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ABSTRACT 
Automated Essay Scoring (AES) systems have gained popularity in education for their potential 
to efficiently and objectively grade student writing. However, concerns have been raised about 
their accuracy and the lack of feedback they provide to students. In this research, the writers 
aim to explore the role of feedback in AI Automated Essay Scoring. First, writers reviewed the 
literature on AES systems, their effectiveness and the role of feedback in student writing 
development. The writers conducted a quantitative study using tests and surveys to gather data 
from students. The test was used to gather the students’ writing before and after giving them 
feedback provided by AI, while the survey focused on students' perceptions of AES feedback. 
The findings revealed that the provision of feedback through AES significantly improved the 
quality of student writing generally. Furthermore, the survey results indicated that students 
perceived the AES feedback as helpful and informative, with the majority of students reporting 
that the feedback helped them identify areas for improvement and develop their writing skills. 
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INTRODUCTION  

Automated Essay Scoring (AES) systems have become increasingly popular in 

education settings, with the promise of efficient and objective grading of student 

writing. However, concerns have been raised about the accuracy of these systems and 

feedback provided to students. Feedback is an essential component in the process of 

writing development, as it helps students improve their writing skills and understand 

their strengths and weaknesses. As such, the role of feedback in AI Automated Essay 

Scoring has become a critical area of research. 

 Many studies have focused on the use of Automated Writing Evaluation (AWE) 

tools for providing automated written corrective feedback in classrooms to improve 

student writing (Cotos, 2014; Koltovskaia, 2020; Ranalli, 2013). Popular AWE tools like 

Criterion and MY Access! have been evaluated for their effectiveness in classroom 

settings (Chen & Cheng, 2008; Dikli & Bleyle, 2014; Z. Li et al., 2014). However, there is 

some hesitation in using these AWE tools as they may not align with the writing skills 

valued in the classroom (Condon, 2013). Nevertheless, studies have found that using 

AWE tools like Criterion can lead to increased revisions and improved accuracy, 

ultimately positively impacting the quality of student writing (J. Li et al., 2015; 

Stevenson & Phakiti, 2014). 
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 However, since the launch of GPT by Open-AI, the feedback provided by AI has 

improved significantly. 

For example:   

 
Figure 1. Input (Students’ Writing) 

 

The text above is one of the paragraphs of the students’ thesis. This was then 

inputted to the AI with a certain prompt. Furthermore, the result was like: 

 
Figure 2. Output (Holistic Score Given by GPT 4.0) 
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Not only the holistic score, feedback of strength, and weaknesses of the writing, the 

AI also provided the suggestion for the writing improvement. It can be seen such as 

below: 

 
Figure 3. Output (AI’s Suggestion for improvement) 

 
By giving the AI a simple prompt as an instruction to give a holistic score of a 

student’s writing, it provided the score with elaborate explanation as well as the 

feedback to improve the writing. This could provide new insight for teachers to grade 

and give feedback for students and the feedback would also be useful for the students. 

 Regarding the teachers and students’ perception toward the feedback that were 

given by AES, there are some previous researches that studied about the topic. Four 

studies have examined teachers' perceptions towards the use of automated feedback 

systems in the classroom, but have found conflicting results. Grimes and Warschauer 

(2008) found that most teachers were positive towards using automated feedback and 

believed it saved them time and provided specific feedback for students. Chen and 

Cheng (2008) found that teachers were not confident in the accuracy of the scores and 

supplemented the automated feedback with their own. Grimes and Warschauer (2010) 

and Klobucar et al. (2013) both reported that teachers were not convinced of the 

system's accuracy and had little desire to use it in their classrooms. These findings 

suggest that while automated feedback can be helpful, it may not be as accurate as 

human feedback. It is important for teachers to provide a balance of both types of 

feedback and teach students how to interpret and use the automated feedback critically. 

 Studies have shown mixed perceptions towards the use of automated feedback 

systems by students. Some studies (Grimes & Warschauer, 2008) reported that students 

were motivated to improve their writing skills with the instant scores and feedback 

provided by the system. However, others (Chen & Cheng, 2008; Grimes & Warschauer, 

2010; Klobucar et al., 2013) found that students had negative perceptions, citing issues 

such as abstract and vague feedback, overemphasis on surface level issues, and lack of 
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human understanding. The preference for longer essays by automated systems was also 

questioned as it may not accurately reflect writing ability (Chandrasegaran, 2013). 

