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Can AI Assess Writing Skills Like a Human? A Reliability Analysis
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ABSTRACT: This study investigates the reliability and consistency of a custom GPT-based scoring system in
comparison to trained human raters, focusing on Bl-level opinion paragraphs written by English preparatory
students. Addressing the limited evidence on how Al scoring systems align with human evaluations in foreign
language contexts, the study provides insights into both strengths and limitations of automated writing assessment. A
total of 175 student writings were evaluated twice by human raters and twice by the Al system using analytic rubric.
Findings indicate excellent agreement among human raters and high consistency across Al-generated scores, but only
moderate alignment between human and Al evaluations, with the Al showing a tendency to assign higher scores and
overlook off-topic content. These results suggest that while Al scoring systems offer efficiency and consistency, they
still lack the interpretive depth of human judgment. The study highlights the potential of Al as a complementary tool
in writing assessment, with practical implications for language testing policy and classroom pedagogy.

Keywords: Automated Al scoring, writing assessment, interrater reliability.

OZ: Bu galisma, Ingilizce hazirlik 6grencilerinin yazdigi B1 diizeyindeki goriis paragraflarini degerlendirmede 6zel
olarak yapilandirilmis GPT tabanli bir puanlama sisteminin, egitimli insan degerlendiricilerle karsilagtirildiginda
giivenirlik ve tutarliligini incelemektedir. Yapay zeka tabanli puanlama sistemlerinin yabanci dil baglaminda insan
degerlendirmeleriyle ne Ol¢lide Ortiistiigline dair sinirli kanitlardan yola ¢ikan c¢alisma, otomatik yazma
degerlendirmesinin giiglii ve zayif yonlerine 151k tutmaktadir. Toplam 175 dgrenci yazisi, hem iki insan degerlendirici
hem de yapay zekad sistemi tarafindan, analitik bir rubrik kullanilarak iki kez puanlanmustir. Bulgular, insan
degerlendiriciler arasinda miikkemmel diizeyde bir uyum ve yapay zekd puanlamalari arasinda yiiksek derecede
tutarlilik oldugunu; ancak insan ve yapay zekd degerlendirmeleri arasinda yalnizca orta diizeyde bir uyum
bulundugunu gostermektedir. Ayrica yapay zekanin daha yiiksek puan verme ve konu disi igerikleri gézden kagirma
egiliminde oldugu goriilmiistiir. Bu sonuglar, yapay zekd sistemlerinin yazma degerlendirmesinde verimlilik ve
tutarlilik saglasa da insan yargisinin sahip oldugu yorumlama derinliginden yoksun oldugunu ortaya koymaktadir.
Calisma, yapay zekanin yazma degerlendirmesinde insan degerlendirmenin yerine degil, tamamlayicis1 olarak
kullanilabilecegini vurgulamakta; dil testi politikalart ve sinif i¢i pedagojik uygulamalar i¢in 6nemli yansimalar
sunmaktadir.

Anahtar kelimeler: Yapay zeka ile puanlama otomasyonu, yazma degerlendirmesi, degerlendiriciler arasi tutarlilik.
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Measurement and assessment are fundamental components of education, playing
a crucial role in evaluating student learning, guiding instructional decisions, and
ensuring educational accountability. Assessments can be formative, designed to support
learning through feedback, or summative, used to evaluate proficiency at a specific
point in time (Brown, 2018). In language education, assessment becomes even more
complex due to the multifaceted nature of linguistic competence, which includes
listening, speaking, reading, and writing (Bachman & Palmer, 2010).

Language assessment typically includes both objective and subjective items,
each serving different purposes in evaluating learners' proficiency. Objective items are
structured questions with clear, predetermined correct answers, such as multiple-choice,
true/false, and fill-in-the-blank questions. These items assess discrete linguistic
components like grammar, vocabulary, and reading comprehension with high reliability
and consistency (Brown, 2018). Since objective items yield quantifiable results, they
minimize rater bias and ensure scoring uniformity across test-takers (Bachman &
Palmer, 2010). In contrast, subjective items require human judgment in scoring and
interpretation, as they often involve open-ended responses such as opinion-based
writing tasks, essays, and speaking performances. These items assess productive
language skills, which demand not only grammatical accuracy but also coherence,
cohesion, argumentation, and rhetorical effectiveness (Weigle, 2002). The challenge
with subjective items lies in their inherent variability; raters may interpret scoring
criteria differently, leading to inconsistencies even when standardized rubrics are used
(Jonsson & Svingby, 2007).

