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Abstract:

This study investigates the reliability of large language models (LLMs) in assessing
English as a Foreign Language (EFL) writing compared to human raters. Specifically,
the performances of ChatGPT 4.0 and DeepSeck R1 were examined across three genres;
argumentative, opinion, and persuasive essays, under rubric-free and rubric-based
scoring conditions. Participants were 65 undergraduate ELT students at a Turkish
university who produced a total of 162 essays. Two experienced human raters scored all
essays, and their evaluations demonstrated near-perfect inter-rater reliability, providing
a stable benchmark for comparison. The same essays were then rated by ChatGPT and
DeepSeek under both scoring conditions. Statistical analyses included intraclass
correlation coefficients (ICC), Pearson correlations, paired-samples t-tests, and
ANOVAs. Findings revealed that rubric integration substantially improved alignment
between Al and human scores, particularly for ChatGPT, which showed stronger
sensitivity to rubric criteria than DeepSeek. Genre effects were also evident: opinion
essays yielded the highest AI-human agreement, persuasive texts moderate alignment,
and argumentative essays the weakest consistency. While both Al tools produced more
centralized scores with less variability than human raters, they also exhibited risk-averse
tendencies, especially without rubric guidance. The results indicate that Al-based scoring
can complement, but not replace, human evaluation, especially in cognitively demanding
genres. The study highlights the importance of rubric clarity, prompt design, and genre
awareness in maximizing the educational value of Al-assisted writing assessment.
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INTRODUCTION

Writing is generally considered an important part of second language (L2) learning and
acquisition and is used both as a means and a measure of linguistic and communicative
competence (Hyland 2019; Manchon, 2011; Williams 2012). A valid and effective approach to
assessing writing skills is essential in educational institutions, as it helps the learners and the
teachers know the learners’ level of achievement (Leow & Suh, 2022). Hence, in EFL settings,
writing assessment is crucial in determining students’ achievement and informing pedagogical
decisions.

Traditionally, this task has been accomplished by humans whose expertise and subjective
judgment result in varied evaluations. However, the emergence of large language models
(LLMs), such as ChatGPT and DeepSeck, has rapidly reshaped the landscape of writing
assessment in language education. These models are increasingly being integrated into both
formative and summative evaluation processes, and it raises critical questions about reliability,
construct validity, and pedagogical relevance. While traditional human rating has long been the
standard for assessing English as a Foreign Language (EFL) writing, the scalability and
efficiency of Al-based scoring systems have led to growing interest in their classroom and
institutional use.

Human assessment has been criticized for its susceptibility to inconsistencies, rater bias, and
inefficiency (McConlogue, 2012; Zhao & Huang, 2020; Zhang, 2016). Furthermore, the
process is time-consuming and challenging, especially in large-scale or crowded instructional
contexts (Wood & Henderson, 2010). In response to these challenges, there is increasing
interest in integrating Automated Writing Evaluation (AWE) systems that aim to offer
standardized and potentially unbiased scores to supplement human raters (Bond et al., 2024;
Khosravi et al., 2023; Mizumoto & Eguchi, 2023; Tomen, 2022). These developments have
been further accelerated by the rise of generative Al technologies, particularly ChatGPT, which
has led to a surge in exploratory and comparative studies investigating the capabilities,
limitations, and pedagogical implications of such systems (Bui & Barrot, 2024; Kim et al.,
2024; Korkmaz & Akbiyik, 2024; Shin & Lee, 2024). Although several studies report high
levels of agreement between Al and human raters (Crossley, 2020), others raise concerns about
genre sensitivity, limited depth in evaluation, and the tendency of AI models to produce
conservative mid-range scores (Bouziane & Bouziane, 2024; Lundgren, 2024).

Writing assessment plays a crucial role in EFL instruction by measuring learners’ ability to
produce coherent, grammatically accurate, and genre-appropriate texts. However, the
assessment process is inherently complex, influenced by the rater's background, rubric
interpretation, and understanding of task requirements. The rise of Al-generated scoring brings
additional complexity to this process, particularly regarding how automated systems align with
human judgment across different writing genres and evaluative criteria.

Recent studies have begun to investigate the potential of Al tools such as ChatGPT for
automated writing evaluation (e.g., Bui & Barrot, 2024; Kim et al., 2024; Shin & Lee, 2024).
While some findings indicate promising alignment with human judgment (Crossley, 2020),
others highlight inconsistencies and genre-related limitations in Al scoring (Bouziane &
Bouziane, 2024; Lundgren, 2024), particularly in tasks requiring nuanced reasoning or
rhetorical awareness. Despite these developments, there remains a lack of large-scale, genre-

sensitive comparisons between multiple Al scoring tools and human evaluators, particularly
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under different scoring conditions such as rubric-free and rubric-based assessments. This study
addresses this gap by comparing the performance of ChatGPT and DeepSeek in assessing EFL
student writing across three genres.

The purpose of this study is to evaluate the scoring reliability of ChatGPT and DeepSeek
compared to human raters across three genres of EFL student writing, argumentative, opinion,
and persuasive, under both rubric-free and rubric-based conditions. The analysis focuses on the
extent to which Al-generated scores align with those of human raters and how rubric use and
genre influence this alignment. The study uses statistical measures including intraclass
correlation coefficients (ICC), Pearson correlations, paired-sample t-tests, and ANOVA to
examine score consistency and genre effects.

This investigation is informed by frameworks from assessment literacy (Stiggins, 1995; Weigle,
2013), rater cognition theory (Eckes, 2015), and sociocultural theory (Lantolf, 2000), which
provide critical lenses for understanding the cognitive, interpretive, and contextual dynamics
that differentiate human and Al rating behavior. By situating Al scoring within these theoretical
perspectives, the study offers a more nuanced account of the opportunities and limitations of
LLMs in educational assessment.

