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Can Al replace Teachers? Comparing Al and Human Teachers’ ratings and feedback on students’ essays

Abstract

This study aimed to evaluate the consistency between human and Al-generated ratings on ESL student essays and
to compare the manner and focus of their feedback. Using a standardized rubric, three human raters and three Al
tools assessed essays based on content, organization, language, and mechanics. Findings revealed that while the
average ratings from both groups were generally comparable, the inter-rater consistency between humans and Al
was low, indicating that the two sets of raters did not closely align in how they assigned scores. Despite this,
statistical analysis using the Wilcoxon signed-rank test showed no significant difference in overall ratings,
suggesting that both groups arrived at similar general evaluations despite differing in scoring patterns. In terms of
feedback, human raters typically provided direct and corrective remarks focused on grammar and structure. In
contrast, Al tools offered more varied and structured comments that addressed broader aspects of writing, such as
clarity, organization, and idea development, often balancing praise with critique. The study concludes that while
Al tools like ChatGPT, CiCi, and Bing show potential in supporting writing assessment, they should be used to
complement—not replace—human evaluation. Human oversight remains essential to ensure accuracy, contextual
understanding, and pedagogical appropriateness in student assessment. Continued training for teachers on how to
effectively use and interpret Al-assisted feedback is recommended to maximize its educational value.

Keywords: ChatGPT; Bing; CiCi; Human - Al Ratings; Human - Al Feedback
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1. Introduction

It has been frequently asserted in recent years that artificial intelligence (Al) is the "new oil" or, as the UNESCO
Director General stated in her keynote address for Mobile Learning Week in 2019, the greatest invention since the
Paleolithic era (Holmes & Tuomi, 2022).

Recent years have seen a major development in natural language processing (NLP) thanks to large
language models like the Generative Pre-trained Transformer (GPT-3) (Floridi & Chiriatti, 2020, in Kasneci et
al., 2023). These models can produce text that is human-like, respond to inquiries, and perform other language-
related tasks with great accuracy since they have been trained on vast volumes of text data.

In the context of education, Al has become a debatable topic regarding its integration in teaching and
learning. While academic institutions worldwide engage in discussions about Al’s role in assessment, the focus
often centers on concerns about academic integrity, rather than its ability to improve the reliability of the
assessment process (Awidi, 2024).

Al offers faster, more objective essay assessment, reducing human bias and saving time. However, it may
struggle to grasp the nuances of language, tone, and context that human teachers intuitively understand and address
in their feedback.

This brings to the question: Is it time for Al to replace teachers in assessing essays? While Al can certainly
be a useful tool in the grading process, it should not completely replace human judgement and expertise. Teachers
play a crucial role in nurturing students’ growth and learning, a role that cannot entirely fulfilled by Al The
optimal solution may lie in a balanced approach, where Al assists teachers in their grading tasks, but the final
authority remains with the human educators. Therefore, the core issue is not Al itself, but rather how to effectively
integrate and maximize its use while ensuring its reliability and addressing potential biases. Al is here — there is
no turning back.

The aim of this research is to assess the reliability of Als in evaluating student essays by comparing its
performance or ratings to traditional teacher’s ratings and understand how Als and human teachers construct its
remarks. Through this comparison, the study aimed to shed light on the strengths and limitations of Als in essay
assessment, offering valuable insights for educational stakeholders and policymakers regarding the integration of Al
tools in academic settings.

Artificial Intelligence
Al research began with John McCarthy, who coined the term at a 1965 Dartmouth conference (Klein & Frana,

2021). While definitions vary, the Organization for Economic Co-operation and Development (2019) as cited in
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Huang et al. (2023) defines Al as machine-driven systems that make predictions, suggestions, or decisions based
on human-defined goals.

IBM’s Data and Al Team (2023) classifies Al into three types based on capability. The first, Artificial
Narrow Intelligence (ANI), or Weak Al is the only type that currently exists. It performs specific tasks
efficiently—like Siri, Alexa, Watson, and ChatGPT—but lacks broader understanding. The second, Artificial
General Intelligence (AGI), remains theoretical and refers to Al with human-like adaptability across various tasks.
The third, Artificial Superintelligence (ASI), is also theoretical and describes Al that would surpass human
intelligence in all areas, including reasoning, emotion, and autonomy.

Al in the Context of Education

Artificial Intelligence (AI) is gaining prominence in language education, though its trends, challenges, and
applications remain underexplored. Huang et al. (2023) noted a rise in Al-related studies in this field. The 2018
Horizon Report identified Al and adaptive learning as emerging technologies, forecasting 43% growth between
2018 and 2022, with further expansion anticipated in 2019 (Educause, 2018; 2019).

In education context, Al has potentially interesting applications in educational administration, students
and teachers’ support. Educators are only beginning to explore the pedagogical potential of Al applications in
supporting learners throughout the student life cycle. However, alongside these promising opportunities, the rise
of Al in higher education also brings new ethical concerns and risks (Zawacki-Richter et al., 2019; Yang et al.,
2025).

Since its initial public launch on November 30, 2022, ChatGPT attracted over one million users within
just a week. This generative Al tool surprised the world with its advanced ability to handle highly complex tasks.
In the realm of education, ChatGPT's impressive capabilities have sparked a range of reactions among educators,
as this technological breakthrough appears to transform traditional educational practices (Baidoo-anu & Owusu,
2023). Despite some criticism, Als present notable benefits for education.

Al has the potential to enhance the learning outcomes, boost student productivity, and increase
engagement in educational tasks (Adiguzel et al., 2023; Igbal et al., 2022). It can serve as a tool for delivering
personalized feedback and educational tutorials. Additionally, teachers can utilize ChatGPT to interact with
students, provide tailored feedback, facilitate interactive discussions, design lessons and assessments, and explore
innovative methods for complex concepts (Igbal et al., 2022; Rahman & Watanobe, 2023).