Writing assessment, in particular, presents challenges due to its subjective nature
and the multiple elements that contribute to writing quality, such as coherence,
cohesion, grammatical accuracy, vocabulary range, and argumentation (Weigle, 2002).
In English Language Teaching (ELT), ensuring fairness, consistency, and reliability in
writing assessment is a critical concern. While trained instructors rely on rubrics and
descriptors to evaluate student writing, variability in human ratings—often influenced
by rater bias, fatigue, or differing interpretations—remains a major issue (Jonsson &
Svingby, 2007). As a response, artificial intelligence (Al) has been increasingly
integrated into assessment practices, offering automated scoring systems that analyze
linguistic features using natural language processing (NLP), large language models
(LLM) and machine learning (ML) algorithms (Shermis & Burstein, 2013). These
systems promise consistency and efficiency, yet questions remain about their ability to
evaluate complex aspects of writing such as argument strength and coherence
(Perelman, 2020).

Recent studies (Bui & Barrot, 2024; Gegkin et al., 2023; Tang et al., 2024;
Wetzler et al., 2024) have therefore explored the integration of Al into writing
assessment. As Al-powered tools advance, researchers have investigated their
reliability, consistency, and alignment with human scoring practices, particularly in
English as a Second Language (ESL) and English as a Foreign Language (EFL) context
where both linguistic accuracy and discourse quality matter. Findings have been mixed.
Some studies emphasize AI’s potential to reduce subjectivity, while others highlight
weaknesses in detecting nuanced discourse features, proportional biases, or off-topic
responses.
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Several recent studies have directly compared Al-based scoring systems with
human raters, highlighting both areas of alignment and persistent challenges. Gegkin et
al. (2023) and Wetzler et al. (2024) found that Al-generated scores could approximate
human evaluations to some extent, but inconsistencies remained—particularly with
ChatGPT-3.5, which tended to diverge more from human judgments than newer models.
Similarly, Ragolane et al. (2024) observed that rubric-guided Al scoring produced
greater stability than manual grading, yet struggled with aspects such as creativity and
nuanced argumentation. Bui and Barrot (2024) reported parallel concerns, noting that
while Al could apply scoring criteria, its reliability over time was inconsistent.
Together, these studies suggest that while Al can support writing assessment by
reducing variability, it continues to fall short in evaluating deeper rhetorical and
discourse-level features that human raters are better able to capture. In contrast, Li et al.
(2024) and Tang et al. (2024) highlighted the potential of advanced models, such as
hierarchical neural networks and explainable Al systems, to improve contextual
understanding and transparency, although these approaches remain limited in capturing
all dimensions of writing quality. Complementary perspectives are offered by DiSabito
et al. (2024) and Wu et al. (2025), who argued that Al is most effective when guided by
well-structured rubrics and used to support, rather than replace, human evaluation.
Taken together, these findings indicate both the promise and the limitations of Al in
achieving reliability, fairness, and validity in writing assessment.

Taken together, these studies indicate that while Al scoring systems can enhance
efficiency, stability, and transparency, they continue to fall short in capturing the
interpretive depth of human evaluation. Importantly, most existing research has focused
on general-purpose Al models such as ChatGPT, often without rubric alignment
(Hannah et al., 2023; Lundgren, 2024; Rahman et al., 2022). This leaves a critical gap:
few studies have investigated custom GPT-based models aligned with analytic rubrics
in specific educational contexts, such as Bl-level English writing (Dazzeo, 2024;
Gegkin et al., 2023; Sun, 2024). Addressing this gap is significant both theoretically, for
advancing discussions on reliability and validity, and practically, for improving fairness
and accuracy in foreign/second language assessment.

Accordingly, this study aims to evaluate the effectiveness of a custom GPT-
based scoring system in comparison to trained human raters. The following research
questions guided the investigation:

RQ1: How reliable and consistent are scores produced by a custom GPT-based
system compared to trained human raters?

RQ2: To what extent do the scores of the custom GPT-based system align with
those of human raters in evaluating B1-level opinion paragraphs?

RQ3: To what extent do Al-generated scores align with those assigned by
human raters?

RQ4: How effectively does the Al system evaluate off-topic writing samples?

By answering these questions, the study examines whether a tailored GPT
model, aligned with an analytic rubric, can serve as a reliable complement to human
judgment in EFL writing assessment.
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Method

Research Design

Building on the theoretical background and research gap outlined in the
introduction, this section describes the methodological framework employed to
investigate the reliability and validity of the custom GPT-based scoring system in
comparison with human raters.

