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Abstract 

 

This study examined the agreement between ChatGPT-4 Plus and experienced human raters in the 

assessment of argumentative essays written by Greek upper secondary school students. Specifically, it 

investigated (a) the degree of agreement between ChatGPT and human raters and (b) the relative 

contribution of content, text organization, and language (vocabulary and grammar) to overall writing 

scores. The dataset comprised 267 argumentative essays that had previously been evaluated by trained 

educators using the official Greek Ministry of Education scoring rubric. The same essays were 

subsequently assessed by ChatGPT-4 Plus using standardized prompting procedures. Results indicated 

moderate to good agreement between ChatGPT and human raters for both overall and trait-level scores, 

with agreement comparable to that observed between the two human raters. No significant differences 

were found in overall scores. At the trait level, however, ChatGPT assigned significantly higher scores 

for content, whereas human raters assigned higher scores for language; no significant differences 

emerged for text organization. Regression analyses showed that all three scoring components 

contributed significantly and relatively evenly to overall scores in both scoring systems, although 

ChatGPT demonstrated stronger intercorrelations among the scoring dimensions. Overall, the findings 

suggest that ChatGPT-4 Plus shows considerable promise as an automated essay scoring tool in Greek 

secondary education. However, systematic differences in evaluative emphasis indicate that it is currently 

best viewed as a complementary tool rather than a replacement for expert human judgment, particularly 

in high-stakes writing assessment. 
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Evaluating ChatGPT-4 as an automated essay scoring tool: A comparative study with 

human raters in Greek upper secondary education  

 

1. Introduction 

The assessment of student writing has long been a cornerstone of language education and language testing, 

with implications for academic placement, curriculum development, and individual learner trajectories. Even so, 

the process of grading written assignments can be frustrating and overwhelming for teachers (Tsai, 2012). In recent 

years, the advent of Automated Essay Scoring (AES), Automated Essay Evaluation (AEE) and Automated Essay 

Grading (AEG) systems have introduced new paradigms for evaluating written language, offering the promise of 

efficiency, consistency, and scalability, although still controversial in several respects, but ultimately promising 

(Hockly, 2019). After all, the struggle for an “intelligent” system that can assist humans in education has a long 

history (Cope et al., 2021). The Automated Writing Evaluation (AWE) programs ultimately apply psychometric 

analyses to writing evaluation (Warschauer & Ware, 2006).  

Among these systems, the emergence of large language models (LLMs), such as OpenAI's ChatGPT, has 

generated renewed interest and scrutiny regarding their potential role in educational assessment. After all, the use 

of AI is like utilizing hundreds if not thousands of human assessors to work in unison (Richardson & Clesham, 

2021). That was a major breakthrough, since former AWE systems relied on quantitative computing methods for 

evaluation, overlooking the qualitative aspects since it was difficult to measure effectively in real life writing tasks 

(Huawei & Aryadoust, 2023). As a matter of fact, OpenAI’s GPT -3, introduced in 2020, was a Natural Language 

Processing System (NLP) trained on a large corpus of text, being supervised and labelled, a process known as 

“fine-tuning” (Rudolph et al., 2023). This massive deep-learning language model contains approximately 1.3 

billion parameters (Anson & Straume, 2022). These Neural Nets are multilayered statistical sequences for machine 

learning with human-like results (Cope et al., 2021). Even so, surprisingly enough, in the functionalities described 

in Anson and Straume (2022), the role of ChatGPT as an assessment tool for student essays is not included.  

Nevertheless, there is still limited research on the topic of the implementation of ChatGPT in education, 

especially in assessment (Rudolph et al., 2023). Focusing on the use and implications of this topic is critical, as 

research suggests that the rapid advancement of AI is likely to transform education and human involvement in 

many tasks, potentially surpassing human performance—even in domains such as high school essay writing 

(estimated by 2026) (Grace et al., 2018).  

This study examines the agreement between ChatGPT-4 Plus and experienced human raters in scoring 

authentic Greek upper secondary student essays using standardized national assessment criteria, providing 

evidence from a non-English, high-stakes educational context 

2. Literature Review 

2.1 Human vs Machine Writing Assessment® 

Research comparing human and machine-based scoring of writing has proliferated in recent years, particularly 

in response to the increasing integration of AES tools in educational contexts (Koskinas et al., 2024; McCurry, 

2010; Klobucar et al., 2013; Bridgeman & Ramineni, 2017). McCurry (2010) questioned whether machine scoring 

could handle open-ended, creative responses with the same interpretative flexibility as human readers, noting a 

performance gap in evaluating nuanced features like rhetorical strategy. Similarly, Klobucar et al. (2013) found 

that while AES systems achieved speed and consistency, they often lacked sensitivity to contextual factors 

influencing writing quality. Bridgeman and Ramineni (2017) emphasized the importance of aligning AES scoring 
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with authentic classroom practices to ensure contextual validity. Cope et al. (2021) proposed four transpositions 

for applying AI in education, namely: namability, calculability, measurability and representability to call this 

process reliable and trustworthy. In this validity argument Enright and Quinlan (2010) suggest evaluation, 

generalization, extrapolation and utilization. Finally, Koskinas et al. (2024) developed an AES (lexiscore®) taking 

into account the differential role of different categories to the assessment. 