Generative Al tools can help address challenges educators face, such as time constraints and limited

resources. By assisting with tasks like grading and feedback, tools like ChatGPT may reduce teacher workload
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and stress, allowing more focus on instruction and classroom management (Kopp & Thomsen, 2023). They also
offer immediate feedback on student work and can generate customized teaching materials, potentially reducing
the need for expensive textbooks (Mondal et al., 2023).

The Free Generative Al and its features: ChatGPT 3.5, CiCi, and Bing Al

Generative Al tools like ChatGPT 3.5, CiCi, and Bing are widely used today as free, open-access platforms that
support education. ChatGPT, developed by OpenAl, enhances learning by offering personalized explanations and
interactive support. It also aids teachers by generating lesson plans and materials, reducing administrative
workload and allowing more focus on instruction (Adiguzel et al., 2023; Igbal et al., 2023).

CiCi is an Al platform designed for education, offering interactive learning and real-time feedback. It
creates adaptive learning paths based on student performance and customizes content to fit individual needs
(Magday Jr et al., 2025). CiCi also promotes collaboration through group discussions and peer feedback, fostering
a more engaging classroom environment.

Bing Al, though primarily a search engine, offers educational benefits through its integration with
Microsoft tools. Its features—such as contextual search and knowledge graphs—help students and educators
access accurate information quickly, supporting research and learning. As noted by Crawford et al. (2023), these
Al-driven functions enhance efficiency and can enrich teaching by providing deeper, more comprehensive
content.

Generative Al tools like ChatGPT, CiCi, and Bing Al are transforming education by making learning
more personalized, efficient, and accessible. As they evolve, they offer promising potential to enhance teaching
through innovation and inclusivity.

On Assessment: Teachers’ Ratings and Feedback

Teaching was once considered a low-stress profession with flexible schedules and academic freedom. However,
due to evolving political and socio-economic changes, it has become increasingly demanding. Over the past two
decades, many of the profession’s earlier advantages have diminished (Khan et al., 2014).

Teaching requires balancing classroom management, effective instruction, and continuous learning.
Beyond maintaining discipline and designing inclusive lessons, a key responsibility is assessment—not just
grading, but evaluating student progress through various methods to guide instruction and improve outcomes
(Moss & Brookhart, 2019).

In essay assessments, teachers devote substantial time and effort to each stage—from designing prompts

and clear instructions to setting criteria, scoring, and offering personalized feedback. The way teachers structure
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writing activities and deliver feedback significantly influences how students approach writing, perceive feedback,
and revise their work (Lockhart & Ng, 1995, as cited in Engeness, 2018).

Remarks are a vital part of assessment, offering feedback that highlights students’ strengths and areas for
improvement (Guibangguibang, 2020). This process is especially important for academically struggling students,
as it helps them identify and address their weaknesses to support their progress.

Writing is a key skill for English language learners, and corrective feedback is widely recognized as
essential in supporting second language (L2) development (Lee, 2017). It helps address common writing issues
such as composition, style, and organization. Written corrective feedback (WCF), as defined by Al Shahrani and
Storch (2013), specifically targets language errors.

Feedback is information provided by a teacher about a student’s performance (Hattie & Timperley, 2007,
as cited in Wisniewski et al., 2019), and its tone greatly influences its effectiveness. Shin et al. (2022) classify
feedback as positive, negative, constructive, or destructive. Positive feedback highlights strengths, while negative
identifies areas for improvement. Constructive feedback combines both, offering guidance for growth. In contrast,
destructive feedback criticizes the individual without suggesting improvements, potentially harming motivation.
As Bejtic (2024) emphasizes, tone plays a critical role in fostering student development.

According to Black and Wiliam (2009, as cited in Engeness, 2018), formative assessment feedback
should clarify learning goals, elicit understanding, promote improvement, and encourage peer and self-
assessment. Hattie and Timperley (2007, also cited in Engeness) expanded this by outlining three feedback
questions—“Where am I going?”, “How am I going?”, and “Where to next?”—aligned with feed up, feedback,
and feed forward. They also identified four feedback levels: task, process, self-regulation, and personal. Feedback
focusing on tasks and processes was most effective, while purely personal or evaluative feedback was least
helpful.

Previous Studies

Recent studies highlight the potential of Al models like ChatGPT to advance language research and assessment.
Mizumoto and Eguchi (2023) found that GPT-3 reliably scored 12,100 TOEFL11 essays, with improved accuracy
when combined with linguistic features. Their findings suggest that Al can effectively support human raters and
enhance writing assessment practices.

Dai et al. (2024) explored the use of ChatGPT as a tool for providing student feedback. Recognizing the
role of effective feedback in learning, the study assessed ChatGPT’s ability to produce natural, comprehensive

responses. The researchers compared the readability and quality of Al-generated feedback with that of human
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instructors and evaluated it using a theoretical framework. Results showed that ChatGPT offered more detailed
and coherent feedback, aligned well with instructor evaluations, and supported students’ skill development by
focusing on task performance.

In the study of Bouziane and Bouziane (2024) indicate that ChatGPT excels in addressing specific
language-related issues such as grammar, spelling, and sentence structure, showcasing its proficiency in rule-
based corrections. However, human evaluators maintain an edge in areas requiring nuanced understanding,
particularly in maintaining thematic consistency.

Escalante et al. (2023) examined the ethical and effective use of generative Al tools, such as ChatGPT
(GPT-4), in supporting student writing. Two longitudinal studies involving English as a New Language (ENL)
learners compared Al-generated feedback with traditional human feedback. Results showed no significant
difference in learning outcomes, and students expressed balanced preferences for both. The findings suggest that
Al feedback can complement writing instruction when paired with human input, enhancing the strengths of each.