LITERATURE REVIEW
Human Raters and Rubric Use in EFL Writing Assessment

Writing assessment in EFL education traditionally involves one or more human graders, who
evaluate the essays holistically or analytically (Huang, 2008; Zhang, 2016). Despite efforts to
standardize evaluations through rubrics, human scoring remains vulnerable to subjectivity and
inconsistency due to factors such as rater expertise (Barkaoui, 2010), educational background
(Ahmadi Shirazi, 2019), personal rating style (Zhang, 2016), linguistic background (Crusan et
al., 2016), and rater fatigue (Mahshanian & Shahnazari, 2020). For instance, Barkaoui (2010)
found that novice raters tend to focus disproportionately on surface-level errors, whereas expert
raters prioritize rhetorical effectiveness, resulting in divergent scoring outcomes for the same
student text. Such variability undermines assessment reliability, particularly in high-stakes
contexts (Zhang, 2016).

These observed discrepancies are supported by Rater Cognition Models, which suggest that
raters’ interpretations of rubrics and written texts are filtered through their individual
experiences, beliefs, and metacognitive strategies (Eckes, 2015; Lim, 2011). Even when using
standardized tools, these internal filters can lead to variation in judgment. Therefore, raters’
assessment literacy is essential for ensuring fairness and scoring consistency.

To address the issue of variability, standardized rubrics have become central to EFL writing
assessment. Rubrics operationalize scoring criteria, thus reducing ambiguity and increasing
inter-rater reliability (Dempsey et al., 2009). Analytic rubrics, which define writing
performance in graded descriptors, are particularly useful in EFL contexts because they provide
learners with targeted feedback (Ragupathi & Lee, 2020). However, effective rubric
implementation is resource-intensive, often requiring substantial rater training and time (Wood
& Henderson, 2010). These challenges, coupled with rising class sizes in global EFL programs,
have encouraged the exploration of Automated Writing Evaluation (AWE) systems as scalable

alternatives (Chapelle & Douglas, 2006).
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AI-Based Writing Evaluation: Promise and Limitations

Al writing assessment tools apply natural language processing (NLP) and machine learning to
analyze textual features at a speed and scale beyond what human raters can consistently achieve
(Hussein et al., 2019). These tools mimic conventional human evaluation by assessing written
output according to established criteria and writing quality indicators. Three major benefits of
Al-based assessment have been widely reported: (1) fast feedback for large cohorts (Gonzalez-
Calatayud et al., 2021), (2) greater scoring consistency by mitigating human fatigue and bias
(Bui & Barrot, 2024), and (3) support for formative learning by enabling multiple revisions
(Koltovskaia, 2020).

A growing body of research has examined the reliability and validity of Al-generated writing
scores compared to human raters, yet findings remain mixed. On the one hand, Bucol and
Sangkawong (2024) reported a strong positive correlation between ChatGPT and human raters
in evaluating student essays, concluding that generative Al has the potential to serve as a
reliable scoring tool. Similarly, Shin and Lee (2024) found a high degree of scoring reliability
between GPT-based chatbots and human raters, supporting the idea of using Al in educational
assessment. Gegkin et al. (2023) observed a range from low to high positive correlation between
ChatGPT and five human raters, while Li et al. (2024) stated that ChatGPT demonstrated good
consistency and accuracy for higher grade assessments compared to human assessment and was
able to differentiate between assignments of varying quality.

On the other hand, several studies have raised concerns about Al scoring consistency and depth.
Bui and Barrot (2024) found that ChatGPT's scores had poor to moderate correlation with those
of experienced human raters and showed inconsistencies across repeated scoring rounds.
Likewise, Kim et al. (2024) reported medium reliability of ChatGPT under two different
prompting conditions, suggesting a lack of robustness. Lundgren (2024) also pointed out that
although GPT-4 scores aligned with average human ratings, the model demonstrated a risk-
averse tendency by clustering scores in mid-range values, and changes in the scoring prompt
did not meaningfully affect its performance.

Genre and Rubric Effects in AI Evaluation

While many studies have explored general Al reliability, fewer have examined how Al
performance varies across different writing genres. Argumentative writing, for instance,
requires logical flow and counter argumentation, while opinion writing centers on subjective
expression and stance (Lu, 2011). Kim et al. (2024) highlighted that ChatGPT neglected the
overall coherence of argumentative essays, suggesting its limitations in evaluating logical
structure and depth of reasoning.

Bouziane and Bouziane (2024) found that while ChatGPT produced more accurate and
consistent evaluations in language mechanisms, including grammar, punctuation, sentence
structure, relevance, and supporting evidence than human raters, it struggled with thematic
coherence and deeper contextual understanding. They concluded that AI models, optimized
primarily for syntactic analysis, lack the capacity to interpret more abstract rhetorical qualities
such as logic, tone, and creativity. Similarly, Mizumoto and Eguchi (2023) found that Al
models performed well on linguistic dimensions but had limited ability to interpret genre-
specific expectations. Lundgren (2024) confirmed that LLMs tend to focus on surface-level

attributes and rarely adapt to nuanced, rubric-based standards of writing quality.
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Another variable influencing Al scoring is rubric integration. Bucol and Sangkawong (2024)
demonstrated that rubric-guided Al evaluations improved scoring transparency and inter-rater
agreement. However, Bui and Barrot (2024) warned that Al systems may apply rubrics too
rigidly, ignoring the nuanced judgments that experienced human raters apply when interpreting
writing quality in context. Thus, Al scoring systems may benefit from structured criteria but
still fall short in emulating human-level evaluative flexibility.

Research Gap and Study Rationale

While prior studies have provided valuable insights into the potential and limitations of Al in
writing assessment, several critical gaps remain that limit our understanding of how large
language models (LLMs) function as evaluative tools in authentic educational contexts.

