5: Conclusion Paragraph (2 out of 4 points)

12. Restatement (2 points): The conclusion briefly restates the main idea, but it could be more
comprehensive and tie the points together more effectively. Score: %

13. Concluding sentence (2 points): The concluding sentence is present but could be stronger and more
impactful. Score: 1/2
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STYLE

14. Coherence (1 point): The essay is generally coherent, but the transitions between ideas and
paragraphs could be smoother. Score: 0/1

15. Grammar (1 point): The essay contains more than 5 grammatical errors, such as "pat" instead of
"pet," and some awkward sentence structures. Score: 0/1

16. Mechanics (1 point): There are more than 5 spelling, punctuation, and capitalization errors, such as
unnecessary spaces and inconsistent punctuation. Score: 0/1

17. Vocabulary (1 point): The vocabulary is appropriate but somewhat limited, with room for
improvement in variety and precision. Score: 0/1

Total Score Calculation:

Format: 2 (Introduction) + 2 (1st Body Paragraph) + 3 (2nd Body Paragraph) + 3 (3rd Body Paragraph)
+ 2 (Conclusion) = 12/16

Style: 0 (Coherence) + 0 (Grammar) + 0 (Mechanics) + 0 (Vocabulary) = 0/4

Final Score: 12/20

Feedback:

Your essay presents a strong argument for adopting pets and provides several reasons to support this
view. However, there are areas for improvement in grammar, mechanics, and the overall clarity of your
writing.

Suggestions for Improvement:

e Improve Grammar and Vocabulary: Focus on refining sentence structure, grammar, and
vocabulary to make your writing more polished.

e Enhance Transitions: Work on creating smoother transitions between ideas and paragraphs
to improve the flow of the essay.

e Proofread for Errors: Carefully proofread your work for spelling, punctuation, and grammar
errors to enhance clarity and professionalism.

e Strengthen Conclusion: Ensure your conclusion effectively ties together all the points made
in the essay and leaves a lasting impression.

Upon the request to check for topic relevancy

You're correct in noting that the essay could be considered off-topic, as it focuses primarily on the
challenges and responsibilities of owning a pet rather than discussing the psychological and physical
effects of doing exercise, which is the topic you provided earlier. If we strictly adhere to the prompt,
which is about evaluating the psychological and physical benefits of exercise, then this essay would
indeed be off-topic. Given this, the appropriate score according to the rubric should reflect the off-topic
nature of the essay.

Final Score: 4/20

This score is in line with the rubric's guideline to give a score of 4 out of 20 for essays that are off-topic.
Thank you for pointing that out.
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Appendix F. ChatGPT-4o0’s output for the essay #S111 / Revisited format & style components.
Let's reconsider the evaluation and ensure that each component of the essay is assessed fairly.

FORMAT
Paragraph 1: Introduction Paragraph (3 out of 4 points)

1. Hook the reader: The essay begins with a relevant statement, but it doesn't strongly engage the
reader. Still, it's an attempt to introduce the topic. Revised Score: 1/1

2. Give background information: The essay references scientific support for exercise, which provides
adequate background. Score remains: 1/1

3. Give thesis statement: The thesis statement is present but needs to be clearer and grammatically
correct. Score: 1/2
Paragraph 2: 1st Body (2 out of 4 points)

4. Topic sentence: The paragraph starts with a somewhat informal and unclear topic sentence, but it
does introduce the main idea. Revised Score: 1/1

5. Supporting Sentence/Detail & Example: The paragraph uses a personal example to explain the
psychological benefits of exercise. Although the explanation could be clearer, it does provide relevant
support. Score remains: %

6. Concluding sentence: The paragraph lacks a clear concluding sentence. Score remains: 0/1

Paragraph 3: 2nd Body (2 out of 4 points)

7. Topic sentence: The paragraph begins with an unclear topic sentence, but it does introduce the general
idea. Score Remains: 1/1

8. Supporting Sentence/Detail & Example: The paragraph attempts to provide supporting details,
particularly the importance of exercise in the military. While it could be more specific, it does offer
some relevant information. Score remains: %2

9. Concluding sentence: The paragraph does not have a clear concluding sentence. Score remains: 0/1

Paragraph 4: Conclusion Paragraph (2 out of 4 points)

10. Restatement: The conclusion restates the essay's main points but is somewhat repetitive. Score
remains: %2

11. Concluding sentence: The concluding sentence is present and summarizes the main idea, even if it
lacks impact. Score remains: 1/2

STYLE

12. Coherence (1 point): The essay has some coherence, but the transitions between ideas need
improvement. Score remains: 0/1

13. Grammar (1 point): The essay has several grammatical mistakes, including verb tense issues,
awkward phrasing, and incorrect word forms ("hormon" instead of "hormone", but it still communicates
the main ideas. Revised Score: 1/1

14. Mechanics (Spelling, Punctuation, Capitalization) (1 point): There are some spelling and
punctuation errors, but they do not make the essay unreadable. Revised Score: 1/1

15. Vocabulary (1 point): The vocabulary is functional but could be improved. The use of terms is
somewhat awkward but not completely ineffective. Revised Score: 1/1

First Total Score: 7/20

The essay presents some relevant ideas and attempts to support them, but it is hindered by significant
grammatical errors, lack of clear topic and concluding sentences, and weak coherence. Improvements
in these areas, along with more detailed examples, would significantly enhance the overall effectiveness
of the essay.

Revised Total Score: 12/20

Upon reconsideration, the essay does deserve a higher score. The revised total score is 12/20. The essay
demonstrates an understanding of the topic and attempts to support its ideas despite the grammatical and
structural issues.
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