Guo (2024) introduced EvaluMate, an Al-assisted peer review platform using ChatGPT to help students
give more effective feedback. The tool offers scaffolding to improve comment quality, showing promise for
writing instruction. While beneficial, the study also notes limitations and suggests further research on student
engagement and learning impact.

SeBler et al. (2025) compared five large language models (LLMs)—including GPT-3.5, GPT-4, ol-
preview, LLaMA 3-70B, and Mixtral 8x7B—to human teacher ratings on 20 German student essays. Among them,
closed-source models like GPT-4 and ol showed stronger alignment with teacher evaluations, especially on
language aspects. While ol had the highest correlation, it tended to overrate. The study suggests that LLMs can
aid in writing assessment but still require refinement for evaluating content quality.

While Al tools like ChatGPT have been widely studied for essay scoring and feedback generation, limited
research has explored how human and Al evaluators construct their comments, particularly in terms of language
and pragmatics. Moreover, few comparative studies focus specifically on ESL learners’ essays in diverse contexts
such as the Philippines. This study addresses these gaps and poses the following research questions:

1. How do human raters versus Al tools (ChatGPT 3.5, Bing Al, and CiCi) rate ESL students’ essays?

2. What is the reliability of human and Al tools’ (ChatGPT 3.5, Bing Al, and CiCi) rating of ESL

students’ essays?

3. What is the inter-rater reliability of human and Al tools’ (ChatGPT 3.5, Bing Al and CiCi) rating of

ESL students’ essays?
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4. Is there a significant difference between human and Al tools’ (ChatGPT 3.5, Bing Al, and CiCi)
rating of ESL students’ essays?

5. How do human versus Al tools (ChatGPT 3.5, Bing Al, and CiCi) provide feedback on ESL students’
essays as to:
5.1 focus, and

5.2 manner?

2. Theoretical background

This study is grounded in the TPACK framework (Mishra & Koehler, 2006), which emphasizes the
integration of content, pedagogy, and technology for effective teaching. It underscores that meaningful use of
tools like generative Al requires understanding how subject matter, teaching methods, and digital technologies
work together to enhance learning.

This study uses the TPACK framework to evaluate whether generative Al tools like ChatGPT can deliver
feedback and assessment comparable to human teachers. By comparing Al and teacher ratings, it examines how
well Al aligns with pedagogical goals and content accuracy, assessing its potential to support writing instruction

without compromising quality.

3. Materials and Methods
3.1 Research Design
This study used a quantitative-qualitative comparative design, focusing on describing the sample without
manipulating variables (Siedlecki, 2020). Quantitative methods compared Al and human ratings, while qualitative
content analysis examined differences in how feedback was constructed.

Quantitative data were drawn from the essay ratings of three human raters and three Al tools (ChatGPT
3.5, CiCi, and Bing). For the qualitative analysis, researchers examined the raw feedback from both groups, coding
remarks using Jakobson’s (2022) model of written feedback. Content analysis was used to identify recurring
patterns, themes, and key elements, providing insights into how both human and Al raters assessed writing. This
method, as supported by Gomez-Galan (in Tukan & Mukarto, 2024), was effective for analyzing feedback focus
and manner through Jakobson’s communication framework.

3.2 Research Participants and Sampling Technique
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Table 1 presents the participants of the study which involved 20 ESL students from Jose Rizal Memorial State
University — Tampilisan Campus, a public university in the northwestern part of Mindanao, Philippines. These
students are enrolled in a Technical Writing course that requires them to produce academic essays. Participants
were selected from the initial 43 participants using a stratified sampling technique: half of the essays were
randomly chosen from students whose pre-rated scores were above the average, and the other half from those
below the average. This approach ensured diverse input for both human raters and Al tools, allowing for a more

robust test of rating consistency.

Table 1 Participants of the Study

Initial Participants Actual Participants (After Stratified Sampling Technique based on Total
(During the Essay above-below the average in the pre-rated scores of their essays) Participants
Writing) Above the average score Below the average score
43 10 10 20

The three human raters who participated in the study were all holders of a master’s degree in Language
and possessed extensive experience in teaching English, each with at least five years of professional practice.
Their academic background and teaching experience qualified them to evaluate student essays reliably, ensuring
informed and pedagogically grounded assessments. Their involvement added credibility to the human scoring
process and provided a meaningful benchmark for comparing Al-generated evaluations.

3.3 Research Instrument

To assess participants’ writing skills, this study adapted a validated essay rubric from Carroll and West (1989), as
cited in Tribble (1996), and previously used by Tuyen et al. (2019) and Jackaria, Hajan, and Mastul (2024). The
rubric covered four equally weighted criteria: content, organization, language use, and mechanics—each rated on
a 1 (poor) to 4 (excellent) scale. It was validated by three experts and tested for reliability before use.

To identify the feedback made by the human raters and Al tools on participants’ writing skills, the study
followed Jakobson’s (2022) model for analyzing teachers’ written feedback on writing. This feedback analysis
model focused on two main areas: focus (what the teachers comment on) and manner (how the comments are
given).

Table 2 outlines Jakobson’s feedback model. For Focus, teacher comments were categorized into:
Content, Organization, Language Accuracy, Reinforcement of Learning Outcomes, Reinforcement of Learning
Materials, and No Focus. For Manner, feedback was classified as Information, Criticism, Suggestions, Praise, and

Politeness. Information included statements or questions about content. Criticism reflected negative evaluations
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of problems. Suggestions appeared as statements, questions, or imperatives. Praise was either specific or general,

while Politeness referred to positive, interpersonal expressions not necessarily linked to praise.