First, few studies offer large-scale, comparative analyses of multiple Al tools evaluated under
both rubric-free and rubric-based conditions. Such comparisons are essential because Al models
differ in architecture and reasoning mechanisms, which may influence scoring reliability and
bias. Examining them side by side under controlled conditions can reveal how design variations
and prompt structures shape their evaluative behavior, thereby informing both pedagogical and
technical improvement.

Second, genre variation, a core determinant of writing performance and cognitive demand, has
received limited attention in Al evaluation research. Different genres (e.g., opinion,
argumentative, persuasive) elicit distinct rhetorical, lexical, and organizational skills;
understanding how Al models handle these variations is crucial for determining whether their
scoring patterns are genre-sensitive or genre-blind. Addressing this gap enhances the validity
of Al-assisted assessment across diverse communicative tasks.

Third, limited research has analyzed Al scoring reliability using human raters as benchmarks
within theoretically grounded frameworks such as assessment literacy and rater cognition
theory. Integrating these frameworks allows researchers to interpret Al scoring not merely as
algorithmic output but as a form of “rater cognition” shaped by rubrics, task features, and
prompt design. Investigating this alignment is vital for establishing AI’s role in fair,
interpretable, and pedagogically meaningful assessment practices.

Collectively, addressing these gaps contributes to a more comprehensive and theoretically
informed understanding of how Al can complement, rather than replace, human judgment in
writing evaluation. These gaps underscore the need for an integrated, empirical study that
investigates how Al tools perform across genre, rubric, and comparison contexts. Therefore,
the present study aims to assess the accuracy and reliability of two LLM-based Al tools
(ChatGPT and DeepSeek) in scoring EFL writing tasks compared to human raters. Specifically,
it examines the role of rubric use in influencing Al performance and explores how genre
variation affects scoring consistency.

To fulfill the purpose of the study, the following research questions were formulated:

1. How reliable are the scores assigned by ChatGPT and DeepSeek compared to human
ratings in evaluating EFL writing tasks?
2. Does providing a rubric significantly influence the accuracy and consistency of scores
assigned by ChatGPT and DeepSeek?
195



Tasci, S. Human and Al Scoring of EFL Writing: The Influence of ‘f‘? JENA
Rubrics and Genre on Reliability X &

3. How does rater agreement vary across different essay genres, namely opinion,
argumentative, and persuasive, among ChatGPT, DeepSeek, and human raters?

METHOD
Research Design

This study adopted a quasi-experimental, comparative research design to evaluate the scoring
performance of Generative artificial intelligence (GenAl) tools, ChatGPT 4.0 and DeepSeek
R1, in comparison with human raters in assessing EFL student writing. The research focused
on three distinct essay genres: opinion, argumentative, and persuasive, allowing for an
investigation of genre-based variability in Al reliability. These three genres were selected
because they represent the most pedagogically central and cognitively comparable forms of
academic discourse taught in EFL writing curricula. They allow for systematic comparison of
Al and human ratings across progressively complex rhetorical demands while maintaining
structural and evaluative consistency. In addition to genre-based variability, the study compared
Al scoring under two conditions: rubric-free and rubric-based evaluation. This design made it
possible to assess not only the overall agreement between Al and human scoring but also the
extent to which rubric integration and genre influence Al-generated assessments.

Participants and Materials

The participants in this study were 65 second-year undergraduate students enrolled in the
English Language Teaching (ELT) program at a state university in Tiirkiye. All participants
were taking a mandatory course titled Critical Reading and Writing, which aims to enhance
students’ academic writing proficiency, particularly in relation to coherence, critical thinking,
and genre-specific rhetorical structures.

Each participant completed three writing assignments, corresponding to the following genres:
opinion, argumentative, and persuasive essays. The essay topics were designed to elicit genre-
appropriate responses while promoting critical engagement with socially relevant issues. For
instance, the opinion essay asked students to express their views on the effects of video games,
the argumentative essay focused on the dangers of technology, and the persuasive essay
required students to argue for or religious education in state schools. All essays were expected
to be between 250 and 300 words, a length deemed appropriate for assessing content
development, coherence, and linguistic competence within a controlled format.

To ensure data integrity, only students who submitted all three genre-based assignments were
included in the final dataset. This resulted in a total of 162 essays (54 per genre), written by a
homogeneous group of B2-level English users. The participants’ language proficiency level
was determined based on their prior standardized English assessment scores. This homogeneity
was intentionally maintained to reduce variability in writing quality and isolate the effects of
assessment tools rather than learner differences.

All essays were submitted through the university’s learning management system and
anonymized prior to evaluation to ensure confidentiality. The balanced distribution of texts
across genres allowed for robust cross-genre and cross-rater comparison, strengthening the
internal validity of the study.
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Human Rating Procedure

To establish a benchmark for comparison, all essays were independently evaluated by two
experienced human raters. The first rater was a senior instructor at the School of Foreign
Languages with over 15 years of teaching and assessment experience. The second rater, an
assistant professor in English Language Teaching, also possessed more than 15 years of
experience in academia and L2 writing instruction.

Both raters initially assessed the first 27 essays collaboratively using the provided rubric to
establish rating alignment and scoring norms. After this calibration phase, the remaining essays
were scored independently. A 10-point discrepancy threshold was adopted as it represents a
moderate yet meaningful deviation on a 100-point scale, aligning with prior L2 writing
assessment research (e.g., Cumming et al., 2002; Knoch, 2011). This criterion balances
practical sensitivity with reliability control, small variations below 10 points typically reflect
acceptable rater variation, whereas larger gaps may signal inconsistent interpretation of rubric
criteria. Therefore, discrepancies exceeding 10 points were resolved through consensus to
enhance interrater reliability and ensure the validity of the final human benchmark scores. For
all analyses, the average of the two raters’ scores was used as the final human rating.