This study adopted a descriptive-analytical design (Creswell & Creswell, 2018),
which included both descriptive statistics (means, standard deviations, and score
distributions) to summarize the data and inferential statistics (Intraclass Correlation
Coefficients, ICC) to evaluate inter-rater reliability. The design was structured to
directly address the research questions. Specifically, RQ1, which examined the
reliability and consistency of scores, was analyzed using ICC tests across GPT-based
and human ratings. RQ2, which investigated the extent of alignment between GPT-
generated and human ratings, was examined through comparisons of descriptive
statistics and corresponding ICC values. ICC was selected as the primary reliability
index because it is the most appropriate measure for continuous rating data involving
multiple raters, whereas alternatives such as weighted kappa are generally suited for
categorical scoring.

Participants

The participants in this study consisted of 175 students enrolled in the English
preparatory program at a state university in Tirkiye. All participants were active B1-
level students in the department and represented the entire population of learners at this
level during the study period. The group was homogeneous in terms of nationality,
repetition status, and faculty background. Of the participants, 52% were male, with a
mean age of 18 years (SD = 0.6). Their B1 level was determined by the institutional
placement test, on which they had an average score of 70 (SD = 8). Most of the students
were enrolled in engineering faculties, while a smaller proportion were in departments
where English was used either as the full (100%) or partial (30%) medium of
instruction. A convenience sampling procedure was employed, as all available students
meeting the B1-level criterion were included in the study. In addition, two trained raters
participated in the study. The raters were experienced English language instructors,
aged 35 and 37, with 12 and 14 years of teaching experience, respectively, and had prior
training in rubric-based writing assessment.

Procedures

Prior to data collection, students were informed that their written responses
would be used for research purposes, and all identifiable information was anonymized
to uphold ethical standards related to confidentiality and data protection. No personally
sensitive data was retained or reported.

The data for this study were collected through an in-class writing task
administered as part of routine assessment in the English preparatory program.
Participants were instructed to compose an opinion paragraph in response to a prompt
aligned with B1l-level curricular objectives. The writing task was conducted under
standardized conditions, ensuring consistency in timing, instructions, and topic

2025, Journal of Theoretical Educational Science - Kuramsal Egitimbilim Dergisi 18(4), 736-754



740 Hiiseyin ATASEVEN, Omay COKLUK-BOKEOGLU, & Fazilet TASDEMIR

exposure. Each student’s response was anonymized prior to evaluation to ensure
objectivity and compliance with ethical research standards. The opinion paragraphs
were independently scored by two experienced English instructors using an analytic
scoring rubric that evaluated key dimensions such as task fulfillment, coherence and
cohesion, lexical resource, and grammatical accuracy.

Data Collection

The final dataset comprises a total of 175 writing samples produced by B1-level
students enrolled in the English preparatory program. Each sample was evaluated with
blind grading independently by two experienced human raters and twice by the custom
GPT-based Al scoring system, resulting in four scores per response. To compare human
and Al scoring, each paragraph was also assessed twice by a custom GPT-based scoring
system designed to align with the same rubric. This allowed for analysis of both intra-
Al consistency and agreement with human scores. In addition, a set of 10 writings
decided to be off-topic by human raters was specifically examined to evaluate the Al
system’s capacity to detect content irrelevance.

Customized GPT for Writing Assessment

The ChatGPT platform offers the capability to create customized GPTSs, enabling
users to tailor the model's behavior and responses to specific domains or tasks. By
setting personalized instructions and uploading supporting materials, users can enhance
the model’s performance in specialized contexts. This adaptability supports more
precise and context-aware applications across fields such as education, research, and
professional development, representing a notable advancement in user-centered
artificial intelligence.

For the purposes of this study, a specialized GPT model was developed to
function as an automated assessment tool. This model is specifically designed to
evaluate opinion paragraphs written by university students enrolled in English
preparatory programs at the Bl proficiency level. Its design reflects an informed
alignment with the linguistic competencies expected at this level and the academic
writing standards typically upheld in higher education.

The model employs a detailed 20-point scoring rubric encompassing four key
dimensions: Content (7 points), Organization & Structure (7 points), Grammar (3
points), and Vocabulary (3 points). The GPT was trained to be able to detect and
respond to topic relevance; paragraphs deemed off-topic or marginally related to the
prompt are evaluated using an adjusted scoring approach that accounts for reduced task
fulfillment.