Table 2. Feedback Analysis Model by Jackobson (2022) on Teacher’s Feedback in Writing

Feedback Categories Use Example of Teacher’s
ON FOCUS Feedback/Comments
1. Content The teacher pays attention to ideas in the You also talk about what you want the

2. Organization

3. Language Accuracy
3.1 Grammatical Structures

3.2 Vocabulary
3.3. Spelling
3.4 Mechanics

b

Language in General
5. Reinforcement of
Learning Outcomes

6. Reinforcement of
Learning Materials

writer’s text.
Focuses on text structure, including
introduction, conclusion, and
paragraphing.

The teacher focuses about linguistic
aspects.

The teacher focuses on reemphasizing the
learning outcomes.

The teacher directs students to infer to a
concrete material as example.

character to do...
1t is a paragraph with a good
Structure...

Word order is difficult to learn in the
beginning...

You show variety in your vocabulary ...
Work on getting the spelling right...
You need to practice writing rules such
as when there should be a full stop and
a capital letter ...

There is a variety in your language...
The course aims for you to be able to
write coherent texts that the reader
understands...

Read ads in newspapers and online and
see what they are supposed to look like.

7. No Focus The teacher concerns on general writing Write a little every day.
Feedback Categories Use Example of Teacher’s
ON MANNER Feedback/Comments
1. Information
1.1 Giving Information Provides  descriptive, non-evaluative The reader understands what you

1.2 Asking for Information
about the Content

2. Criticism

3. Suggestions

3.1 Statements

3.2 Questions

3.3. Imperatives
4. Praise
4.1 Specific Praise

4.2 General Praise
5. Politeness

statements about the current text without
suggesting changes.

Questions seeking additional information
about the content beyond what the current
text provides.

This expresses a negative value where the
teacher describes a problem.

Advises future changes or improvements,
leaving it to the student to decide on
making them.

These are non-evaluative  neutral
comments

These differ from content-related
questions as they focus on overall

improvement rather than specific content.
These are comments that require a change
in the text or action from the student.
This is a positive comment and can be
interpreted as the opposite of criticism.
This is a positive comment targeting a
specific aspect the teacher highlights.
This is an unspecific positive comment.
This is a positive expression reflecting
interpersonal communication, distinct
from praise.

mean.

What style did you use?

Your sentences are sometimes very
long...

You might consider breaking your long
sentences into shorter ones to improve
clarity.
1t is good to include the date and place
as well.

How can you vary your sentences
more?

Rewrite so that it becomes more varied!

Word order is correct and varied; well
done!
Good job!
Thank you for your text!
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3.4 Data Gathering

The essays used in this study were written by students in a technical writing course handled by one of the
researchers. Prior to the activity, ethical protocols were strictly followed. Informed consent was obtained,
participation was voluntary, and students were informed of their right to withdraw at any time without
consequence. To ensure confidentiality, identifying information was removed and coded. Participants were
briefed on the study’s purpose and assured that their grades would remain unaffected.

During the essay-writing session, students were timed and supervised to encourage authentic,
independent writing. They were asked to complete a descriptive essay on the topic of Al in education, focusing
on its benefits and drawbacks. There was no word limit, allowing participants to freely develop their ideas. All
handwritten essays were later transcribed verbatim into Microsoft Word documents for analysis. A total of 43
essays were collected and scored. Of these, 23 were used to establish the reliability of the scoring rubric, while
the remaining 20 were included in the main data analysis. To ensure diverse writing levels, the essays were selected
to represent both higher- and lower-performing students. Human raters independently evaluated the essays and
provided feedback.

Student essays were submitted to ChatGPT 3.5, CiCi, and Bing Al using refined prompts (see Figs. 1-3)
developed through trial runs. These prompts included task instructions, criteria, the rubric, essay count, and a
request for summary tables. The process followed the same approach used by Jackaria, Hajan, and Mastul (2024).

The Al-generated evaluations were then analyzed both qualitatively and statistically.

Rate the following essays using the below scoring rubrics. Give the
definite score for each criterion with 4 points ( excellent to good). 3
points ( fair, 2 points ( average), 1 point ( poor) and the total of 16
points. Note, there is no limit to words. Give your rating to each
criterion together with the the total scores. Make the ratings in tabular
form. Also, provide the remarks of each essay.

Criterion Score and Description

4 (Excellent to Good) 3 (Fair) 2 (Average) 1 ( Poor) Score
Content « Excellent to very good treatment of the subject.
+ Content relevant to the topic.
« Balanced presentation of relevant and legitimate information that
clearly supports a central purpose or argument that shows a
thoughtful, in depth analysis of a significant topic.
« Readers gain important insights. + Adequate treatment of the
subject.
« Most content relevant to the topic.
« Information provides reliable reasonable support for a central
purpose or argument and displays evidence of a basic analysis of a
significant topic.
« Readers gain some insights. « Treatment of the topic is hardly
adequate.
+ Some irrelevant content, relevant to the topic.
« Readers gain fer \I/ ‘sights. « Inadequate treatment of the topic.
« Almos no useful uetail.

o Deepresarch ) @ creataiiage ) o 2 o

Fig. 1 Prompt inputted to ChatGPT 3.5 to rate and provide remarks on students’ essays