To evaluate the consistency between raters, an intraclass correlation coefficient (ICC) was
calculated using a two-way mixed-effects model with absolute agreement. The results indicated
excellent inter-rater reliability, /CC(3,1) = .95, 95% CI[.93, .96], F(161, 161)=41.49, p <.001.
When the ratings were averaged, reliability increased further, /CC(3,k) = .98, 95% CI[.97, .98],
suggesting near-perfect agreement. These reliability coefficients confirm that the human ratings
could serve as a stable baseline for evaluating Al scoring performance.

AI Rating Procedure

The same set of 162 essays was evaluated by two large language model (LLM)-based Al tools:
ChatGPT 4.0 (OpenAl) and DeepSeek R1. Each essay was assessed under two distinct
conditions: rubric-free and rubric-based evaluation. This dual approach was intended to
examine the impact of structured scoring criteria on the performance and consistency of Al-
generated scores.

ChatGPT 4.0 and DeepSeek R1 were selected for this study based on their growing prevalence
in educational technology applications, accessibility to educators and researchers, and proven
capabilities in natural language understanding. ChatGPT has been widely integrated into
writing support tools, formative feedback systems, and institutional pilot studies. DeepSeek R1,
a state-of-the-art Chinese-developed LLM, offers strong multilingual capabilities and is
increasingly positioned as a competitor in the global Al education space. Including both tools
allows for a meaningful cross-system comparison between Western- and non-Western-
developed models, thereby broadening the scope of Al performance evaluation in EFL contexts.

In the rubric-free condition, essays were submitted to ChatGPT 4.0 and DeepSeek R1 using
general prompts that did not reference any scoring guidelines. The aim was to assess how well
the Al tools evaluated writing based solely on their internal linguistic and algorithmic models.
Both tools received the same standardized prompt text, which was carefully crafted to ensure
prompt parity across systems and minimize variation caused by instruction differences. Figure

1 displays an example of the rubric-free prompt used for the argumentative essay.
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You are an experienced EFL writing evaluator. Please assess these argumentative essays
subsequently written by EFL students: Please provide

1. A score between 0 and 100

2. Detailed justification for the score

3. Analysis of strengths and weaknesses.

Figure 1. The prompt used for ChatGPT 4.0 and DeepSeek R1 rubric-free argumentative essay assessment.

In the rubric-based condition, the essays were re-assessed by both Al tools using a rubric-
integrated prompt. This prompt explicitly included the four scoring dimensions and their
weightings from the EPT Writing Rating Scale. This setup allowed for an analysis of how rubric
exposure influences the scoring behavior of LLMs. The same rubric text was embedded in the
prompts given to both ChatGPT and DeepSeek, and no additional stylistic or formatting cues
were used. Figure 2 shows an example of the rubric-based prompt used for the opinion essay.

EPT-Writing-rating-scale-... Article 1.docx Article 2.docx

Article 3.docx Article 4.docx Article 5.docx

You are an experienced EFL writing evaluator. Please assess these uploaded opinion essays
subseqguently using the lowa State University EPT Writing Rating Scale | uploaded.

Please provide:

1. A score between 0 and 100 following the rubric criteria

2. Specific evidence from the essay supporting your score

3. Detailed feedback based on the rubric dimensions.

Figure 2. The prompt used for ChatGPT 4.0 and DeepSeek R1 rubric-based opinion essay assessment.

All prompts were manually entered into the Al systems by the researcher using consistent
formatting, genre labeling, and instructions. For each essay, the AI’s raw score output was
recorded and stored for further analysis. This procedure enabled a systematic comparison of
rubric-informed and rubric-independent Al evaluations and allowed for a cross-model
performance comparison between ChatGPT and DeepSeek.

Rubric

The rubric used in this study was adapted from the English Placement Test (EPT) Writing
Rating Scale, a widely recognized instrument for evaluating academic writing proficiency in
EFL contexts. It is a holistic-analytic hybrid rubric that requires evaluators to consider four
distinct scoring dimensions with designated weightings: Organization (30%), Arguments and
Details (25%), Grammar and Lexis (30%), and Conventions (15%). Organization assesses the
logical structure and coherence of the essay, including paragraph unity, transitions, topic
development, and relevance of supporting ideas. Arguments and Details evaluate the strength,
clarity, and development of claims, as well as the appropriateness and sufficiency of supporting
evidence. Grammar and Lexis examine the writer’s control over grammatical accuracy,
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vocabulary range, and syntactic variation. Conventions include mechanics such as spelling,
punctuation, paraphrasing, and formatting, as well as adherence to academic writing norms.

Each dimension is rated according to three performance levels, ranging from inadequate to
competent to strong, with detailed descriptors guiding rater judgments. These descriptors were
provided to both human raters and embedded within the rubric-based Al prompt to ensure
scoring consistency across conditions.

Prior to the main scoring phase, both raters participated in a norming session using a sample of
27 essays representative of different proficiency levels. During this calibration process, the
raters discussed each dimension in detail, aligned their interpretations of performance
descriptors, and practiced assigning scores until high consistency was achieved. Both raters
were already familiar with the EPT Writing Rating Scale, as it had been regularly employed in
placement and proficiency assessments at their institution. Therefore, the rubric was not entirely
new to them but was recontextualized for this research to ensure standardized application across
human and Al evaluations.

This rubric was selected for its clarity, analytic depth, and previous validation in placement and
proficiency testing contexts. Its structure enabled a transparent evaluation of genre-specific
writing performance while supporting both human and Al-based assessments.

Data Analysis

The data analysis aimed to evaluate the scoring reliability and consistency of two Al tools
(ChatGPT 4.0 and DeepSeek R1) compared to human raters, with particular focus on the effects
of rubric usage and essay genre.