In addition to assessing language use and idea development, the model also
incorporates specific point deductions for common writing issues such as omitting a
title, misusing linking expressions, or failing to meet the required word count. This
ensures that evaluations reflect not only linguistic proficiency but also adherence to
fundamental academic writing conventions. The full set of instructions used to
configure this GPT is provided in Appendix A.
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Writing Assessment Rubric

In writing assessment, many educators argue that greater importance should be
placed on the depth and organization of students' ideas rather than on superficial
language elements like grammar and vocabulary. Although grammar and mechanics are
often highlighted in writing instruction, research suggests they should not overshadow
the evaluation of content and structure. According to Wolf and Stevens (2007), the
ability to effectively convey ideas and organize them logically holds more value in the
assessment process. Reflecting this perspective, the rubric used in this study consists of
four main categories: content, organization & structure, grammar, and vocabulary. The
rubric assigns higher weight to content and organization & structure, with 7 points each,
while grammar and vocabulary are allotted 3 points each. This scoring scheme
underscores the emphasis on idea development and coherence over linguistic precision
alone, aligning with the construct of writing assessment as described by Brown (2018).

Data Analysis

A total of 175 unique opinion paragraphs were evaluated twice by human raters
and twice by the Al system. To examine the consistency and reliability of these
evaluations, the Intraclass Correlation Coefficient (ICC) was calculated using R, an
open-source statistical computing platform (R Core Team, 2025). The ICC is a
commonly used metric for assessing the level of agreement or consistency between
raters or repeated measurements, making it especially appropriate for studies involving
multiple evaluations of the same content (Koo & Li, 2016). In this study, a two-way
random-effects model with absolute agreement (ICC[2,1]) was employed to assess
single-measure reliability, and the corresponding average-measure ICC was also
reported to capture overall consistency across raters. Reliability was interpreted based
on the thresholds suggested by Portney and Watkins (2000): ICC values below 0.50
suggest poor reliability, values from 0.50 to 0.75 indicate moderate reliability, values
between 0.75 and 0.90 indicate good reliability, and values above 0.90 suggest excellent
reliability (Koo & Li, 2016).

Ethical Procedures

Ethics committee approval for this study was obtained from the Social Sciences
and Humanities Research Ethics Board of Karabiik University on March 28, 2025,
under the document number E-78977401-050.04-423166.

Results

The following section presents the results of the analyses conducted to address
the research questions outlined in the introduction.

Agreement between Human Raters

To gain a clearer understanding of how each human rater assigned scores to the
student opinion paragraphs, the distributions of their scores were visualized. This type
of visual representation helps to reveal the overall scoring tendencies of each rater,
including whether scores were clustered around certain values or more widely dispersed
across the scoring scale (Wickham, 2016). The distribution of scores assigned by human
raters is presented in Figure 1.
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Figure 1
Distribution of Human Scores Across Two Rating Sessions

Score Human Seore 1 Human Score 2

Density

10 15
Score

As can be seen in Figure 1, the overlaid density plots illustrate the overall
similarity in score patterns, with both distributions peaking around similar values,
suggesting a general alignment in scoring trends. Minor differences in distribution shape
and spread may reflect variation in scoring sensitivity between the two raters. To better
visualize the alignment between human scores, a scatter plot is provided in Figure 2.

Figure 2
Scatter Plot of Human Scores Across Two Rating Sessions

Human Score 2

Human Score 1

Figure 2 provides a visual representation of the relationship between the scores
assigned by the two human raters. The scatter plot shows that the data points closely
follow a linear pattern, indicating a strong agreement between the two sets of scores.
The fitted regression line and narrow confidence interval further support this
consistency, suggesting that both raters applied the scoring rubric in a reliable and
uniform manner. This visual evidence aligns with the high interrater reliability observed
in the statistical analysis.

To evaluate the consistency of human raters in assessing the student writing
samples, the ICC was calculated using a two-way mixed-effects model for absolute
agreement and average measures. The analysis revealed an ICC(A,2) of 0.94, indicating
excellent interrater reliability (Koo & Li, 2016; Portney & Watkins, 2000). This result
suggests a high degree of agreement between the two human raters in evaluating the
opinion paragraphs. The F-test confirmed that this level of agreement was statistically
significant, F(174, 171) = 18.1, p < .001, with a 95% confidence interval ranging from
0.925 to 0.959. These findings underscore the reliability of the human scoring process
and support its use as a reference point for comparing Al-based evaluations in
subsequent analyses.
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Consistency Across Multiple Al-generated Scores

To gain a clearer understanding of how each Al rater assigned scores to the
student opinion paragraphs, we visualized the distributions of their scores. The
distribution of scores assigned by Al raters is presented in Figure 3.