Although these studies collectively demonstrate significant advances in AES development, they also reveal 

an ongoing tension between computational efficiency and the complex, multidimensional nature of writing 

assessment. Most AES systems perform well when evaluating quantifiable linguistic features, yet they continue to 

struggle with higher-order dimensions such as creativity, audience awareness, critical reasoning, and 

communicative effectiveness. This suggests that improvements in scoring accuracy do not necessarily translate 

into improved construct representation, raising important questions regarding what AES systems actually measure 

and whether these measures fully reflect contemporary conceptions of writing competence. 

More recent research has focused on the hybridization of scoring approaches. Enright and Quinlan (2010) 

proposed using AES systems to supplement, rather than replace, human raters in scoring essays by English 

language learners. Their findings suggested that e-rater® scores could enhance scoring reliability when used as a 

complement to human evaluation. Similarly, Chan et al. (2023) applied Rasch measurement to AES outputs, 

advocating for more nuanced, facet-based assessments. This hybrid approach was echoed by Attali et al. (2013), 

who proposed alternative procedures to enhance reliability through model-based calibration and iterative training 

of human raters. Furthermore, Ramineni and Williamson (2013) laid out psychometric guidelines for AES 

practices, reinforcing the necessity of transparency and validity in automated evaluation systems. 

However, while hybrid assessment models are increasingly viewed as a practical compromise, relatively little 

consensus exists regarding the optimal balance between automated and human judgment. The literature frequently 

assumes that combining both approaches inherently improves assessment quality, yet empirical evidence regarding 

the contribution of each component across different educational contexts, genres, and learner populations remains 

limited. Consequently, further investigation is needed to determine under which conditions hybrid scoring provides 

meaningful advantages over either human or automated assessment alone. 

2.2 Validity and Reliability in AES Systems 

Validity and reliability remain the baseline of educational measurement (Bejar et al., 2014; Lee et al., 2009; 

Weigle, 2010). AES tools have been rigorously critiqued for potential construct underrepresentation and 

vulnerability to construct-irrelevant variance. Bejar et al. (2014) illustrated how AES systems could be misled by 

surface-level lexical or syntactic features, thus rewarding stylistic flourishes over substantive argumentation—a 

finding further supported by Vögelin et al. (2019). 

Lee et al. (2009) developed a framework linking holistic and analytic scores with text features, revealing 

inconsistencies between human judgments and AES outputs. Similarly, Deane (2013) questioned the alignment of 

AES metrics with contemporary theories of writing, advocating for models that incorporate metacognitive, genre-

based, and rhetorical constructs. Reiter and Belz (2009) contributed a technical evaluation of AES metrics' validity, 

raising concerns about model transparency and the explainability of AES decisions. 

Collectively, these studies indicate that validity concerns extend beyond statistical agreement between AES 

and human raters. High correlations may obscure fundamental differences in the constructs being assessed, 

particularly if automated systems rely disproportionately on linguistic proxies rather than the communicative intent 

or argumentative quality of a text. Therefore, evidence of scoring consistency should not be interpreted as sufficient 

evidence of construct validity. 

Douglas and Hegelheimer (2007) emphasized the significance of construct validity in computer-based 

assessment systems, noting that while automation enhances efficiency, it must not come at the expense of construct 
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coverage or interpretative fairness. Chapelle (1999) also addressed the foundational question of validity in 

language assessment, underscoring the need to align technological tools with credible assessment theory. 

These theoretical perspectives remain particularly relevant in the era of AI-driven assessment, where 

increasingly sophisticated machine learning models often exhibit high predictive performance while providing 

limited interpretability. This creates a potential conflict between predictive accuracy and assessment transparency, 

especially in high-stakes educational settings where score explanations and fairness are essential components of 

validity. 

Despite these concerns, AES systems have shown promising reliability metrics in controlled settings (Keller-

Margulis et al., 2021). The work of Latifi and Gierl (2021) using Coh-Metrix features demonstrated successful 

AES applications in large-scale testing, although with caveats regarding genre and language level. In this regard 

Koskinas et al. (2024) found credible evidence for estimating the role of specific language features to overall 

assessment. 

Nevertheless, the strong reliability reported in experimental and standardized contexts may not generalize to 

authentic classroom environments characterized by greater linguistic diversity, varied writing purposes, and 

heterogeneous learner populations. Consequently, future research should place greater emphasis on external 

validity, cross-context generalizability, and the ethical implications of AES implementation. Such work would help 

determine whether reliable automated scoring can also support equitable, pedagogically meaningful, and 

transparent assessment practices. 

2.3 Writing assessment in the Greek Secondary Education Context 

Writing assessment in the Greek secondary education system adheres to strict national rubrics, particularly in 

the upper levels (Koskinas et al., 2024). These rubrics are designed to ensure transparency, comparability, and 

fairness in high-stakes examinations, and they form the evaluative framework adopted in the present study. They 

comprise three interrelated dimensions that collectively capture argumentative quality, textual organization, and 

lexical sophistication.  