First, descriptive statistics, including mean, standard deviation, and score range, were computed
for each rater group (ChatGPT, DeepSeek, and human raters) to provide an overview of the
scoring patterns. Then, to evaluate overall reliability across all rater types, an Intraclass
Correlation Coefficient (ICC) was calculated to assess the degree of agreement between the
three rater groups: ChatGPT, DeepSeek, and the averaged human scores. A two-way mixed-
effects model with absolute agreement was employed, enabling the comparison of both
individual and mean ratings across human and Al evaluators. This analysis provided insight
into the extent to which Al-generated scores align with human ratings under varying assessment
conditions. In addition, Pearson correlation coefficients were calculated for each genre under
both rubric-free and rubric-based conditions to evaluate the alignment between Al-generated
and human-assigned scores. This allowed for an examination of score convergence across tools
and conditions.

To assess whether rubric use significantly influenced Al scoring behavior, paired-sample t-tests
were conducted for both ChatGPT and DeepSeek scores, with and without the rubric, within
each genre. These analyses tested whether structured criteria impacted the consistency and
accuracy of Al evaluations.

Finally, to determine whether essay genre influenced rater agreement and score variation, a
One-Way ANOVA was conducted across the three genres (opinion, argumentative, and
persuasive) for each assessment condition. Where significant effects were found, Tukey’s HSD
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post hoc tests were applied to identify specific genre-related differences in Al-human
alignment.

Ethics Committee Approval

This research was conducted with the permission granted by the Nevsehir Hac1 Bektas Veli
University Scientific Research and Publication Ethics Committee, based on the decision dated
05/02/2025 and numbered 2025.01.42.

RESULTS

This section presents the descriptive statistics for scores assigned by ChatGPT 4.0 and
DeepSeek R1, both with and without rubric conditions, as well as two human raters and their
averaged scores. These evaluations were conducted across three genres: argumentative,
opinion, and persuasive essays.

As summarized in Table 1, Al-generated scores generally exhibited lower variability (i.e.,
smaller standard deviations) compared to human raters. This pattern suggests that Al models
produced more consistently centralized scores, whereas human assessments were more
dispersed. In all three genres, Al-generated scores tended to be slightly higher on average than
human ratings.

In argumentative essays, DeepSeek without rubric (DSk) produced the highest mean score (M
= 75.74), while the average human rating was lower (M = 69.19) and more variable (SD =
17.76). In the opinion genre, ChatGPT with rubric (GPT2) achieved the highest mean score (M
= 82.48), showing a possible effect of rubric alignment. Again, human ratings showed lower
means and larger standard deviations, indicating greater subjectivity or inconsistency. In
persuasive essays, ChatGPT again yielded the highest average (M = 82.50), while human
evaluations showed comparable means but with considerably higher variability.

These findings indicate a consistent trend: rubric-informed Al scoring, especially via ChatGPT,
produced more centralized and higher average scores than human raters, while rubric-free
conditions generated greater score spread, particularly among human evaluators.

Table 1. Combined descriptive statistics for all genres (N=54)

Genre  GPTMean  GPT2Mean DSk Mean  DSk2 Mean  Humanl Human2 (}ﬁ‘:ﬁ'}l (:lg
(SD) (SD) (SD) (SD) Mean (SD) Mean (SD) (SD)

Arg. 7320 (6.42)  73.15(4.78) 75.74(6.70)  73.13 (6.72) (6185630) (6197'?365) 69.19 (17.76)

Op. 75.15(6.77)  8248(5.01) 7433(6.14)  76.09 (7.68) (619 ggg) (7104_7687) 70.10 (15.30)

Pers. 7424 (6.74)  82.50(5.13)  7533(6.38)  72.91 (8.09) (7115‘%232) (7115’%32) 71.38 (14.99)

Note: Means and standard deviations (in parentheses) are provided. GPT = ChatGPT without rubric; GPT2 = ChatGPT with
rubric; DSk = DeepSeek without rubric; DSk2 = DeepSeek with rubric; HA = Human Average (mean of H1 and H2).

To assess the consistency of scoring across human and Al raters, Intraclass Correlation

Coefficients (ICC) were calculated for each essay genre using a two-way mixed-effects model
with an absolute agreement definition. Both single-rater reliability and average-rater reliability
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were examined to evaluate the performance of individual raters and the reliability of aggregated
scores.

In the argumentative genre, the reliability among individual raters was fair, ICC(2,1) =.36, 95%
CI[.24, .50], p <.001. This value suggests considerable variation in how raters initially scored
the essays, meaning that their judgments were not fully aligned when considered individually.
However, when the scores were averaged across raters, reliability increased substantially to a
good level, ICC(2,k) = .74, 95% CI [.62, .84]. In practical terms, this indicates that combining
multiple raters’ judgments produced a more stable and dependable overall evaluation, reducing
the influence of individual bias or scoring differences.

For opinion essays, inter-rater reliability was weaker, with single-rater ICC(2,1) = .26, 95% CI
[.14, .41], p <.001, suggesting poor to fair agreement among raters. Averaged scores improved
reliability to a moderate level, ICC(2,k) = .64, 95% CI [ .45, .78].

In the persuasive genre, the pattern persisted. The single-measure ICC was .27, 95% CI [.15,
A42], p < .001, indicating again poor to fair agreement, while averaging scores improved
reliability to ICC(2,k) = .64, 95% CI [.46, .78], suggesting moderate agreement. Table 2
summarizes ICC values across genres and scoring methods

Table 2. Intraclass correlation coefficients (ICC) by genre and rater type

Genre ICC (Single)® 95% CI (Single) ICC (Average) 95% CI (Average)
Argumentative 364 [.242, .504] 741° (615, .836]
Opinion 2632 [.140, .409] .641¢ [.449, .776]
Persuasive .270° [.148, .415] .640° [.464, .780]

Two-way mixed effects model where people effects are random and measures effects are fixed.

a. The estimator is the same, whether the interaction effect is present or not.

b. Type A intraclass correlation coefficients using an absolute agreement definition.

c. This estimate is computed assuming the interaction effect is absent, because it is not estimable otherwise.