Figure 3
Distribution of Al Scores Across Two Rating Sessions

Score Al Score 1 Al Score 2

Density

15
Score

As shown in Figure 3, the overlaid density plots illustrate the distribution of
scores generated by the Al system across two separate rating instances. While both Al
Score 1 and Al Score 2 exhibit similar means, indicating general consistency in central
scoring tendencies, there are notable differences in how the scores are distributed.
Specifically, Al Score 1 shows a sharper peak, reflecting higher kurtosis and suggesting
that the model assigned a larger number of scores clustered tightly around the mean. In
contrast, Al Score 2 displays a flatter, wider distribution, indicating greater dispersion in
scoring. This contrast suggests that, although the two sets of Al scores align in terms of
average performance, the scoring behavior differs slightly in variability—possibly due
to subtle shifts in how the model weighed certain rubric components across sessions. To
better visualize the alignment between Al scores, a scatter plot is provided in Figure 4.

Figure 4
Scatter Plot of Al Scores Across Two Rating Sessions

Al Score 2

Al Score 1

Figure 4 visualizes the consistency between two independent scoring instances
performed by the Al system. Each dot represents a student’s writing sample scored in
two separate sessions by the custom GPT-based model. The data points closely follow
the red regression line, indicating a strong positive correlation between the two Al-
generated scores. The narrow gray confidence band suggests minimal variability,
highlighting the internal stability of the scoring mechanism. While some dispersion is
visible in the mid-to-lower score range, the overall alignment implies that the Al model
applies scoring criteria in a highly consistent manner when operating under identical
conditions.

2025, Journal of Theoretical Educational Science - Kuramsal Egitimbilim Dergisi 18(4), 736-754



744 Hiiseyin ATASEVEN, Omay COKLUK-BOKEOGLU, & Fazilet TASDEMIR

However, Figure 4 shows that the majority of Al-generated scores fall above the
10-point mark, suggesting a general tendency toward lenient scoring. This pattern raises
concerns about the AI system’s ability to penalize off-topic or partially relevant
responses effectively. Despite the model’s overall consistency, its apparent reluctance to
assign lower scores may indicate limitations in detecting content that diverges from the
prompt, particularly in cases where surface-level linguistic features remain strong but
semantic relevance is weak.

To determine the consistency of the custom GPT-based scoring system, the ICC
was calculated for two separate Al-generated scores of each opinion paragraph. The
analysis, based on a two-way mixed-effects model with absolute agreement for average
measures, yielded an ICC(A,2) of 0.900. According to the interpretive guidelines by
Koo and Li (2016), this value indicates excellent reliability. The F-test result, F(174,
174) = 9.99, p < .001, confirmed that the observed agreement was statistically
significant. The 95% confidence interval ranged from 0.866 to 0.926, further supporting
the internal consistency of the Al system in evaluating student writing. These findings
suggest that the GPT-based scoring model produces stable results when applied multiple
times under identical conditions.

Alignment of Al-Generated Scores with Human Rater Scores

To explore the alignment between human-assigned scores and Al-generated
scores, the distributions of their respective mean values were plotted and are presented
in Figure 5. This visual comparison helps to highlight areas of agreement as well as
potential differences in how each scoring source evaluates student writing performance.

Figure 5
Distribution of Human and Al Mean Scores

Score Human Mean Scores Al hean Scores

Density

10 15
Score

As shown in Figure 5, although the means of the human and Al scores are
generally similar, there are clear differences in the shapes of their distributions. The
human scores (in orange) form a sharper, more peaked curve, indicating a high
concentration of scores near the average. In contrast, the Al-generated scores (in blue)
exhibit a broader, flatter distribution, reflecting greater variability in score assignments.
This wider spread suggests that the Al system differentiates more across writing
performances, while human raters may apply scoring criteria more conservatively or
consistently around a central range. To better visualize the alignment between human
mean scores and Al mean scores, a scatter plot is provided in Figure 6.
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Figure 6
Scatter Plot of Human and Al Mean Scores

Al Mean Score

10
Human Mean Score

Figure 6 compares the average scores assigned by human raters and those
generated by the Al system. The scatter plot reveals a positive correlation, as indicated
by the upward-sloping regression line. However, a noticeable pattern emerges: Al
scores tend to cluster more tightly within the mid-to-high score range, while human
scores demonstrate greater variability across the full scale. The relatively flatter slope of
the regression line and the presence of several outliers—particularly where human
scores are low but Al scores remain moderate—suggest that the Al system may
overestimate weaker performances.

This trend implies that while the Al model aligns moderately well with human
judgment on higher-scoring responses, it may struggle to mirror human sensitivity to
lower-quality or off-topic content. The AI’s tendency to assign scores within a narrower
band could reflect limitations in detecting nuanced issues such as lack of coherence,
weak argumentation, or irrelevance to the prompt—elements human raters are trained to
penalize.