More specifically, regarding the argumentative clarity, this criterion assesses the extent to which a student’s 

central claim and supporting arguments are expressed in a precise, transparent, and logically accessible way. A text 

is considered strong in argumentative clarity if the thesis statement is explicitly identifiable, if the stance taken is 

not ambiguous, and if every argument contributes directly to the defense or development of that stance. In fact, 

argumentative writing is a high-stake task in standardized tests such as Scholastic Aptitude Test (SAT) since it 

demands structural, dialogical and language aspect of argumentation (Su et al., 2023).  

On the other hand, coherence of structure evaluates how well the overall organization of the text contributes 

to its persuasiveness and readability. A coherent organization is marked by a logical progression of ideas from 

introduction to conclusion, with each paragraph serving a clear rhetorical function. Topic sentences, transitions, 

and signposting expressions play an essential role in maintaining this coherence, as they guide the reader through 

the argument.  

Lexical accuracy focuses on the precision, appropriateness, and correctness of word choice. Lexical accuracy 

encompasses not only the avoidance of grammatical or vocabulary errors but also the ability to select terms that 

capture nuanced meaning and adhere to the register expected in academic writing. For instance, the use of 

discipline-specific terminology enhances credibility, while avoidance of vague or colloquial expressions ensures 

alignment with academic conventions.  

1

 
The study underscores that evaluation cannot be divorced from cultural and educational contexts. Criteria 

developed in students’ first language (L1) environments are shaped by local rhetorical traditions and expectations 
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of formality (Koskinas et al., 2024). Thus, what counts as “clear”, “coherent”, or “accurate” is partially determined 

by academic and cultural norms. Recognizing this interplay ensures that rubrics are applied not in a vacuum but 

with sensitivity to the broader frameworks that shape student writing. In addition, literature suggests that the 

relationship between the aforementioned parameters and the overall text quality is considered obscure (Lumley, 

2002). The last remark should be taken into consideration, when we treat human assessment as norm or standard, 

even though the acceptance of human scoring is high (Enright & Quinlan, 2010). Zhang and Yuan (2022) 

demonstrated that machine learning approaches using Natural Language Processing (NLP) can identify 

compositional elements related to coherence and cohesion, which are often emphasized in writing rubrics. 

Nevertheless, this process seems to produce inadequate results on the overall assessment validity.  

Furthermore, the high-stakes nature of writing evaluation in the Greek Secondary School, particularly in 

preparation for national university entrance exams, demands precision and fairness in scoring. The corpus of 267 

texts used in this study, scored by veteran educators with national examination experience, provides a robust 

benchmark for comparative AES evaluation. 

2.4 Theoretical Models of Writing Quality 

Conceptualizing writing quality is foundational to both assessment design and interpretation (MacArthur et 

al., 2018; Read, 2023). After all, writing is social in its core and encompasses social purposes that writing directed 

solely toward a machine may violate this principle (Deane, 2013). Models of writing often encompass linguistic, 

cognitive, and sociocultural dimensions. MacArthur et al. (2018) identified linguistic predictors of writing quality, 

such as syntactic complexity and lexical diversity, as instrumental in evaluating developmental progress in student 

writing. 

Read (2023) and Monteiro et al. (2023) have emphasized the growing sophistication in vocabulary assessment, 

particularly through the lens of semantic context indices and lexical sophistication. These findings are relevant for 

evaluating the vocabulary criterion within the Greek national rubric. Durrant and Brenchley (2023) explored the 

development of noun phrase complexity across genres in children’s writing, offering corpus-based insights that 

can inform AES calibration. Hwang and Kim (2023) proposed that syntactic complexity may serve as a predictor 

of writing proficiency, particularly for EFL learners. 

Robinson (2001) examined how task complexity and production conditions influence linguistic output, a 

concern mirrored in AES contexts where prompt formulation may affect the quality and consistency of responses. 

Treffers-Daller et al. (2018) and Wingrove (2022) addressed lexical diversity and formulaic language, respectively, 

while Woods et al. (2023) advocated for a multi-measure approach to lexical diversity—highlighting its importance 

in evaluating argumentative writing. 

Yu (2009), Mulder and Hulstijn (2011), and Nasseri and Thompson (2021) further connected lexical diversity 

and syntactic complexity to CEFR levels and native speaker benchmarks. Zenker and Kyle (2021) cautioned that 

minimum text length must be considered when computing lexical indices, a factor of particular relevance to this 

study's corpus. Albeit, the several processes implemented in mainstream AWE such as NLP or Latent Semantic 

Analysis (LSA) often present several limitations such as cultural backgrounds, the consideration of specific 

assessment purpose and -finally- the validity argument that mere statistical techniques fail to respond effectively 

(Elliot et a.l, 2013). Taking into account not only the number of parameters for an overall evaluation, but also 

monitoring the several interactions between them is a mountainous process with procedural complexities (Rotou 

& Rupp, 2020). 

3. The Present Study 

The literature reviewed reveals both the promise and the complexity of using automated systems to evaluate 

student writing. While AES tools have achieved notable success in large-scale testing scenarios, their alignment 

with construct-relevant traits, especially in linguistically and culturally specific contexts, remains an open question. 
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The integration of ChatGPT introduces further questions related to model transparency, adaptability, and sensitivity 

to rubric-based evaluation. 