These findings suggest that while individual scorers, whether Al or human, exhibited limited
agreement, reliability improved markedly when scores were aggregated. This pattern reinforces
prior recommendations advocating for ensemble or averaged scoring approaches in Al-assisted
or hybrid evaluation systems to enhance reliability and reduce variance.

To examine the degree of alignment between Al-generated scores and human ratings, Pearson
correlation coefficients were computed for each genre (argumentative, opinion, and persuasive)
and scoring condition (rubric-free vs. rubric-based). These analyses evaluated the extent to
which ChatGPT and DeepSeek approximated human evaluative behavior under varying
conditions.

In the argumentative genre, rubric-based scoring by ChatGPT (GPT2) showed the strongest
correlation with human ratings, » = .619, p < .01, suggesting substantial agreement when rubric
guidance was applied. DeepSeek with rubric (DSk2) showed a moderate correlation, » = .386,
p < .01. Under rubric-free conditions, ChatGPT (GPT) achieved a moderate-to-strong
correlation with human scores (» = .562), while DeepSeek (DSk) followed with » = .500.

For opinion essays, overall correlations were lower across both models. The highest correlation
was observed for ChatGPT without rubric (» =.379, p <.01), while rubric-based scoring led to
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anotable decrease in correlation (»=.211, n.s.), indicating a possible over alignment with rubric
structure at the expense of matching human judgment. DeepSeek also showed moderate
alignment in the rubric-free condition (» = .332, p <.05), with rubric-based scoring offering a
slight increase (r =.277, p <.05). These findings indicate that genre characteristics interact with
Al evaluation patterns in opinion essays, where expression of stance and personal reasoning
often outweigh formal structure, rubric-guided scoring may overemphasize mechanical
accuracy and organization, leading to weaker alignment with human raters who naturally
accommodate individuality in such writing.

In the persuasive genre, the strongest correlation was observed for DeepSeek with rubric (7 =
479, p < .01), reflecting better alignment in rubric-informed evaluations. ChatGPT, both with
and without rubric, showed moderate correlations (» = .260 and r = .413, respectively), while
DeepSeek without rubric (DSk) performed weakest (» = .228, n.s.). Table 3 presents the
correlation coefficients by genre and Al evaluation method.

Table 3. Pearson correlation coefficients between human and Al ratings across genres

Genre/Evaluation . . . .
method Argumentative Opinion Persuasive
without rubric 562%* 379%* 413%*
ChatGPT with rubric 619% 211 260
DeenSeek without rubric .500%* 332% 228
P with rubric 386++ 277* 479%*

Note: GPT = ChatGPT; DSk = DeepSeek; GPT2 and DSk2 = rubric-based versions. p < .05, p < .01 (two-tailed).

These results highlight that Al-human alignment varies notably by genre and scoring condition.
Rubric usage generally improved agreement in argumentative and persuasive writing but had
inconsistent effects in opinion essays. ChatGPT showed stronger genre sensitivity, performing
best in argumentative essays when guided by rubrics. In contrast, DeepSeek demonstrated more
stable, but modest, correlations across conditions. Overall, these patterns suggest that genre and
rubric design critically influence how closely Al models approximate human evaluative
judgment.

To assess the impact of rubric use on Al-generated scores, paired-samples t-tests were
conducted for both ChatGPT and DeepSeek across the three essay genres: argumentative,
opinion, and persuasive. These comparisons evaluated whether rubric-based scoring
significantly altered Al performance relative to rubric-free scoring.

In the argumentative genre, no significant difference was found between ChatGPT's rubric-free
and rubric-based scores, #53) = 0.08, p = .940, suggesting that rubric guidance did not
meaningfully influence its scoring behavior. In contrast, DeepSeek exhibited a significant
increase in scores when using the rubric, #(53) = 3.27, p = .002, indicating improved alignment
or scoring inflation when structured criteria were applied.

For opinion essays, both Al systems showed statistically significant increases in scores under
rubric-based conditions. ChatGPT's scores rose markedly with rubric use, #53) = -8.90, p <
.001, while DeepSeek also showed a significant increase, #53) =-3.30, p = .002. These results
suggest that rubrics enhanced scoring consistency or elevated Al sensitivity to performance
indicators in opinion writing.
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In the persuasive genre, rubric use produced divergent effects across models. ChatGPT’s rubric-
based scores were significantly higher than rubric-free scores, #(53) =-8.24, p <.001, showing
strong rubric responsiveness. However, DeepSeek’s rubric-free scores were actually
significantly higher than its rubric-based scores, #53) = 2.71, p = .009, suggesting that rubric
guidance may have constrained its scoring behavior or altered weighting heuristics in this genre.
Table 4 summarizes the paired comparisons across conditions.

Table 4. Paired-samples t-tests scores for assessments with and without rubric

Paired Differences t df Sig. (2-
Std. Error 95% Confidence Interval tailed)
Mean of the Difference
Lower Upper
Pair 1 GPT - GPT2 72944 -1.40752 1.51863 .076 53 .940
Argumentative  Pair 2 DSeek — 79894 1.00864 421358 3.268 53 .002
Dseek?2
Pair 3 GPT - GPT2 82416 -8.98640 -5.68027 -8.898 53 .000
Opinion Pair 4 DSeek — 66739 -3.54232 -.86509 -3.302 53 .002
Dseek?2
Pair 5 GPT - GPT2 1.00286 -10.27073 -6.24779 -8.236 53 .000
Persuasive Pair 6 DSeek — .89396 .63287 421898 2.714 53 .009
Dseek?2

Negative ¢ values indicate higher scores with rubric; positive values indicate higher scores without rubric. p <
.05, p <.01 (two-tailed).

