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Abstract: With the rapid growth of online and self-

paced programming education, providing accurate 

and timely feedback to learners has become a 

significant challenge. Traditional automated 

evaluation systems primarily rely on test-case 

execution and fail to deliver meaningful, explanatory 

feedback, while existing Large Language Model 

(LLM)-based tools often generate complete solutions, 

raising concerns regarding academic integrity and 

inefficient resource usage. To address these 

limitations, this paper proposes an intelligent GPT-

4o–based Code Review System designed to generate 

precise, feedback-oriented responses without 

revealing full solutions. The system incorporates a 

Code Review Module with a Review Necessity Chain 

and Code Correctness Check to focus evaluation on 
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relevant code segments and reduce unnecessary 

computation. 

In addition, an NLP-based automatic comment 

generation module is introduced as an extension to 

enhance code readability by generating descriptive 

inline comments from source code structure and 

identifiers. The proposed system is evaluated using 

BERT-Score to measure semantic similarity between 

generated and reference review comments, achieving 

an F1-score of 88%, indicating strong alignment with 

expert feedback. A Flask-based web interface enables 

real-time interaction, allowing users to upload code 

and receive structured review comments along with 

automatically generated explanations. The results 

demonstrate that the proposed framework improves 

code comprehension, supports independent learning, 

and provides a scalable and educationally effective 

solution for automated programming feedback 

systems. 

Index terms - — GPT-4o, automated code review, 

natural language processing, automatic comment 

generation, programming education, large language 

models, educational feedback, code comprehension, 

BERT-Score, software learning systems 

 

 

1. INTRODUCTION 

The rapid advancement of digital technologies has 

significantly transformed modern education, making 

programming and computational thinking essential 

skills for learners across all levels. With the 

widespread adoption of online and self-paced 

learning platforms, students are increasingly required 

to develop coding skills independently. However, one 

of the major challenges in programming education is 

the lack of timely, accurate, and meaningful feedback 

on code submissions. Traditional approaches rely 

heavily on manual evaluation by instructors, which is 

time-consuming, inconsistent, and difficult to scale 

for large numbers of learners. 

To address these limitations, automated assessment 

systems and Large Language Models (LLMs) have 

been introduced to support programming education. 

Existing systems primarily rely on test-case execution 

to evaluate correctness, providing feedback in the 

form of compiler errors or failed test cases. While 

such approaches are effective in identifying errors, 

they often fail to explain the underlying issues in a 

way that is understandable for novice learners. 

Recent advancements in LLMs have enabled the 

generation of natural language feedback, offering 

more readable and context-aware explanations. 

However, many existing LLM-based tools tend to 

generate complete code solutions, which can 

negatively impact learning outcomes and raise 

concerns regarding academic integrity. Additionally, 

these systems may consume unnecessary 

computational resources when processing incorrect or 

incomplete code. 

Accurate and educational feedback is crucial for 

improving learners’ problem-solving skills, code 

quality, and understanding of programming concepts. 

Code review plays a vital role in this process by 

providing suggestions for optimization, identifying 

logical errors, and promoting best coding practices. 

Despite its importance, there is still a lack of 

intelligent systems that can deliver precise, context-

aware feedback while avoiding full solution 

disclosure. Furthermore, many learners struggle with 

understanding code due to the absence of proper 
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documentation or comments, which affects code 

readability and maintainability. 

To overcome these challenges, this paper proposes an 

intelligent GPT-4o–based code review system that 

focuses on generating structured and feedback-

oriented responses rather than complete solutions. 

The system integrates a Code Review Module with a 

Review Necessity Chain and Code Correctness 

Check to ensure efficient and relevant analysis of 

submitted code. In addition, an NLP-based automatic 

comment generation module is introduced as an 

extension to enhance code comprehension by 

generating descriptive inline comments from code 

structure and identifiers. The proposed system is 

evaluated using BERT-Score to measure semantic 

similarity between generated and reference review 

comments, demonstrating strong performance with an 

F1-score of 88%. 

The main contributions of this work include the 

design of a learning-oriented code review framework, 

the integration of automatic comment generation to 

improve readability, and the development of a 

scalable web-based system for real-time feedback. 

Overall, the proposed approach aims to enhance 

programming education by providing accurate, 

efficient, and ethically responsible automated 

feedback. 