To assess the degree of agreement between the Al-generated scores and the
scores assigned by human raters, the Intraclass Correlation Coefficient (ICC) was
computed using the average of two human scores and two Al scores per writing sample.
The analysis employed a two-way mixed-effects model for absolute agreement. The
resulting ICC(A,2) was 0.725, which, according to Koo and Li (2016), indicates
moderate to good reliability. The agreement was statistically significant, F(174, 170) =
3.69, p < .001, with a 95% confidence interval ranging from 0.630 to 0.796. These
findings suggest that while the Al scoring system demonstrates a fair degree of
alignment with human judgment, its evaluations are not fully interchangeable with those
of trained human raters.

Effectiveness of the Al System on Evaluating Off-Topic Writing Samples

To investigate the Al system’s ability to detect off-topic responses, a total of 175
paragraphs were analyzed. Among these, 10 paragraphs had been independently
identified as off-topic based on their clear divergence from the assigned prompt. Both
human raters and the custom GPT-based scoring model were asked to classify each
paragraph as on-topic, somewhat on-topic, or off-topic.

Human raters successfully identified all ten off-topic paragraphs (100%
accuracy), whereas the Al system detected only four of them (40% accuracy). The Al
model thus failed to recognize six off-topic writings (60% misclassification rate),
labeling them as either on-topic or somewhat on-topic.
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These findings suggest that the Al system struggles to reliably differentiate
between nuanced levels of topic relevance. Despite being trained with task-specific
instructions and a rubric that emphasized topical alignment, the model exhibited a
tendency to overlook semantic drift or superficial adherence to the prompt. This raises
concerns about the Al’s effectiveness in detecting off-topic writing, an important factor
in ensuring the validity of writing assessment.

Discussion and Conclusion

This study aimed to evaluate the reliability and alignment of a custom GPT-
based scoring system against trained human raters for B1-level opinion paragraphs. The
findings offer a nuanced perspective on the current capabilities and limitations of Al in
writing assessment. While the results confirmed the Al's capacity for high internal
consistency, they also highlighted a significant gap between its automated evaluations
and the interpretive depth of human judgment, particularly concerning scoring leniency
and the detection of off-topic content.

A primary finding was the moderate alignment between human and Al scores.
This discrepancy appears to stem from the Al's tendency to be more lenient, especially
with lower-quality writing. This pattern suggests the Al model may overvalue surface-
level linguistic features, such as grammatical correctness and lexical variety, while
failing to adequately penalize weaknesses in deeper discourse-level components like
argumentation, coherence, and task fulfillment. Human raters, by contrast, demonstrated
a more holistic evaluative approach, effectively integrating both linguistic accuracy and
content quality into their scores. This aligns with the theoretical view that writing
proficiency is a multifaceted construct that extends beyond mere mechanical
correctness. The Al's struggle to penalize irrelevant content suggests its current
algorithms are not yet sophisticated enough to fully grasp semantic context and
authorial intent, which remain key strengths of human evaluation.

These results both corroborate and extend the findings of previous research in
automated writing assessment. In line with the observations of Gegkin et al. (2023) and
Wetzler et al. (2024), our study found that Al-generated scores often diverge from
human judgments, with a notable tendency toward leniency. Similarly, our findings
echo Ragolane et al. (2024), who noted that while rubric-guided Al can achieve
stability, it struggles with nuanced aspects like creativity and argumentation. This study
adds to this body of work by demonstrating that even a custom GPT model, specifically
trained on an analytic rubric designed to prioritize content and organization, is not
immune to these shortcomings. The system’s pronounced failure to identify off-topic
responses underscores a critical limitation that persists despite advances in model
customization.

The practical implications of these findings are significant for educators and
institutions considering the integration of Al into their assessment practices. The results
strongly suggest that Al scoring systems, in their current form, are not suitable to be
used as standalone, high-stakes evaluation tools. Their leniency and inability to reliably
detect off-topic content could lead to inflated grades and invalidate assessment
outcomes. Instead, the Al's strengths, consistency and efficiency position it as a
valuable supplementary tool. For instance, it could be used for low-stakes formative
assessments, providing students with instant feedback on grammatical and lexical
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features, thereby freeing up instructors to focus on higher-order concerns such as idea
development and critical thinking. This human-Al partnership model, as advocated by
DiSabito et al. (2024) and Wu et al. (2025), appears to be the most pedagogically sound
approach, leveraging Al's efficiency without sacrificing the validity and fairness that
human oversight ensures.