10
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273
Rate the following essays using the below scoring rubrics.
274 Give the definite score for each criterion with 4 points (
excellent to good). 3 points ( fair, 2 points ( average), 1
point ( poor) and the total of 16 points. Note, there is no
275 limit to words. Give your rating to each criterion together
with the the total scores. Make the ratings in tabular form.
276 Also, provide the remarks of each essay.
Criterion Score and Description
277 4 (Excellent to Good) 3 (Fair) 2 (Average) 1 (
Poor) Score
278 Content «  Excellent to very good treatment of the
subject.
279 +  Content relevant to the topic.
«  Balanced presentation of relevant and legitimate
280 information that clearly supports a central purpose or
argument that shows a thoughtful, in depth analysis of a
281 significant topic.
*  Readers gain important insights. «  Adequate
treatment of the subject.
282 e Mnst content relevant to the topic.
« v rmation provides reliable reasonable support for a
283 central purpose or argument and displays evidence of a
284 Fig. 2 Prompt inputted to CiCi to rate and provide remarks on students’ essays
285
Rate the following essays using the below scoring rubrics. Give the
definite score for each criterion with 4 points ( excellent to good).
286 3 points ( fair, 2 points ( average), 1 point ( poor) and the total of 16
points. Note, there is no limit fo words. Give your rating to each
287 criterion together with the the total scores. Make the ratings in
tabular form. Also, provide the remarks of each essay.
2 8 8 Criterion Score and Description
4 (Excellent to Good) 3 (Fair) 2 (Average) 1(Poor) Score
Content + Excellent to very good treatment of the subject.
289 « Content relevant to the topic.
« Balanced presentation of relevant and legitimate information
290 that clearly supports a central purpose or argument that shows a
thoughtful, in depth analysis of a significant topic.
« Readers gain important insights. + Adequate treatment of the
29 1 subject.
» Most content relevant to the topic.
292 « Information provides reliable reasonable support for a central
purpose or argument and displays evidence of a basic analysis of a
293 significant topic.
« Readers gain some insights. + Treatment of the topic is hardly
adequate.
294 « Some irrelevant content, relevant to the topic.
295 Fig. 3 Prompt inputted to Bing Al to rate and provide remarks on students’ essays
296

297 3.5 Data Analysis

298 The written responses from ChatGPT 3.5, Bing Al, and CiCi were collected, with careful documentation of the
299 ratings assigned for each criterion. To assess the level of agreement among the three human raters as well as
300  among ChatGPT 3.5, Bing Al, and CiCi, the intraclass correlation coefficient (ICC) was employed. Specifically,

301 the study used ICC estimates with 95% confidence intervals, based on a mean-rating (k = 3), absolute-agreement,

11
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two-way mixed-effects model. Additionally, ICC was applied to examine the consistency of ratings between the
human raters and ChatGPT across each criterion. ICC was chosen as it is widely recognized as a meaningful
indicator of inter-rater agreement (Laschinger, 1992). The interpretation of the ICC values followed the scale
proposed by Koo and Li (2016), classifying results as poor (below 0.5), moderate (0.5-0.75), good (0.75-0.9),
and excellent (0.90 and above). This method was also utilized by Jackaria, Hajan, and Mastul (2024).

It is important to note that ICC reflects only the linear consistency between two datasets; therefore, even
when datasets differ, a high reliability coefficient may still result if the differences are consistent. To address this
limitation, the Wilcoxon signed-rank test was used to further investigate differences between paired samples. This
non-parametric test helped determine whether the differences in ratings between AI and human raters were
statistically significant. Finally, all results were systematically tabulated, analyzed, and discussed to draw
conclusions regarding the consistency and reliability of Al-generated ratings in comparison to human ratings.

On the other hand, the written feedback of Als and human teachers, content analysis was used. The
researchers utilized a table to organize and systematically analyze the collected data. Feedback from both human
raters and Al tools on students’ writing exemplars were first identified and classified into predefined categories
based on Jakobson’s outlined model, focusing on aspects such as content, organization, language accuracy,
reinforcement of learning outcomes, reinforcement of learning materials, and no focus. The manner of feedback
delivery was also coded into categories such as information, criticism, suggestions, praise, and politeness, along
with their subtypes. Once classification was completed, the researchers analyzed each feedback type to determine
patterns and trends in both the focus and manner of feedback. This analysis was then used to address the study’s
research questions, providing insights into the similarities and differences between Al-generated and human-
generated feedback.

4. Results

4.1 On Human versus Al tools ratings on ESL students’ essay

Table 3 presents the ratings given by human raters and Al tools on 20 student essays, assessed using the rubric by
Caroll and West (1986). The human raters scored the essays with weighted means of 3.07 (SD = 0.73) for content,
2.83 (SD = 0.92) for organization, 2.73 (SD = 0.66) for language, and 2.72 (SD = 0.80) for mechanics — all
falling under the interpretation of Fair. The overall weighted mean for human raters was 2.84 (SD = 0.79), likewise
interpreted as Fair.

Similarly, the Al tools produced ratings with weighted means of 2.78 (SD = 0.80) for content, 2.77 (SD

= 0.76) for organization, 2.67 (SD = 0.72) for language, and 2.62 (SD = 0.71) for mechanics, with an overall
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weighted mean of 2.71 (SD = 0.75) — also under the Fair category. These results show that both human and Al
raters provided relatively comparable evaluations, although human raters generally gave slightly higher scores
than the Al tools.

This finding slightly contrasts with the results reported by Jackaria, Hajan, and Mastul (2024), who
observed that ChatGPT tended to give marginally higher ratings than human evaluators.

Notably, among the Al tools assessed, CiCi demonstrated remarkable consistency, assigning the same
mean score of 2.10 across all four criteria: content, organization, language, and mechanics. This uniformity may
suggest a rigid scoring pattern or a limitation in CiCi’s capacity to differentiate performance levels across diverse
writing components.