3.1 Research Questions 

Given the Greek context, the high-stakes nature of writing assessment, and the availability of a well-

documented, human-scored corpus, this study aims to address the following research questions: 

1. To what extent does ChatGPT agree with experienced human raters in the evaluation of upper 

secondary students’ written production using standardized national scoring criteria, and to what extent do the two 

differ in overall scores and trait-level components (content, organization, language)?  

2. How do trait-level components (content, organization, language) contribute to overall writing scores, 

and to what extent do their relative weighting patterns differ between ChatGPT and human raters within the given 

culturally bounded educational context? 

These questions seek to bridge the gap between technological potential and pedagogical reliability in writing 

assessment, with implications for the future integration of LLMs in educational evaluation. 

3.2 Materials and Methods 

 

A sample of 267 essays was collected from upper-secondary students (157 from second grade and 110 from 

third grade) enrolled in Greek public schools. The writing tasks were argumentative in nature and drawn from the 

Greek National Exam prompts, ensuring alignment with authentic educational assessment contexts (cf. Perelman, 

2014; Shermis, 2014). All student data were anonymized in accordance with GDPR compliance protocols, which 

-we should note- are the same for both secondary and third grade essentially. 

Each essay was independently evaluated by two experienced human raters, both certified educators trained in 

using the official Greek Ministry of Education rubrics. These rubrics include trait-specific components, content 

relevance and development, text organization, lexical and grammatical appropriateness, which served as the basis 

for both human and AI scoring (Zhang et al., 2022; Wilson et al., 2017). The mean grade from both raters is used 

as a final result.  

3.2.2 Trait-Level Categorization 

Trait-level dimensions -content, language (vocabulary/grammar), text organization-were coded and analyzed 

separately. Drawing from Zhang et al. (2022) and Aryadoust and Liu (2015), these components were 

operationalized as follows: 

• Content: Relevance to the prompt, idea elaboration, and argument quality.   

• Organization: Logical progression, paragraphing, coherence markers 

• Language: Range, precision, and lexical sophistication  

Furthermore, in alignment with the official guidelines of the Greek Ministry of Education, assessors are 

instructed to adopt the same trait-level dimensions when conducting evaluations. The detailed instructions 

governing this process together with the score corresponding to the student’s performance, are set out below: 

Content: 

• 12-10 points: Excellent to very good response to all aspects of the topic. Excellent to very good, creative 

utilization of the main ideas and concepts of the reference text(s). Excellent to very good logical development of 
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ideas (coherence), within the word limit. Excellent to very good achievement of the communicative objective. 

• 9-7 points: Very good to good response to all aspects of the topic. Very good to good creative exploitation 

of the main ideas and concepts of the reference text(s). Very good to good logical development of ideas (coherence), 

within the word limit. Very good to good achievement of the communicative objective. 

• 6-4 points: Good to limited response to aspects of the topic. Good to limited exploitation of the main ideas 

and concepts of the reference text(s). Good to limited logical development of ideas (coherence), with slight 

exceeding of the word limit. Good to limited achievement of the communicative objective. 

• 3-1 points: Limited to insufficient response to aspects of the topic. Limited to insufficient exploitation of the 

main ideas and concepts of the reference text(s). Limited to insufficient logical development of ideas (coherence), 

with greatly exceeding the word limit. 

Text organization:  

• 10-9 points: Excellent to very good text organization (coherence and logical progression of meanings, 

paragraphing and use of a wide variety of appropriate structural words). Excellent to very good utilization of the 

macrostructural features of the textual genre (e.g. address, diction, title, etc.). Excellent to very good ability to 

perform structural transformations to the reference text(s) (e.g. onomatopoeia, direct/indirect speech, density, etc.). 

Excellent to very good use of pragmatically appropriate style throughout the text. 

• 8-7 points: Very good to good text organization (coherence and sequence of meanings, paragraphing, use of 

a small variety of appropriate structural words). Very good to good utilization of the macrostructural features of 

the textual genre (e.g. address, diction, title, etc.). Very good to good ability to perform structural transformations 

to the reference text(s) (e.g. onomatopoeia, direct/indirect speech, density, etc.). Very good to good use of 

pragmatically appropriate style throughout the text. 

• 6-4 points: Good to limited text organization (coherence and sequence of meanings, paragraphing, use of 

limited variety or partially appropriate structural words). Good to limited utilization of the macrostructural features 

of the text genre (e.g. unsuccessful address, diction, title, etc.). Good to limited ability to structural transformations 

to the reference text(s) (e.g. unsuccessful nomenclature, unsuccessful conversion of direct/indirect speech, partial 

density, etc.). Good to limited use of pragmatically appropriate style (e.g. style mixing, pragmatically inappropriate 

style). 

• 3-1 points: Limited to insufficient text organization (limited coherence and sequence of meanings, partial or 

total absence of paragraphing, absence of structural words). Limited to insufficient utilization of the 

macrostructural features of the textual genre (e.g. absence of address, diction, title, etc.). Limited to insufficient 

ability to structural transformations to the reference text(s) (e.g. absence of nomenclature, density, etc.). Limited 

to insufficient use of pragmatically appropriate style throughout the text (e.g. pragmatically inappropriate style). 