2. LITERATURE SURVEY 

a)  Feedback-Generation for Programming 

Exercises With GPT-4: 

Since the widespread availability of Large Language 

Models (LLMs) and associated applications, a 

number of research have looked into how they could 

help teachers and students in higher education. In the 

context of large programming courses, where 

students can benefit from feedback and pointers if 

given promptly and at scale, LLMs like Codex, GPT-

3.5, and GPT 4 have demonstrated encouraging 

outcomes. The quality of the output produced by 

GPT-4 Turbo for prompts that include both the 

programming task definition and a student's 

submission as input is examined in this research. 

GPT-4 was requested to provide comments on 55 

randomly selected, real student programming 

submissions, and two assignments from a basic 

programming course were chosen. In terms of 

accuracy, customization, fault localization, and other 

characteristics found in the content, the output was 

qualitatively examined. GPT-4 Turbo exhibits 

significant improvements over previous studies and 

analysis of GPT-3.5. The output, for instance, is more 

consistent and organized. Additionally, GPT-4 Turbo 

can reliably detect incorrect casing in the output of 

student applications. In certain instances, the student 

program's output is also included in the feedback. 

Inconsistent feedback was also seen, such as saying 

that the submission is correct but that an issue has to 

be addressed. The current study advances our 

knowledge of the possibilities and constraints of 

LLMs as well as how to incorporate them into 

instructional situations, e-assessment systems, and 

teaching students utilizing GPT-4-based apps. 

b) Effective Teaching through Code Reviews: 

Patterns and Anti-patterns: 

A common and crucial step in the software 

development process is code reviews. In contrast to 

something more detached and formal, like a class, 

they also provide a special, at-scale opportunity for 

training developers inside the framework of their 

daily development operations. However, research on 
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successful education through code reviews—which 

emphasize learning for the author rather than only 

code modifications—is lacking. We fill this vacuum 

with a case study at Google, where 12 patterns and 15 

anti-patterns in code reviews that affect learning were 

found through interviews with 14 developers. For 

example, learning is facilitated by explanatory 

reasoning, standards-based sample answers, and a 

constructive tone; learning is hampered by harsh 

remarks, excessively superficial criticism, and non-

pragmatic reviewing that disregards authors' 

limitations. Through member checks, reviewer 

interviews, a literature study, and a poll of 324 

developers, we verified our qualitative results. The 

influence of social dynamics in code reviews on 

learning is empirically demonstrated by this extensive 

study. We provide useful suggestions on how to 

structure constructive evaluations to foster a positive 

learning environment based on our findings. 

c) Improving the Coverage of GPT for Automated 

Feedback on High School Programming 

Assignments: 

For inexperienced programmers, feedback on bad 

code is crucial. In the past, Automated Program 

Repair (APR) technologies have been used to 

produce feedback for errors in beginning 

programming courses. Due to their demonstrated 

ability to produce both human-readable text and code, 

Large Language Models (LLMs) have become a 

compelling alternative to automatic feedback 

production. In this paper, we evaluate both APR and 

LLMs on a diverse dataset that includes 366 incorrect 

submissions for a set of 69 problems with varying 

complexity from a public high school in order to 

compare the efficacy of LLMsto APR techniques for 

code repair and feedback generation in the context of 

high school Python programming assignments. We 

demonstrate that, given a suitable assessment oracle, 

LLMs outperform APR approaches in repair 

generation. The direct invocation of such LLMs 

nevertheless has several drawbacks, even if the most 

advanced GPTs may typically produce feedback for 

defective code. Specifically, GPT-4 may miss up to 

16% of the bugs, provide erroneous feedback around 

8% of the time, and experience hallucinations 

approximately 5% of the time. We demonstrate how 

a novel design that uses a conversational interactive 

loop to invoke GPT may increase GPT-3.5T's repair 

coverage from 64.8% to 74.9%, matching the 

capabilities of the cutting-edge LLM GPT-4. 

Similarly, using the same methods, the coverage of 

GPT-4 may be increased from 74.9% to 88.5% in just 

five rounds. 

d)  Investigating the Potential of GPT-3 in 

Providing Feedback for Programming 

Assessments: 

Large language models (LLMs), which can produce 

text, graphics, and source code in response to human 

requests, are the result of recent developments in 

artificial intelligence. In this work, we investigate the 

potential of an LLM—OpenAI's GPT-3 model—to 

offer comments on student-written code. In 

particular, we investigate the viability of using GPT-3 

to review, evaluate, and recommend modifications to 

code provided by students in an online programming 

test for an undergraduate Python programming 

course. We gathered 1211 student code submissions 

from seven programming test problems, and we gave 

the GPT-3 model distinct prompts to review, 

evaluate, and offer recommendations on these 

submissions. We discovered that the accuracy of the 

model's feedback for student inputs varied greatly. 
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Between 57% and 79% of respondents correctly 

checked that the code was correct, between 41% and 

77% correctly critiqued the code, and between 32% 

and 93% correctly suggested modifications to the 

code. Additionally, we discovered situations in which 

the model produced inconsistent and inaccurate input. 