Table 3. Means and Interpretation of the human and Al tools essay ratings

Rubric Human Raters o Al Raters o
Criterion Teacher 1 Teacher 2 Teacher 3 3 o g -2 ChatGPT Bing Al CiCi 3 = g 2
- o = < = o = <

55| £E| 2 30 3| 2E 2

x [sD] x [sD| x [sD|3=| 83| &| x [ sD]| x [sD| x [ sD | B=| 8% &

= aal 8 = ZNa >

S =

Content 3.10 | 0.64 | 2.90 | 0.85 | 320 | 0.69 | 3.07 | 0.73 | F | 325 | 0.63 | 3.00 | 0.64 | 2.10 | 0.64 | 2.78 | 080 | F
Organization | 3.40 | 0.68 | 2.20 | 0.69 | 2.90 | 096 | 2.83 | 092 | F | 3.15 | 0.58 | 3.05 | 0.60 | 2.10 | 0.64 | 2.77 | 0.76 | F
Language 3.10 | 0.44 | 240 | 0.68 | 2.70 | 0.65 | 2.73 | 0.66 | F | 3.10 | 0.55 | 2.80 | 0.61 | 2.10 | 0.64 | 2.67 | 0.72 | F
Mechanics 2.75 1 0.63 | 230 1 0.73 | 3.10 | 085 ] 2.72 | 0.80 | F [ 3.15] 0.58 | 2.60 | 0.50 | 2.10 | 0.64 | 2,62 | 071 | F
General Weighted Mean 2.84 | 0.79 F General Weighted Mean 2.71 | 0.75 F

* Note: Poor “P” (1.00-1.75); Average “A”(1.76-2.50); Fair “F”(2.51-3.25); Excellent-Good “EG”(3.26-4.00)

4.2 On Reliability of Human and AI Tools Raters in Rating Student Essays
Table 4 displays the level of inter-rater consistency among the two groups of raters — human raters and Al raters
— based on the criteria outlined in the essay writing rubric adapted from Carrol and West (1989).

For the human raters, the results indicate excellent consistency in the Content criterion (ICC = 0.911),
Organization (ICC = 0.865), and Language (ICC = 0.765), while Mechanics showed good consistency (ICC =
0.715). The overall ICC score for the human group is excellent, at 0.815. This suggests that human raters were
highly reliable in their evaluations.

Meanwhile, the Al raters demonstrated a higher level of agreement, with an overall ICC of 0.879, which
is interpreted as excellent consistency. Individually, the consistency across content (0.897), organization (0.888),
language (0.876), and mechanics (0.855) all fall within the excellent range. This suggests that the Al tools applied
a more uniform evaluation standard across the four criteria, possibly reflecting algorithmic precision or less
subjective interpretation compared to human evaluators.

In support to this finding, Latif and Zhai (2023) found that ChatGPT has the potential to be effectively

adapted for evaluating students’ written outputs, such as essays. Their study highlighted that with appropriate
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training or fine-tuning, the Al model can provide consistent, reliable, and human-like scoring, making it a
promising tool for automated writing assessment tasks.

Table 4 Intraclass Correlation results indicating reliability of the Human and Al tools essay ratings

Rubric Criterion Reliability Coefficient
Human raters | Interpretation | Al Raters | Interpretation
Content 0.911 Good 0.897 Good
Organization 0.865 Good 0.888 Good
Language 0.765 Good 0.876 Good
Mechanics 0.715 Good 0.855 Good
Overall Score 0.815 Good 0.879 Good

When the consistency between human and Al ratings was examined, the results revealed poor agreement,
as shown in table 5. All criteria — content, organization, language, and mechanics — demonstrated similarly low
levels of consistency, culminating in an overall consistency score of .353. This indicates that the ratings provided
by human raters and Al tools were not closely aligned or linearly correlated.

These findings suggest that, in the context of assessing students’ academic work such as essays, Al tools
(e.g., ChatGPT, CiCi, and Bing) still require significant improvement in order to match the consistency levels of
human evaluators. The results support the conclusion that current Al models may not yet be suitable replacements
for human raters in high-stakes academic assessment.

This conclusion is consistent with the findings of Jackaria, Hajan, and Mastul (2024), who also reported
poor consistency between ChatGPT and human raters. Similarly, Paz et al. (2023) highlighted that ChatGPT's
outputs may contain inaccuracies and errors, underscoring the continued need for human verification in Al-

assisted evaluation systems.

Table 5. Intraclass Correlation results indicating inter-rater reliability between Human and Al tools essay
ratings

Human Raters Al Raters Total Score | Interpretation
Content | Organization | Language | Mechanics
Content 0.440 - - - - Fair
Organization - 0.339 - - - Poor
Language - - 0.379 - - Poor
Mechanics - - - 0.185 - Poor
Total Score - - - - 0.353 Poor

Although the Intraclass Correlation Coefficient (ICC) measures the degree of linear association between
two sets of ratings, it primarily indicates how closely the average scores of raters align. In this study, while human
and Al ratings showed differences, these were consistent and patterned, rather than random. This warranted further
analysis to determine whether the differences were statistically significant.

Table 6 presents the results of the Wilcoxon signed-rank test, comparing the mean scores of human and

Al raters across four key criteria: Content, Organization, Language, and Mechanics. The findings show that human
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raters assigned slightly higher scores than Al raters across all dimensions. No significant differences were found
for Content (z=2.78, p = 0.804), Organization (z=2.77, p=0.767), Language (z=2.67, p = 0.729), or Mechanics
(z=2.62, p =0.715). Furthermore, the overall comparison between human and Al ratings revealed no significant
difference (z=2.71, p =0.753), suggesting a generally comparable pattern of assessment between the two groups.

These results underscore the emerging potential of generative Al tools—such as ChatGPT, CiCi, and
Bing—as valuable supports in the assessment of students’ written work. With proper instructional guidance and
carefully constructed prompts, Al tools can assist in reducing the workload associated with essay evaluation,
thereby allowing educators to devote more time to instructional planning and student engagement. This study
demonstrates that Al, when used responsibly, can meaningfully contribute to academic assessment. However, it is
essential to apply these tools with discernment. In alignment with prior findings (Jackaria, Hajan, & Mastul, 2024;
Bitzenbauer, 2023; Lo, 2023), the results reaffirm that human oversight remains crucial, particularly to validate

Al-generated scores and ensure fairness, contextual accuracy, and pedagogical relevance in student evaluation.

Table 6.