Language (vocabulary/grammar):  

• 8-7 points: Excellent to very good presence of a relatively broad of correct grammatical and syntactic 

structures, compatible with the communicative purpose, formulated with precision. Excellent to very good 

command of a wide range of appropriate lexical elements, compatible with the intended purpose and formulated 

with precision. 

• 6-5 points: Very good to good presence of a relatively broad range of correct grammatical and syntactic 

structures, compatible with the communicative purpose, formulated with relative precision. Very good to good 

command of a wide range of relatively appropriate lexical elements, compatible with the intended purpose and 

formulated with relative precision. 

• 4-3 points: Good to limited presence of correct grammatical and syntactic structures, compatible with the 
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intended purpose, formulated with precision. Good to limited presence of appropriate lexical elements, compatible 

with the intended purpose and formulated with precision. 

• 2-1 points: Limited to insufficient presence of correct grammatical and syntactic structures, compatible with 

the intended purpose, formulated with precision. Limited to insufficient presence of appropriate lexical elements, 

compatible with the intended purpose and formulated with precision. 

To evaluate ChatGPT performance on these traits, a comparative matrix was constructed matching AI scores 

against the mean human rater scores for each trait per essay. 

ChatGPT Evaluation Protocol 

The same 267 essays were input into OpenAI’s ChatGPT-4 Plus, with clear prompts designed to simulate 

human rater behavior. This point is deemed crucial, since AI responds differently in differentiated feedback and is 

especially sensitive to prompt initial data, even in minor adjustments, in order to produce human-like responses 

(Barrot, 2023). During the initial stage of prompt design, the tool was assigned the role of evaluator to elicit more 

targeted and accurate outputs (Schulhoff et. Al, 2024). General guidelines were provided regarding the three 

parameters [content, language (vocabulary/grammar), text organization], followed by a detailed specification of 

the evaluation criteria associated with each parameter. These criteria were aligned with the official assessment 

rubric and served as the basis for determining the final scores assigned to each essay. For each essay, ChatGPT 

was instructed to generate both holistic and trait-level scores based on the official rubric descriptions. To reduce 

prompt variance and ensure replicability, all evaluations were conducted using a standardized template modeled 

after best practices in automated writing assessment (Guo et al., 2013; Shermis, 2014). The AI scoring sessions 

were conducted in a controlled environment with no external data access or contextual bias. 

To ensure agreement and mitigate randomness in AI outputs, each essay was submitted two separate times 

using the same prompt, and the mean trait scores were recorded. This approach aligns with recent protocols in 

automated scoring research, emphasizing stability across runs (Vo et al., 2023). 

The prompt was formulated in the Greek language, and its corresponding English translation is provided below: 

“Assess the following written text, following the criteria applied by national examination context as an 

evaluator in national examinations would do.  

In conducting the assessment, the following criteria should be taken into consideration: 1. Content, 2. 

Language of the written text 3. Text organization. Each criterion is to be evaluated separately. Do not take spelling 

errors into account when grading the written text. More specifically,  

Content should be graded as followsː 12-10 points: Excellent to very good response to all aspects of the topic 

[…]. 

Language of the written text should be graded as followsː 8-7 points: Excellent to very good presence of a 

relatively broad of correct grammatical and syntactic structures, compatible with the communicative purpose, 

formulated with precision […]. 

Text organization should be graded as followsː 10-9 points: Excellent to very good text organization 

(coherence and logical progression of meanings, paragraphing and use of a wide variety of appropriate structural 

words) […].” 

All the detailed instructions, as outlined in the previous subsection, were assigned to each trait-level. 

3.3 Statistical Analysis 

All analyses were conducted using IBM SPSS Statistics (version 30). 
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To address RQ1, which examined the degree of agreement between ChatGPT and human raters, inter-rater 

agreement was assessed using intraclass correlation coefficients (ICCs) based on a two-way mixed-effects model 

with absolute agreement and single measures. ICCs were calculated for overall scores as well as for each trait-

level component [content, language (vocabulary/grammar), text organization]. In addition, paired-samples t-tests 

were conducted to compare mean differences between human raters and ChatGPT across overall and trait-level 

scores. Effect sizes were calculated using Cohen’s d to assess the magnitude of observed differences. 

To address RQ2, which investigated the contribution and relative weighting of trait-level components in 

overall scoring, Pearson correlation coefficients were computed to examine associations between each trait 

[content, language (vocabulary/grammar), text organization] and overall scores separately for human and ChatGPT 

ratings. Correlations among trait-level components were also examined to assess the degree of interrelatedness 

within each scoring system. 

Subsequently, multiple linear regression analyses were conducted separately for human and ChatGPT ratings 

to examine the relative contribution of trait-level components to overall scores. In these models, overall score was 

treated as the dependent variable, while content, language (vocabulary/grammar), and text organization were 

entered simultaneously as contributors. Standardized regression coefficients (β) were used to compare the relative 

weighting of each component across rater groups. 