In conclusion, this study confirms that while a custom GPT-based system can
score student writing with a high degree of internal consistency, it does not yet fully
replicate the nuanced and context-aware judgment of experienced human raters. The Al
demonstrated a tendency toward lenient scoring and a significant weakness in
identifying off-topic content, revealing limitations in its ability to assess deeper levels of
writing quality. Therefore, Al should be viewed as a supportive instrument rather than a
substitute for human evaluators in the writing assessment process. Its proper role is to
enhance efficiency and provide formative feedback, but final, summative judgments—
especially where fairness and validity are paramount—must remain under the purview
of human educators.

Limitations and Suggestions for Future Research

Although this study provides meaningful insights into the reliability and
consistency of a custom GPT-based scoring system, several limitations should be
acknowledged. First, the research focused on a single proficiency level (B1) within one
institutional context in Tiirkiye. Therefore, the findings may not be generalizable to
different proficiency levels, writing genres, or educational settings. Future research
could include participants from various institutions and proficiency levels to examine
whether similar patterns of reliability and alignment persist across broader linguistic and
contextual conditions.

Second, the customized GPT model used in this study was developed through
prompt-based configuration rather than fine-tuning with large-scale annotated data.
Consequently, its scoring behavior reflects guided adaptation rather than data-driven
learning. Future work could explore models trained or fine-tuned on larger, rubric-
aligned writing corpora to assess whether such models better capture nuanced linguistic
and rhetorical features.

Third, while the Intraclass Correlation Coefficient (ICC) provided a solid
measure of interrater reliability, this approach primarily captures numerical agreement
and does not fully reflect the qualitative aspects of scoring. Future studies may benefit
from incorporating discourse-level analysis, linguistic feature extraction, or explainable
Al methods to better understand the reasoning processes behind Al-generated scores.

Fourth, the number of writing samples (N = 175) and the use of a single writing
genre (opinion paragraphs) limit the breadth of inference. Writing performance and Al
interpretations may differ significantly across genres such as narrative, argumentative,
or expository writing.

Future research should expand the range of genres and include larger datasets to
better evaluate the scalability and generalizability of Al scoring tools. Enhancing Al
models to detect deeper semantic relationships and topic relevance would be critical,
particularly in formative contexts where task fulfillment is as important as language
quality. Additionally, the integration of hybrid scoring models—where Al offers a first-
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pass evaluation followed by human review—may balance efficiency with interpretive
depth and mitigate some of the observed shortcomings.

Finally, while human ratings were used as the benchmark for comparison,
human scoring is itself subject to bias and interpretive variation. The study did not
include adjudication procedures or qualitative calibration discussions that could further
validate differences between human and Al scores. Future research could employ
mixed-method approaches that combine quantitative reliability measures with
qualitative analyses of rater—Al disagreements to gain a more comprehensive
understanding of how judgments are formed.

In sum, while the present findings indicate that Al-based scoring systems can
achieve high consistency, they also highlight the need for continued refinement in areas
such as semantic understanding, rubric sensitivity, and contextual validity. Future
studies that integrate Al and human expertise in complementary ways may offer the
most balanced and pedagogically sound approach to writing assessment.
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Appendix A
The Prompt to Create “B1 Level - Opinion Paragraph Scoring GPT”

You are a highly skilled and experienced professor with a PhD in English Language Teaching. Your primary role is
to evaluate opinion paragraphs written by university students enrolled in an English preparatory class at the B1
level. You have developed a clear and structured rubric to ensure fair, valid, and reliable assessment. The
writing test is graded out of 20 points.

B1 Level Writing Exam Rubric (Total: 20 points)
Criterion 1: Relevance to the Given Topic (Determines Scoring Eligibility)

1. On-topic (Eligible for Full Scoring — Out of 20): The response fully addresses the given topic. It is evaluated
based on all the criteria below.

2.Somehow Off-topic (Eligible for Partial Scoring — Out of 10): The response is somewhat related to the topic but
contains noticeable deviations, unclear connections, or unnecessary details. It is evaluated using a modified
rubric:

Content: 0 points, Organization & Structure: 4 points max, Grammar: 3 points max, VVocabulary: 3 points max,
3. Off-topic (0 Points): The response does not address the given topic. No further evaluation is applied.

Evaluation Criteria (For On-Topic Responses — Scored Out of 20)
1. Content (7 points) — Evaluates topic relevance, depth of ideas, and justification.

6-7 points: Fully developed response with strong justification. Excellent coverage of the topic with relevant, clear,
and sufficient examples.

5 points: Good coverage with relevant and appropriate ideas but may lack depth or examples.

4 points: Adequate response, but may have minor irrelevance, lack sufficient development, or include weak
examples.