Wilcoxon signed-rank test results on significant differences between the human and Al essay ratings

Human Raters | AI Raters Wilcoxon
Criterion X SD X SD | z-score | p-value | Interpretation
Content 2.78 | 0.804 |2.78 | 0.804 | 2.78 0.804 | Not Significant

Organization | 2.83 | 0924 |2.77 | 0.767 | 2.77 0.767 | Not Significant
Language 273 | 0.660 | 2.67 | 0.729 | 2.67 0.729 | Not Significant
Mechanics 2.72 | 0.804 |2.62]0.715] 2.62 0.715 | Not Significant
Total Score | 2.84 | 0.809 | 2.71 | 0.753 | 2.71 0.753 | Not Significant

* Significant at o < 0.05

4.3 On Human versus Al tools’ Remarks on students’ essays

4.3.1Feedback by focus

The figures below illustrate the algorithmic patterns by which both human raters and Al tools provide feedback
on students’ essays, particularly in terms of focus. As shown in figure 4, the remarks given by human teachers
were generally categorized into three types: language accuracy-focused, organization-focused, and no remarks.
Prompted by the Caroll and West (1986) rubric, teachers primarily concentrated on language accuracy, offering
explicit corrections related to grammar, spelling, vocabulary, and usage. Examples include: “Error in spelling

235

‘addition’” (T1), “Faulty parallelism — you, we, their (not parallel) ” (T2), and “Wrong preposition!” (T3). These
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comments reflect the teachers’ detailed attention to the formal aspects of language, particularly grammatical
structure and mechanics.

In addition to language-related feedback, teachers also focused on the organizational structure of the
essays, offering remarks related to text development and formatting. Comments such as “Margin and indentions!”
(T1), “It does not have a strong thesis statement.” (T2), and “It did not follow the proper way of writing an
essay—intro, body, and conclusion.” (T3) indicate concern for coherence, logical flow, and adherence to academic
essay conventions.

Interestingly, several essays received no remarks from the human raters. This could suggest several
possibilities: that the essays were considered satisfactory and did not warrant feedback; that time constraints or
cognitive fatigue may have limited the depth of commentary; or that teachers selectively prioritized certain
aspects, such as grammar, over others. This variation in feedback aligns with the findings of Tukan and Mukarto
(2024), who reported that teacher feedback on student writing tends to focus primarily on form and content, often
at the expense of other elements.

By contrast, Al tools exhibited a wider range of focus areas in their feedback, including language
accuracy, organization, content, and general language use as reflected in figure 5. While they addressed structural
and linguistic concerns, Al tools also offered content-focused feedback, engaging with the ideas presented in the
text, as well as more generalized language evaluations (e.g., “clear, insightful, and strong content with minor
language issues” or “There is a variety in your language ). Notably, every student essay received some form of
feedback from the Al tools—there were no instances of missing remarks, in contrast to the human raters.

This suggests that Al tools, such as ChatGPT, CiCi, and Bing, provide broader and more consistent
coverage across multiple aspects of writing. In comparison, human teachers tended to focus narrowly, often
prioritizing grammar or structure. This difference implies that while human feedback may reflect pedagogical
judgment or time-bound constraints, Al-generated feedback can offer more comprehensive, automated input—

though still requiring critical oversight from educators for contextual accuracy and appropriateness.
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437 in terms of Focus in terms of Focus

438

439  4.3.2 Feedback by manner

440 Table 7 shows recurring pattern of the feedback of human teachers and Al tools on students’ essays. The manner
441 of feedback provided by human raters was generally direct, corrective, and assertive. Teachers used concise,
442 declarative statements that clearly identified issues in students’ writing. Comments such as “Lacks concluding
443 statement,” “Subject agreement is erratic,” and “Faulty parallelism” demonstrate a straightforward style that
444  emphasizes clarity and precision. This manner reflects an instructional tone focused on identifying specific areas
445 for improvement, assuming that students will understand and apply the corrections independently.

446 In contrast, Al tools delivered feedback in a more balanced and measured tone, often combining critique
447 with encouraging language. Remarks such as “Clear and strong points but there are minor language issues” or
448  “The content is informative... however, some grammatical issues detract from clarity” illustrate a neutral and
449 supportive manner. This style tends to soften critical observations, making the feedback feel more constructive
450 and accessible. Overall, Al-generated feedback maintains a consistent and polite tone, which may help foster
451 student receptiveness to revision.

452 The differing manners in which human raters and Al tools provide feedback carry important implications
453 for writing instruction and assessment. The direct and assertive tone used by human teachers may be effective for
454 learners who are accustomed to explicit correction and who benefit from clear, targeted guidance. However, this
455 approach may be perceived as overly critical by some students, potentially affecting motivation or confidence,
456 especially in more formative learning environments. On the other hand, the balanced and supportive tone used by
457 Al tools—characterized by a mix of encouragement and gentle critique—may help reduce anxiety and promote a
458 more positive reception of feedback. This suggests that integrating Al tools into the feedback process can

459 complement traditional teacher evaluation by offering a consistent, neutral, and approachable source of formative
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460 input. This result is aligned with Abdullah (2025), who pointed out the high potential of Al to provide more
461 frequent, personalized, and objective feedback. Educators may consider using Al-generated feedback as a
462 preliminary layer to guide student revisions, while reserving human feedback for deeper pedagogical engagement

463  and clarification, especially on complex writing concerns.