These findings underscore the model- and genre-specific effects of rubric integration. ChatGPT
appeared highly sensitive to rubric guidance, particularly in opinion and persuasive writing,
which may reflect its ability to internalize structured evaluation criteria. DeepSeek showed
greater variability, performing better with rubrics in some genres (opinion, argumentative), but
worse in others (persuasive). This variation highlights the importance of prompt calibration and
genre-aware rubric design when deploying Al scoring systems in educational contexts.

To explore whether essay genre influenced the reliability and behavior of Al-generated scoring,
One-Way ANOVA tests were conducted separately for each Al model (ChatGPT and
DeepSeek), under both rubric-free and rubric-based conditions. These tests assessed whether
mean score differences across argumentative, opinion, and persuasive genres were statistically
significant. Tukey’s HSD post-hoc tests were subsequently performed to identify specific genre
pairs showing significant differences.

As shown in Table 5, ANOVA results revealed significant genre effects for rubric-based
scoring, particularly with ChatGPT. The model’s rubric-informed evaluations (GPT2)
demonstrated highly significant score differences across genres, F(2, 159) = 63.37, p <.001.
DeepSeek’s rubric-based evaluations (DSk2) also showed significant genre sensitivity, F(2,
159)=4.19, p=.017.

Table 5. One-way ANOVA results for ai scores across essay genres

Al Evaluation Method F p-value Sig.

ChatGPT (without rubric) 1.159 317 Not significant
ChatGPT (with rubric) 63.374 .001 Significant
DeepSeek (without rubric) 0.688 .504 Not significant
DeepSeek (with rubric) 4.185 .017 Significant
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Note. The table presents the results of one-way ANOVA analyses comparing Al-generated scores across three
genres: Argumentative, Opinion, and Persuasive. A significance level of .05 was used.

In contrast, rubric-free scoring methods yielded no statistically significant differences across
genres. For ChatGPT without rubric, F = 1.16, p = .317, and for DeepSeek without rubric, F =
0.69, p = .504. These results suggest that genre effects are primarily activated when rubric
guidance is embedded into the evaluation process.

Tukey’s HSD post-hoc tests further clarified these findings. For ChatGPT with rubric, opinion
essays received significantly higher scores than both argumentative and persuasive essays
(Mean Differences = 9.33 and 9.35, p < .001), indicating that rubric-driven evaluations may
amplify genre-specific scoring tendencies.

For DeepSeek with rubric, significant differences emerged between argumentative and opinion
essays (p =.043), and between opinion and persuasive essays (p =.029). These results highlight
DeepSeek’s more modest but still meaningful genre sensitivity under rubric conditions.

Table 6. Tukey’s HSD post-hoc comparisons for Al scores across essay genres

Al Group 1 Group 2 Mean p-value  95% CI 95% CI Sig.
Method Difference Lower Upper

GPT2 Argumentative Opinion 9.33 <.001 7.07 11.6 Yes
GPT2 Argumentative Persuasive 9.35 <.001 7.08 11.6 Yes
DSk2 Argumentative Opinion -3.407 0.043 -6.73 -.079 Yes
DSk2 Opinion Persuasive 3.62 0.029 -6.95 -.302 Yes

Note. GPT2 and DSk?2 refer to rubric-based evaluations. Only the comparisons with statistically significant
differences are shown. Post-hoc analysis was conducted using Tukey’s HSD test with o = .05.

These results underscore the importance of genre in shaping Al scoring behavior, particularly
when evaluation is guided by rubric criteria. ChatGPT showed a strong tendency to rate opinion
essays more favorably under rubric conditions, while DeepSeek revealed more subtle, genre-
dependent variations. Collectively, these findings suggest that genre awareness and task
calibration are essential when integrating Al into educational writing assessment frameworks.

DISCUSSION

This study examined the reliability and scoring consistency of two large language models
(LLMs), ChatGPT and DeepSeek, in assessing EFL student essays across three genres and
under two scoring conditions (with and without rubric). The findings contribute to the
expanding research base on Al-assisted writing assessment by offering empirical insights into
the reliability of Al-generated scores, the influence of rubric use, and the genre-based reliability
in Al scoring performance. These results are interpreted in relation to prior research and their
implications for assessment practice are discussed below.

Reliability of AI Scores Compared to Human Ratings

The results indicated moderate to high reliability between Al-generated scores and human-
assigned ratings, particularly under rubric-based conditions. Rubric integration yielded higher
intraclass correlation coefficients (ICCs) and closer alignment with human evaluations than
rubric-free assessments. These findings align with Yavuz et al. (2024), who reported high ICCs
(up to .972) for rubric-based scoring using fine-tuned ChatGPT models. Similarly, Shin and

204



Tasgi, S. Human and Al Scoring of EFL Writing: The Influence of
Rubrics and Genre on Reliability

<<V\

C
(

B

\

JENA

Lee (2024) found strong agreement between ChatGPT and human raters when scoring tasks
were clearly structured.

In contrast, our findings diverge from those of Jackaria et al. (2024), who reported low
consistency between GPT-3.5 and human ratings in the absence of prompt calibration. This
discrepancy may stem from our use of ChatGPT 4.0 and carefully prompt-engineered, rubric-
embedded instructions, which enhanced the models’ interpretive alignment with human
evaluation standards. Likewise, Manning et al. (2025) found that ChatGPT performance varied
across complex academic tasks, especially those requiring nuanced rhetorical evaluation,
consistent with our genre-based results.