 However, these studies were from pre-GPT era, there was no research about the 

teachers or students’ perception about feedback provided by GPT. This makes it 

important for this research to be conducted as it can provide valuable insights on the 

potential use of GPT as an automated feedback system in the classroom.  Moreover, GPT 

is a relatively new artificial intelligence technology that has not been extensively 

studied in the context of feedback provision. Its ability to generate human-like text and 

adapt to different writing styles may address some of the concerns raised in previous 

studies about automated feedback systems. For example, GPT may provide more 

specific and personalized feedback compared to traditional automated systems, which 

may help students to improve their writing skills. Additionally, the use of GPT may save 

teachers time in providing feedback, allowing them to focus on other aspects of teaching 

and learning. 

Automated Essay Scoring (AES) 

 The reference list should be arranged alphabetically following the guidelines of 

the Publication Manual of the American Psychological Association (7th ed.). For 

example: 

 Automated Essay Scoring (AES) is the use of computer programs and algorithms 

to evaluate and score written essays. The software analyzes various aspects of the 

essay, such as grammar, vocabulary, sentence structure, and content, and generates a 

score based on predefined criteria or rubrics. AES is often used in educational settings, 

particularly for large-scale assessments and standardized tests, to provide rapid and 

consistent evaluation of student writing. It is also used in online learning platforms to 

provide feedback on student writing and improve their writing skills. 

 Automated Essay Scoring (AES) is a technology that uses computer programs to 

evaluate and score written essays based on predefined criteria. The use of AES has both 

advantages and disadvantages, but it is generally recommended because it can avoid the 

risks associated with human scoring. This technology has been continuously studied 

and improved upon since the 1960s, with Page (1967) being the pioneer behind the 

Project Essay Grade (PEG). 

 Early AES systems, such as PEG, focused mainly on surface structures and were 

criticized for neglecting content-related features. However, with advancements in 

Natural Language Processing (NLP), more precise AES systems were developed in the 

1990s. These systems, including e-rater, used a combination of statistical and rule-

based methods to analyze not only surface structures but also deeper linguistic features. 

As a result, e-rater has been officially used in high-stakes tests such as the GRE and 

TOEFL. 

 Moreover, AES systems often have additional automated feedback engines, 

leading to research on Automated Writing Evaluation (AWE) for classroom use. Critics 

argue that these tools measure different writing constructs than those valued in the 
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classroom, but others have found that they can help learners increase revisions and 

accuracy, leading to better-text quality (J. Li et al., 2015; Stevenson & Phakiti, 2014). For 

instance, e-rater's AWE tool, Criterion, has been researched for its effectiveness in the 

classroom (e.g., Chen & Cheng, 2008; Dikli & Bleyle, 2014; Z. Li et al., 2014). 

 In conclusion, Automated Essay Scoring (AES) utilizes computer technology to 

evaluate and score written essays based on predefined criteria. Its use has grown since 

the 1960s, with advancements in NLP leading to more accurate systems such as e-rater. 

Additionally, the feedback function in AES systems has been studied for its potential use 

in the classroom, with mixed opinions on its effectiveness. 

Generative Pre-trained Transformer (GPT) 

 GPT (Generative Pre-trained Transformer) is a transformer-based language 

model that has been developed by OpenAI. It is trained on a massive amount of text data 

and has been fine-tuned for various natural language tasks such as text generation, 

language translation, and question-answering. Unlike BERT, which is a bidirectional 

model, GPT is a unidirectional model, meaning that it only reads the text from start to 

end. GPT has been known for its exceptional performance in language generation tasks. 

It has been released in three versions: GPT-1, GPT-2, and GPT-3, with each version 

having a larger size and more capabilities. GPT-3 is currently the largest with 175 billion 

parameters. While GPT has been used for various natural language tasks, it has not been 

utilized in AES. However, recent advancements in GPT technology, such as the release of 

ChatGPT, have made it more accessible and user-friendly, leading to speculations that it 

could be used in AES applications in the future (Essel, 2023).  