464
Table 7.
Manner of Remarks of Human Teachers and Al Tools on student essays
Subject Remarks Manner
Teacher 1 “Lacks concluding statement.”
“Subject agreement is erratic.”
Teacher 2 “Error in spelling ang capitalization.” Criticism
“Your punctuations are not appropriate.”
Teacher 3 “It does not have a strong thesis statement.”
“Faulty parallelism.”
Subject Remarks Manner
Teacher 1 “To improve their teaching [insert comma]j...”
“students table... [add apostrophe].” Suggestive
Teacher 2 “It make...[makes instead of make.]” (Specific)
“ChatGPT are one of the... [verb tense-‘is’ to be used]
Teacher 3 “Your going to...[you’re instead of your]...”
“spacing in the 27 and 3 paragraphs...”
Subject Remarks Manner
ChatGPT “Clear and strong points but there is a minor language Praise (specific)
issue.” +
“Good insights but minor grammar issues.” Criticism
CiCi “The essay provides relevant points about Al in education
but lacks depth in analysis.”
“The content is informative and detailed, with good
organization. However, some grammatical and mechanical
issues slightly detract from clarity.”
Subject Remarks Manner
ChatGPT “Insufficient Content; Vague arguments.”
“Off-topic; lacks educational focus’ Criticism
Bing “Needs more depth; lacks specific examples”
“Very weak; one-sided argument; lacks details”
465

466 5. Conclusions and Recommendations

467 This study investigated the consistency between Al-generated and human-generated ratings of ESL student essays,
468 as well as the differences in the focus and manner of their feedback. Both groups evaluated the essays using the
469 same rubric and generally arrived at similar categorical assessments. Human raters tended to assign slightly higher
470 scores than Al tools, but statistical testing revealed no significant difference in the overall ratings between the two
471 groups. Although the inter-rater consistency between Al and human evaluators was low, the overall scoring
472 outcomes were relatively aligned. This suggests that while human and Al raters may apply different approaches

473 and judgment styles, they often reach comparable conclusions when assessing student writing.
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In terms of feedback style, human raters commonly gave direct, corrective, and concise comments that

emphasized grammar, sentence structure, and organization. Their manner was often critical or suggestive,

reflecting their instructional focus and professional judgment. Al tools, on the other hand, demonstrated a more

formal and structured tone in their responses. Their feedback extended beyond surface-level errors, addressing

broader aspects of writing such as clarity of ideas, cohesion, and language use, and often included both praise and

critique in a balanced manner. This distinction indicates that human feedback tends to prioritize form and structure,

while Al-generated feedback provides a more expansive commentary across multiple dimensions of writing.

Based on the findings, it is recommended that generative Al tools like ChatGPT, CiCi, and Bing Al be

used to complement—not replace—human evaluation in writing assessment. Their consistency and broad

feedback can aid formative assessment and reduce workload, but the nuanced judgment of human raters remains

essential. Teachers should guide and validate Al-generated feedback to ensure its accuracy and educational value.

Professional development is also advised to support responsible Al integration in classrooms.

Appendix 1

Table 8 Scoring Rubrics in Assessing Essays adapted from Caroll and West (1989, as cited by Tribble,

1986)
Writing 1 2 3 4
Components Poor Average Fair Excellent to
Good
Content Inadequate Treatment of the | Adequate Excellent to very
treatment of the | topic is hardly treatment of the | good
topic adequate topic treatment of the
» almost no *Some irrelevant | « Most content subjecte  Content
useful detail content, relevant to | relevant to the | relevant to the
*Reader is confused | the topic topic
or may be | Topic . Information | «Balanced
misinformed *Analysis is basic | provides presentation of
*Central purpose or | or general reasonable relevant and
argument is not *Reader gains few | support for a | legitimate
clearly identified insights. central purpose | information  that

*Analysis is vague
or no evident.

or argument and
displays
evidence of a
basic analysis of
a significant
topic

*Readers gain
some insights.

clearly supports a
central purpose or

argument and
shows a
thoughtful, in-
depth analysis

of a significant
topic

*Readers gain

important insights.

Organization

Lack fluent
expression, ideas
very difficult to
follow

e Little sense of
paraphrasing /

Very
expression
¢ |deas difficult to
follow/stand out

e Paraphrasing or
section

uneven

Uneven
expression

¢ but main ideas
stand out
eParaphrasing or
section

Fluent expression
* ideas

clearly
stated/supported -
Appropriately
organized
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organizatione No | organization does | organization paragraphs or
sense of logical | not help the reader, | evident sections
sequence logical sequence | eLogical *Logical
(coherence) difficult to follow | sequenced sequenced
eConnectives  not | (coherence) (coherence) (Coheren_ce)
used (cohesion). eConnectives e Connectives °Connec_t|ves
largely absent | appropriately approp_rlately used
(cohesion). used (cohesion). (cohesion).
Language Uncomfortably A noticeable | Occasional Accurate word and
Use frequent mistakes in | number of mistakes | mistakes in word | usage
(Vocabulary+ | word/ in choice and *Appropriate
Grammar) idiom choice and | word choice and | Usage selection to match
usage usage * Register not | register
*  Register, no | *Register not | always + Confident
appropriate always appropriate handing of
sense of register Appropriate * acceptable appropriate
* Major problems | ¢ insufficient range | grammar-  but | structures
with structures even | of structures with problems  with | « Hardly any errors
simple ones control only shown | more complex of agreement,
« frequent errors of | in simple | structures tense, number,
negation constructions *Mostly word
agreement, tense, | * Mostly appropriate order/function,
number, word | appropriate structures articles, pronouns,
order/function, structures * some errors prepositions,
articles, pronouns, | *Frequent of agreement, | meaning never
prepositions, appropriate tense, number, | obscured.
meaning often Structures word
obscured * Some errors of | order/function,
agreement, tense, | articles,
number, pronouns,
word prepositions,
order/function, meaning some
articles, pronouns, | times
prepositions, obscured
meaning some
times obscured
Mechanics There are so many | The writing has | There are | The writing is free
errors on | many errors on occasional or
punctuation, punctuation, errors on | almost free of
spelling and APA | spelling and APA | punctuation, errors on
style that meaningis | style, and the | selling and APA | punctuation,
obscured. reader is style, but they | spelling and
distracted. don't represent | APA style.
a
major distraction
or obscure
meaning.
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