Given the potential overlap among contributor variables, multicollinearity diagnostics were assessed using 

variance inflation factors (VIFs). Finally, because the overall score was derived from the same trait-level 

components within the scoring rubric, regression coefficients were interpreted as reflecting the relative weighting 

of components within each scoring system rather than independent prediction in a strict statistical sense. 

3.4 Ethical Considerations 

This research adheres to ethical guidelines for research involving AI and student writing. Students’ identities 

were fully anonymized, and human raters were blinded to both student identities and AI scores in accordance with 

GDPR compliance protocols. All AI outputs were checked to ensure no content generation beyond evaluation 

occurred, in line with best practices for educational applications of large language models (Shermis, 2014). 

 

4.1 Agreement between ChatGPT and human raters (RQ1) 

To evaluate the agreement between ChatGPT and human raters, intraclass correlation coefficients (ICCs) were 

calculated. For the overall essay scores, agreement was moderate to good, ICC = .67, 95% CI [.59, .73], p < .001, 

indicating satisfactory consistency between ChatGPT and the human raters. At the trait level, agreement was 

comparable across the three scoring dimensions, with ICCs of .63 for content, .65 for text organization, and .65 

for language (vocabulary and grammar), indicating moderate agreement across all traits. 

For comparison, the agreement between the two human raters was ICC = .65, suggesting that ChatGPT 

achieved a level of agreement comparable to that observed between the human raters. In addition, ChatGPT 

demonstrated higher internal consistency across the three scoring dimensions (ICC = .80), indicating a more 

consistent application of the scoring criteria across traits. 

Paired-samples t-tests were conducted to examine differences in mean scores between human raters and 

ChatGPT (see Table 1). Results indicated no statistically significant difference in overall scores (t(266) = −1.29, p 

= .200, d = −0.08). However, significant differences emerged at the trait level. ChatGPT assigned higher scores 

for content than human raters (t(266) = −7.10, p < .001, d = −0.43), whereas human raters assigned higher scores 

for language (vocabulary/grammar) (t(266) = 3.11, p = .002, d = 0.19). No significant difference was observed for 

text organization (t(266) = 0.07, p = .946, d = 0.004). 
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Table 1 

Means (M), Standard Deviations (SD), and paired comparisons between human and ChatGPT scores. 
Variable Human M (SD) AI M (SD) t p d 

Content 69.5 (14.1) 75.1 (15.5) -7.10 < .001 -0.43 

Language (vocabulary/grammar),  69.4 (12.7) 66.6 (17.1) 3.11 .002 0.19 

Τext organization 71.8 (14.2) 71.8 (16.9) 0.07 .946 0.00 

Total 70.3 (12.0) 71.2 (15.7) -1.29 .200 -0.08 

4.2 Contribution of trait-level components to overall scores (RQ2) 

To examine the contribution of trait-level components to overall writing scores, Pearson correlations and 

multiple regression analyses were conducted separately for human and Pearson correlation analyses revealed 

strong positive associations between each trait-level component and overall writing scores for both human and 

ChatGPT ratings (see Table 2).  

For human raters, correlations between trait-level components and overall scores ranged from r = .87 (text 

organization) to r = .89 (content), all ps < .001. Similarly, for ChatGPT, correlations ranged from r = .87 (text 

organization) to r = .93 (content), all ps < .001. Intercorrelations among trait-level components were moderate for 

human raters (r = .63–.70) and notably higher for ChatGPT ratings (r = .84–.87), suggesting that ChatGPT’s trait-

level evaluations are more strongly interrelated than those of human raters. 

Table 1 

Pearson correlations among trait-level components and overall scores for human and ChatGPT ratings (N = 267) 
Variable 1 2 3 4 

Content — .87*** .86*** .93*** 

Language (vocabulary/ grammar) .70*** — .84*** .90*** 

Text organization .65*** .63*** — .87*** 

Overall .89*** .88*** .87*** — 
Note. Values above the diagonal represent ChatGPT ratings; values below the diagonal represent human ratings.  
***p < .001 (two-tailed) 

 

To further examine the relative contribution of each scoring component, multiple linear regression analyses 

were conducted (see Table 3). For the human ratings, the regression model was statistically significant, R² = .999, 

F(3, 263) = 114,982.37, p < .001. All three components contributed significantly to the overall score: content (β 

= .384, p < .001), language (vocabulary and grammar; β = .361, p < .001), and text organization (β = .392, p < .001). 

Among the three predictors, text organization had the largest standardized regression coefficient, although the 

differences among predictors were small. 

For the ChatGPT ratings, the regression model was also statistically significant, R² = .999, F(3, 263) = 

354,213.64, p < .001. Again, all three components contributed significantly to the overall score: content (β = .330, 

p < .001), language (vocabulary and grammar; β = .370, p < .001), and text organization (β = .351, p < .001). 

Language (vocabulary and grammar) had the largest standardized regression coefficient, although the differences 

among predictors were modest. Multicollinearity diagnostics indicated acceptable levels for the human ratings (all 

VIFs < 2.50) and moderate but acceptable levels for the ChatGPT ratings (VIFs = 4.53–5.23), suggesting some 

overlap among the predictor variables but no evidence of problematic multicollinearity. Importantly, because the 

overall score is derived from the same trait-level components within the scoring rubric, these regression results 

should be interpreted as reflecting the relative weighting of components within each scoring system, rather than 

independent prediction. 