These results imply that it is presently not possible to 

"directly" employ models such as GPT-3 to provide 

students feedback on programming tests. 

e)  Enhancing Student Focus and Problem-Solving 

with Real-Time LLM Feedback on Compiler 

Errors: 

Because programming syntax is so complicated, 

automating compiler error reporting in educational 

contexts has always been challenging. Although the 

usefulness of this feedback is yet unknown, large 

language models (LLMs) show promise for solving 

this problem at scale by offering customized 

feedback based on individual code inputs. In a 

randomized controlled trial, this study assessed how 

well GPT-4o produced real-time feedback for 

compiler faults. An automated programming 

evaluation platform received 22,674 bits of code from 

248 CS1 students. While the Control group did not 

get LLM comments, students in the Experimental 

group did. The findings revealed that students who 

got LLM feedback submitted less attempts at non-

compiling code and gave it a high utility rating. 

When compared to the Control group, these pupils 

also performed noticeably better when it came to 

fixing mistakes in successive tries. The LLM 

feedback group self-reported increased attention and 

decreased levels of "confrustion" (a mix of perplexity 

and frustration) following compiler failures, 

according to affective questionnaires. Students in the 

Experimental group solved programming tasks faster 

and showed a notable improvement in fixing errors 

across tries when LLM feedback was momentarily 

turned off. On a simulated test, however, there were 

no discernible variations between the groups' final 

results. These results imply that while LLM-

generated feedback may not result in improved end 

performance, it can enhance students' coding 

experience, engagement, and problem-solving 

effectiveness in the early stages of computer science 

instruction. 

3. METHODOLOGY 

i) Proposed Work: 

The proposed work introduces an intelligent GPT-

4o–based Code Review System designed to provide 

accurate, context-aware, and educational feedback for 

programming learners without revealing complete 

solutions. The system processes learner-submitted 

source code through a structured pipeline that 

includes data preprocessing, Review Necessity Chain 

(RNC), and Code Correctness Check Module (CCM). 

These components ensure that only relevant code 

segments are analyzed, reducing unnecessary 

computation while maintaining feedback precision. 

The GPT-based model then generates constructive 

review comments focusing on error identification, 

code quality improvement, and adherence to best 

practices, thereby supporting independent learning 

and preserving academic integrity. 

In addition, the system incorporates an NLP-based 

automatic comment generation module as an 

extension to enhance code readability and 

comprehension. This module analyzes code structure, 

including functions, classes, variables, and control-

flow patterns, to automatically generate meaningful 

inline comments for undocumented code. The system 
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is implemented using a Flask-based web interface, 

allowing users to upload code files and receive 

structured review feedback along with auto-generated 

comments in real time. The overall framework is 

evaluated using BERT-Score, achieving an F1-score 

of 88%, demonstrating strong alignment with expert 

feedback and confirming the effectiveness of the 

proposed approach in programming education 

environments. 

ii) System Architecture: 

The system architecture of the proposed GPT-based 

code review system is designed to process learner-

submitted code through multiple validation and 

feedback modules to generate accurate and 

educational responses. Initially, the user submits 

source code to the system, which is first passed 

through the Code Validation Module to check for 

basic syntax and structural correctness. If the code 

passes validation, it is forwarded to the Code Review 

Module, which consists of the Review Necessity 

Chain and Review Comment Generating Chain. 

These components analyze the code to identify 

relevant sections requiring review and generate 

structured feedback comments focused on 

improvement and best practices. 

Simultaneously, the submitted code is also processed 

by the Code Correctness Check Module, which 

includes the Answer Check Component and Strict 

Code Check Chain to evaluate logical correctness and 

validate outputs. The system then combines the 

results from both modules and provides responses to 

the user in the form of review comments and 

correctness feedback, such as correct, incorrect, or 

requiring further refinement. All interactions and 

outputs are stored in the user log database for 

tracking and future analysis. This architecture ensures 

efficient, accurate, and context-aware feedback while 

maintaining a clear separation between code review 

and correctness evaluation processes. 