In rubric-free settings, Al models displayed risk-averse scoring behavior, clustering scores
around the mid-range. This aligns with Lundgren (2024), who observed that GPT-4 assigned
mid-range scores more frequently, resulting in low inter-rater reliability (Cohen’s k = 0.18).
Similarly, our rubric-free scores exhibited lower alignment and reduced variability in
discriminating writing quality.

The Effect of Rubric on AI Performance

The study provides robust evidence that rubric integration substantially enhances Al scoring
accuracy and reliability. Across both models, rubric-based conditions produced stronger
correlations with human ratings, narrower standard deviations, and clearer genre-based score
distinctions. This supports findings from Bucol and Sangkawong (2024), who concluded that
rubric-informed Al assessments improved score transparency and alignment. Likewise, Li et
al. (2024) demonstrated that rubric-guided ChatGPT scoring improved its ability to generate
detailed and justifiable assessments across writing genres.

The effectiveness of rubric use appears closely tied to prompt design and rubric clarity.
Mizumoto and Eguchi (2023) emphasized that Al reliability improves when linguistic features
are explicitly mapped onto rubric components. Our prompts embedded weighted dimensions
and genre-specific scoring criteria, likely increasing rubric salience for the models.

These results contrast with Lundgren’s (2024) findings, where minor rubric alterations did not
impact GPT-4’s scoring behavior. One explanation may be that Lundgren’s political science
rubric lacked sufficient specificity or weight distribution, making it less interpretable to the Al
system. Our results suggest that rubric quality, prompt engineering, and task calibration play a
crucial role in ensuring effective Al scoring performance.

The Effect of Genre on Al Performance

A central finding of this study was that AI-human scoring alignment varied significantly across
genres. Agreement was highest in opinion essays, moderate in persuasive writing, and lowest
in argumentative tasks, particularly under rubric-free conditions. This trend mirrors the findings
of Kim et al. (2024), who reported that ChatGPT struggled with argument coherence and
source-based reasoning in complex writing assignments.

Bouziane and Bouziane (2024) similarly found that while ChatGPT performed well in assessing
grammar, coherence, and cohesion, it underperformed in identifying deeper rhetorical features
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like thematic development and argumentative progression. Our results reinforce this limitation,
particularly in argumentative texts, where cognitive complexity and counter argumentation
posed challenges for both Al tools.

The persuasive genre, which blends emotional and logical appeals, yielded more moderate
agreement. LLMs appeared capable of capturing surface coherence and fluency, but less
effective at interpreting subtle rhetorical intent or emotional nuance. Yue (2024) also observed
that ChatGPT 4.0 could recognize basic structural flaws in persuasive writing but faltered when
evaluating argument strength and stylistic depth.

Genre effects may also be shaped by training corpus biases. Most LL.Ms are trained on general
web-based content, which emphasizes narrative, expository, or transactional genres, while
offering less exposure to academic argumentation or genre-specific conventions. As a result,
Al tools may lack the schematic knowledge required to assess conventions critical to
argumentative writing such as thesis structure, counterarguments, and logic chains.

CONCLUSION, IMPLICATIONS, AND FUTURE DIRECTIONS

This study compared the scoring performance of two large language models, ChatGPT and
DeepSeek, against experienced human raters in evaluating EFL writing across three genres
under rubric-free and rubric-based conditions. The results revealed distinct model- and genre-
specific patterns: ChatGPT aligned most closely with human ratings in argumentative essays,
whereas DeepSeek performed better with persuasive writing. Rubric integration generally
enhanced scoring consistency but did not uniformly improve agreement across all genres,
particularly in opinion essays where flexible reasoning and personal stance appeared to
challenge Al precision.

Taken together, these findings make two key contributions. First, they provide comparative
evidence on model-specific reliability in L2 writing assessment, offering one of the earliest
systematic contrasts between ChatGPT and DeepSeek. Second, they illuminate how genre and
rubric structure interact with Al evaluation, highlighting the contextual limits of automated
scoring. Rather than positioning Al as a replacement for human raters, this study conceptualizes
large language models as supportive instruments for reliable, scalable, and criterion-referenced
writing evaluation.

At the classroom level, Al tools can enhance writing instruction by generating formative
feedback, reducing teacher workload, and promoting students’ self-assessment literacy.
However, their use should be guided by clear, weighted rubrics embedded in prompts to ensure
consistency. Teachers should be aware that in genres requiring higher-order reasoning, such as
argumentative writing, Al may misinterpret nuance or rhetorical intent, underscoring the need
for human oversight in complex evaluative contexts. Incorporating Al assessment literacy into
teacher education programs will help educators design effective prompts, interpret Al feedback
critically, and apply results ethically.

At the institutional level, Al scoring systems can serve as calibration tools to harmonize inter-
rater consistency and facilitate norming sessions. Educational institutions adopting such
systems should establish transparent assessment frameworks that ensure fairness, data privacy,
and alignment with curricular objectives. Policies should promote hybrid scoring models,
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combining the efficiency of Al with the interpretive expertise of human raters, especially in
high-stakes or placement contexts.

Despite its robust design and comprehensive dataset, this study is subject to several limitations.
The sample was limited to a single EFL population at one Turkish university, potentially
constraining generalizability across contexts and proficiency levels. Furthermore, only two Al
models were tested; future studies should expand to include additional LLMs such as Claude,
Gemini, or open-source systems. The study also focused primarily on numerical score
reliability; future research should include qualitative analyses of Al-generated feedback to
assess its pedagogical appropriateness. This study did not manipulate or compare prompt
engineering strategies, which are known to influence LLM outputs. Future investigations
should examine how different prompt formats, levels of rubric detail, or genre-specific
instructions affect Al scoring accuracy across learner profiles. Longitudinal research is also
needed to evaluate the sustained impact of Al-generated feedback on student writing
development, engagement, and metacognitive awareness in real classroom settings.
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