Table 2 

Multiple regression analyses examining the relative contribution of trait-level components to overall scores 

Human Ratings 

Variable B SE B β t p VIF 

Content 0.329 0.002 .384 148.78 < .001 2.30 

Language (vocabulary/ grammar) 0.341 0.002 .361 143.25 < .001 2.19 

Text organization 0.332 0.002 .392 165.77 < .001 1.93 

Model fit. R² = .9992, F(3, 263) = 114,982.37, p < .001 



 

ChatGPT-4 as an essay scoring tool: A comparative study with human raters in Greek upper secondary education 

International Journal of Research Studies in Education 193 

ChatGPT Ratings 

Variable B SE B β t p VIF 

Content 0.335 0.002 .330 148.96 < .001 5.23 

Language (vocabulary/ grammar) 0.340 0.002 .370 175.77 < .001 4.72 

Text organization 0.325 0.002 .351 169.82 < .001 4.53 
Notes. N = 267. Model fit. R² = .9998, F(3, 263) = 354,213.64, p < .001 

 

Notes. VIF = Variance Inflation Factor. Values indicate acceptable multicollinearity for human ratings and 

moderate multicollinearity for ChatGPT ratings. Because the overall score is derived from the same trait-level 

components, regression coefficients reflect relative weighting rather than independent prediction. 

 

The aim of this study was to examine the degree of agreement between ChatGPT-4, used as an AES system 

in the context of Greek secondary education, and experienced human raters in the evaluation of argumentative 

writing tasks. Specifically, we examined (a) the degree of agreement between ChatGPT and human ratings (RQ1) 

and (b) the relative contribution and weighting of trait-level components -content, language (vocabulary/grammar), 

text organization- in scoring (RQ2).  

5.1 Agreement between ChatGPT and human raters (RQ1) 

With regard to the first research question, the results indicate that ChatGPT demonstrates moderate agreement 

in scoring student writing. Agreement between ChatGPT and human raters was moderate to good at both the 

overall and trait levels, and importantly, this level of agreement was comparable to the agreement observed 

between human raters themselves. This finding is particularly significant, as it suggests that discrepancies between 

ChatGPT and human ratings fall within the range of variability typically observed in human scoring practices. 

Moreover, ChatGPT exhibited higher internal consistency across trait-level scores, indicating a more uniform 

application of scoring criteria. This aligns with prior research highlighting variability in human rating behavior 

(Honko et al., 2023) and suggests that AI-based systems may offer increased consistency in evaluation. At the 

same time, this consistency should be interpreted cautiously, as human raters may capture contextual, rhetorical, 

and stylistic nuances that automated systems may not fully represent. 

Overall, these findings suggest that ChatGPT demonstrates moderate agreement as a scoring tool, achieving 

levels of agreement comparable to those observed between human raters. At the same time, systematic differences 

in trait-level scoring indicate that ChatGPT and human raters prioritize different aspects of writing quality, with 

ChatGPT emphasizing content and human raters placing relatively greater emphasis on language (vocabulary/ 

grammar). These findings contribute to the broader AES literature by suggesting that recent advances in large 

language models may address some of the longstanding concerns regarding the reliability of automated scoring 

systems (McCurry, 2010; Klobucar et al., 2013). Compared to earlier AES systems, which often demonstrated 

weaker alignment with human judgments (Wang & Brown, 2007), ChatGPT appears to achieve substantially 

improved agreement levels, approaching those reported for established systems such as e-rater (Attali & Burstein, 

2005; Enright & Quinlan, 2010). However, agreement alone does not imply equivalence in evaluative reasoning. 

Although overall scores did not differ significantly between ChatGPT and human raters, systematic differences 

emerged at the trait level. ChatGPT assigned higher scores for content, whereas human raters assigned higher 

scores for language (vocabulary/ grammar), with text organization showing comparable evaluations. This pattern 

suggests that, while ChatGPT aligns with human judgments at a global level, it prioritizes different aspects of 

writing quality. 

5.2 Contribution of trait-level components to overall scores (RQ2) 

With regard to the second research question, the results indicate that all three trait-level components -content, 

language (vocabulary/grammar), text organization- were strongly associated with overall scores for both human 
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and ChatGPT ratings. Importantly, regression analyses showed that these components contributed in a relatively 

balanced manner, with only minor differences in their relative weighting. 

For human raters, text organization showed a slightly stronger contribution, whereas for ChatGPT, language 

(vocabulary/grammar) showed a marginally stronger contribution. However, these differences were small, 

suggesting that both human and AI raters rely on similar underlying dimensions of writing quality when forming 

holistic judgments. This convergence supports the interpretation that ChatGPT captures core aspects of 

argumentative writing competence, including content development and text organization. At the same time, the 

analyses revealed higher intercorrelations among trait-level components in ChatGPT ratings, as well as increased 

multicollinearity compared to human ratings. This pattern suggests that ChatGPT may apply a more unified or less 

differentiated construct of writing quality, whereas human raters appear to distinguish more clearly between 

components. In other words, ChatGPT’s evaluations may reflect a more integrated representation of writing 

performance, while human scoring remains more analytically differentiated. 