 GPT and BERT are both transformer-based language models, but they have 

different architecture and training approaches. BERT is bidirectional and trained by 

filling in missing words in sentences, while GPT is unidirectional and trained on a large 

corpus of text for natural language generation tasks. This difference in training and 

architecture makes BERT more suitable for natural language understanding tasks, while 

GPT is better at language generation tasks. In AES, where both understanding and 

generation of language are important, BERT has been utilized due to its effectiveness in 

sentiment analysis and text classification, which are similar to AES tasks. However, 

recent research (Mayer et al., 2023) has shown that GPT can also perform complex tasks 

such as classification of e-mail replies as polite or impolite with comparable accuracy to 

human ratings.  

 Despite its limitations, such as not being able to undergo task-specific fine-tuning 

and mainly functioning as a language generation model, GPT's prompt-based learning 

approach makes it a more user-friendly and accessible option for non-experts in AES. 

This approach eliminates the need for programming and has been shown to attain 

accuracy levels similar to human ratings in classification tasks (Mayer et al., 2023). The 

recent release of ChatGPT, a web-based platform that is free to use, has also enhanced 

the accessibility of GPT technology and has led to speculations of its potential use in AES 

applications (Essel, 2023). Overall, GPT has shown great potential in various NLP tasks 
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and with advancements in technology and research, it could potentially be utilized in 

AES in the future. 
 

RESEARCH METHOD 
The writers conducted a quantitative study using a test and survey to gather data 

from students. The test was used to gather the students’ writing before and after getting 

the AI feedback, while the survey focused on students' perceptions of AES feedback. The 

test, which consisted of a standardized writing task, was administered to a sample of 65 

students which were chosen randomly from the English Education Study Program in 

UIN Bukittinggi. The survey, which comprised 15 Likert-scale items, was designed to 

elicit students' attitudes and experiences with AES feedback. The data collected from 

the test and survey were analyzed using descriptive statistics and inferential statistics. 

The test results were analyzed to identify any significant differences in the students' 

writing quality before and after receiving the AI feedback. The results of the study were 

then compared to existing literature to provide a comprehensive understanding of the 

effectiveness of AES feedback in improving students' writing skills 

 
RESULTS AND DISCUSSION  

The results of the study revealed a significant improvement in the quality of 

students' writing after receiving feedback from the AI Automated Essay Scoring system. 

The mean score of the students' writing before receiving feedback was 65.21, which 

increased to 74.15 after receiving feedback. The paired-samples t-test revealed a 

statistically significant difference between the two mean scores (t = 5.646, p < 0.01). 

This suggests that the provision of feedback through AES had a positive impact on the 

quality of students' writing. 

Paired Samples Test 

  t df Sig. (2-tailed) 

Pair 1 Pre - Post 5.646 24 0.000 

A significant difference between student writing before and after the use of AI 

feedback can be observed in two ways: 

1) By comparing the calculated t-value with the table t-value: 

Since 5.646 > 2.064, there is a difference between the writing before and after 

the implementation of AI feedback. 

2) By comparing the significance value with alpha: 

Since 0.000... < 0.05, there is a difference between the writing before and after 

the implementation of AI feedback. 

In terms of students' perceptions of AES feedback, the survey results indicated 

that the majority of students (85%) found the feedback to be helpful and informative. 

Most students (80%) reported that the feedback helped them identify areas for 

improvement in their writing, and 75% of students indicated that the feedback helped 

them develop their writing skills. Furthermore, 70% of students reported that they 
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were more motivated to improve their writing skills after receiving feedback from the 

AES system. 

However, a smaller proportion of students expressed some reservations about 

the feedback, citing concerns about the accuracy and clarity of the comments provided. 

Despite this, the overall sentiment among students was positive, with many 

appreciating the timely and personalized feedback that the AES system provided. 

CONCLUSIONS AND SUGGESTIONS  
The findings of this study suggest that the integration of AI Automated Essay 

Scoring systems in educational settings can have a positive impact on the quality of 

students' writing. The statistically significant improvement in students' writing scores 

and the positive perceptions of students towards AES feedback indicate that this 

technology has the potential to support writing instruction and improve student 

learning outcomes. 

Based on these findings, it is recommended that educators and policymakers 

consider the integration of AI-powered feedback systems in educational settings to 

support student writing development. Additionally, further research is needed to 

explore the long-term effects of AES feedback on student writing development and to 

address the concerns raised by students regarding the accuracy and clarity of the 

feedback provided. By doing so, we can harness the potential of AI technology to 

enhance teaching and learning practices, ultimately leading to better student outcomes. 
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