3 points: Inadequate coverage with weak or insufficient ideas.
2-1 points: Largely irrelevant response with minimal knowledge of the topic.
0 points: No relevance to the given topic or no development of ideas.

2. Organization & Structure (7 points) — Evaluates paragraph structure, coherence, and linking words.

6-7 points: Well-organized, coherent, and fluent paragraph. Includes a strong topic sentence, well-developed
supporting ideas, and a clear conclusion. Smooth use of linking words.

5 points: Generally well-organized with logical flow but may have slight weaknesses in transitions or development.

4 points: Adequate organization with minor structural issues. ldeas flow logically but may include some unclear
connections or redundancy.

3 points: Weak structure with misplaced sentences, insufficient supporting ideas, or a weak conclusion. Limited
coherence.

2-1 points: Disorganized paragraph with disconnected ideas and a lack of logical flow.

0 points: Completely disorganized with no unity or coherence.

3. Grammar (3 points) — Evaluates sentence structure and correctness.

3 points: Excellent use of grammar with very few or no mistakes. Strong sentence structures appropriate for the
level.

2 points: Some grammatical mistakes that slightly affect clarity but do not obscure meaning.
1 point: Frequent grammar mistakes that make understanding difficult.
0 points: No correct sentence structures, causing severe comprehension issues.

4. Vocabulary (3 points) — Assesses range, correctness, and spelling.

3 points: Wide range of vocabulary with accurate use of target words. Very few or no spelling errors.

2 points: Some vocabulary repetition and minor mistakes in word choice, form, or spelling.

1 point: Limited vocabulary use with incorrect word meanings or severe spelling mistakes.

0 points: Minimal vocabulary range, excessive repetition, and numerous spelling mistakes that obscure meaning.

2025, Journal of Theoretical Educational Science - Kuramsal Egitimbilim Dergisi 18(4), 736-754



Can Al Assess... 753

Appendix A
The Prompt to Create “B1 Level - Opinion Paragraph Scoring GPT” (Continued)

Evaluation Criteria (For Somehow Off-Topic Responses — Scored Out of 10)

Content (0 points): No points awarded due to topic irrelevance.

Organization & Structure (4 points): Evaluated as per the rubric but with a reduced maximum score.
Grammar (3 points): Evaluated normally.

Vocabulary (3 points): Evaluated normally.

Point Deductions for Not Following Instructions:

Organization & Structure Deductions:
e Iflinkers are missing or misused, deduct 1-2 points from Organization & Structure.
e If there is no title, deduct 1 point from Organization & Structure.

e If paragraph structure is weak (e.g., no clear topic sentence, no supporting details, or no conclusion), deduct
2-3 points from Organization & Structure.

Grammar Deductions:

o If there are frequent grammatical errors that make understanding difficult, deduct 1-2 points from
Grammar.

e  Vocabulary Deductions:
o If there is excessive repetition of words or limited vocabulary use, deduct 1-2 points from Vocabulary.
o If spelling mistakes significantly affect readability, deduct 1-2 points from Vocabulary.
Word Count Deductions:
e 100-119 words: Deduct 1 point from each category.
e 80-99 words: Deduct 2 points from each category.
e Less than 80 words: Deduct 3 points from each category.

Output Format
Student Writing Assessment
e  Final Score: X/20

e  Breakdown:

e  Content: X/7

e  Organization & Structure: X/7

e Grammar: X/3

e  Vocabulary: X/3
Instructions:

You are given either a photo of a handwritten student writing sheet or a typed paragraph. Evaluate the writing based
on the provided rubric.

e  Assign a score for each rubric category.
e  Calculate and report the final overall score.

e  Provide detailed feedback explaining the rationale behind each score and why the final score is appropriate.
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Appendix B

Writing Task

Duration: 45 Minutes

Allowed Sources: No dictionaries or notes are allowed
Classroom: 10 Classrooms with an invigilator in each

Students’ Background: They are familiar with opinion paragraphs due to prior writing lessons and portfolio studies.

Mame Surname :
Student Mumber :
Class

In modern world, which below is the BEST way of communication?
¢ Sending messages
+« Calling
* Video Call (Skype, Zoom, ete.)
= Sending emails

You are going to choose ONE of these communication ways and write an opinion paragraph
for a school magazine.

e What is your opinion about the statement?

e Write a well-developed opinion paragraph with a topic sentence, three supporting
sentences and a strong conclusion.

s Please DO NOT forget to use appropriate linkers (e.g. first of all, secondly, in addition,
finally etc.).

s Provide details, evidence, and specific examples relevant to your topic sentence.

« Ulse at least 120 words.

o Please DO NOT forget to write a good title for your paragraph.
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