The findings suggest that both human raters and ChatGPT rely on all three components in forming overall 

judgments, with relatively balanced weighting across traits. However, slight differences emerged: human raters 

showed a marginally stronger emphasis on text organization, whereas ChatGPT placed slightly greater weight on 

language (vocabulary/ grammar). These differences, although small, suggest subtle divergences in how human and 

AI raters operationalize writing quality. These findings both align with and extend prior research. Earlier AES 

systems were often criticized for over-reliance on surface-level features such as lexical diversity or cohesion (Bejar 

et al., 2014; Vögelin et al., 2019). In contrast, the present results suggest that ChatGPT places substantial emphasis 

on semantic relevance and argumentative content, indicating a shift in construct representation. This shift may be 

attributed to the architecture of large language models, which are optimized to capture meaning, coherence, and 

contextual relationships across extended discourse. Nevertheless, ChatGPT’s relatively lower emphasis on 

language (vocabulary/grammar) highlights an important limitation. Features such as rhetorical nuance, stylistic 

appropriateness, and register sensitivity remain areas where human raters retain an advantage. These aspects are 

inherently context-dependent and require socio-pragmatic judgment, which current AI systems may approximate 

but not fully replicate. 

5.3 Implications for AES and educational practice 

Taken together, the findings suggest that ChatGPT demonstrates promising agreement and construct alignment, 

while also revealing systematic differences in evaluative emphasis. From a theoretical perspective, this supports 

the view that modern LLM-based systems may overcome some limitations of earlier AES approaches, particularly 

in capturing meaning and argumentation. From an educational perspective, the results have important implications 

for education. ChatGPT may serve as a valuable complementary tool, supporting human raters by enhancing 

consistency and reducing workload. However, it should not be considered a replacement for human evaluation, 

particularly in tasks requiring sensitivity to rhetorical nuance and contextual appropriateness. A hybrid human–AI 

approach appears to be the most appropriate direction. Such an approach would combine the consistency and 

scalability of AI systems with the interpretive depth and contextual awareness of human raters. This aligns with 

prior research demonstrating the benefits of combining automated and human feedback in writing assessment (Sari 

& Han, 2024). At the same time, caution is warranted. Overreliance on AI tools may lead to unintended 

consequences, including reduced learner engagement or overdependence on automated feedback (Barrot, 2023). 

Therefore, the integration of ChatGPT into educational practice should be carefully designed to support, rather 

than replace, pedagogical processes. 

5.4 Limitations and Future Research 

Despite the encouraging findings, several limitations should be acknowledged. First, the study is based on a 

specific sample of Greek upper secondary students and argumentative writing tasks, which may limit the 

generalizability of the results. Future research should examine whether similar patterns of agreement and trait-
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level weighting are observed across different learner populations, genres, and educational contexts. Second, the 

study relies exclusively on quantitative analyses, which do not fully capture how ChatGPT interprets complex 

features of writing such as creativity, rhetorical nuance, and stylistic appropriateness. Given the observed 

differences in trait-level scoring—particularly ChatGPT’s emphasis on content and lower sensitivity to language 

(vocabulary/ grammar)—qualitative analyses would provide valuable insight into the underlying evaluative 

processes of both human and AI raters. Third, the findings suggest that ChatGPT’s trait-level scores are more 

strongly interrelated than those of human raters, indicating a potentially more unified or less differentiated 

representation of writing quality. While this contributes to scoring consistency, it may also limit the model’s ability 

to distinguish between distinct dimensions of writing competence. Future studies should further investigate this 

issue, particularly through alternative modeling approaches or more fine-grained trait definitions. Fourth, issues 

of fairness and bias remain an important concern. As ChatGPT is trained on large-scale human-produced data, its 

evaluations may reflect embedded linguistic or cultural biases. Systematic fairness audits across diverse 

demographic and linguistic groups are therefore necessary to ensure equitable assessment practices. Finally, the 

study adopts a cross-sectional design, which does not capture how ChatGPT evaluates writing development over 

time. Longitudinal research is needed to examine the stability and sensitivity of AI-based scoring across different 

stages of learner development, as well as its potential role in formative feedback contexts. 

6. Conclusion 

In conclusion, the findings indicate that ChatGPT achieves levels of agreement with human raters comparable 

to human–human agreement, while also exhibiting distinct patterns in the weighting of writing components. These 

results suggest that ChatGPT functions as a relatively consistent essay-scoring system, but one that reflects a 

slightly different evaluative logic—one that emphasizes semantic content and coherence over stylistic nuance. As 

such, its role in writing assessment is best understood as complementary, contributing to more efficient and 

consistent evaluation while preserving the essential role of human judgment. More broadly, the study contributes 

to the growing literature on AI-assisted assessment by providing empirical evidence from a non-English, high-

stakes educational context, highlighting both the potential and the current limitations of large language models in 

educational evaluation. 
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