 

Fig1 proposed architecture 

iii) Modules: 

Code Submission Module 

 Accepts learner source code through web 

interface  

 Supports file upload and direct code input  

 Sends code to processing pipeline  

Code Validation Module 

 Checks syntax and basic structure of code  

 Filters invalid or incomplete submissions  

 Ensures only valid code proceeds further  

Code Review Module 

 Analyzes code for quality and best practices  

 Uses Review Necessity Chain to focus 

important parts  

 Generates structured review comments  

Code Correctness Check Module 

 Evaluates logical correctness of code  

 Uses answer checking and strict validation  
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 Provides result as correct, incorrect, or needs 

improvement  

NLP-Based Automatic Comment Generation 

Module (Extension) 

 Generates inline comments for 

undocumented code  

 Uses function names, variables, and 

structure  

 Improves readability and understanding  

Ask Code Tutor Module 

 Provides additional explanations and 

guidance  

 Helps learners understand mistakes  

 Offers improvement suggestions without full 

solutions  

Evaluation Module 

 Measures performance using BERT-Score  

 Compares generated feedback with 

reference comments  

 Ensures semantic accuracy and quality  

User Log and Storage Module 

 Stores user inputs and generated outputs  

 Maintains history of code reviews  

 Supports future analysis and system 

improvement 

iv) Algorithms: 

1: GPT-Based Code Review Generation 

The GPT-based code review generation algorithm 

begins by accepting learner-submitted source code 

through the system interface. The input code is 

preprocessed by performing parsing, cleaning, and 

tokenization to extract important elements such as 

functions, classes, variables, and control-flow 

structures. The Review Necessity Chain (RNC) is 

then applied to identify relevant portions of the code 

that require evaluation, ensuring efficient processing. 

This is followed by code validation and correctness 

checking to verify logical and syntactic consistency. 

The refined code is then passed to the GPT-4o model 

with carefully designed prompts that restrict output to 

feedback-only responses. The model generates 

structured and constructive review comments 

focusing on error identification, code optimization, 

and adherence to best practices, without revealing 

complete solutions. Finally, the generated feedback is 

delivered to the user and stored in the system for 

future analysis. 

2: BERT-Score Evaluation Algorithm 

The BERT-Score evaluation algorithm is used to 

measure the semantic similarity between model-

generated code review comments and instructor-

provided reference feedback. Initially, both the 

generated comments and reference comments are 

collected and preprocessed. These textual inputs are 

then converted into contextual embeddings using a 

pre-trained BERT model, which captures the 

semantic meaning of each token. The algorithm 

computes similarity scores by comparing 

corresponding tokens in both embeddings, resulting 

in precision, recall, and F1-score values. These 

metrics indicate how closely the generated feedback 

aligns with expert-written comments in terms of 

meaning rather than exact wording. In the proposed 
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system, the BERT-Score achieves an F1-score of 

approximately 88%, demonstrating strong 

performance and confirming the effectiveness of the 

feedback generation process. 

4. EXPERIMENTAL RESULTS 

The proposed GPT-based code review system was 

implemented and evaluated using a combination of 

Jupyter Notebook for model development and a 

Flask-based web application for real-time user 

interaction. The system was trained and tested using a 

publicly available code review dataset, where each 

sample contains source code and corresponding 

expert review comments. During experimentation, 

learner-submitted code without comments was 

provided as input, and the system successfully 

generated structured review feedback along with 

automatic inline comments through the NLP-based 

extension module. 

The results demonstrate that the system effectively 

identifies code issues such as naming inconsistencies, 

logical errors, and improvement suggestions without 

generating complete solutions. The Flask interface 

provides a user-friendly environment where input 

code, generated review comments, and auto-

generated annotations are displayed side-by-side, 

enabling easy comparison and understanding. The 

extension module further enhances the output by 

automatically inserting descriptive comments for 

functions, variables, and control-flow structures, 

improving code readability and comprehension. 

For quantitative evaluation, the performance of the 

proposed model was measured using BERT-Score, 

which evaluates semantic similarity between 

generated and reference review comments. The 

system achieved an F1-score of 88%, indicating 

strong alignment with instructor-provided feedback. 

This confirms that the generated comments are not 

only grammatically correct but also semantically 

meaningful and educationally useful. Overall, the 

experimental results validate that the proposed 

system provides accurate, efficient, and scalable 

feedback, making it suitable for real-world 

programming education environments. 

Accuracy: A test's accuracy is its capacity to 

distinguish healthy from ill cases. Find the percentage 

of instances with genuine positives and negatives to 

assess test accuracy. 

Accuracy = TP + TN /(TP + TN + FP + FN) 

         
(     )

 
 

Precision: Classification accuracy or positive cases 

constitute precision. The formula for accuracy is: 

Precision = True positives/ (True positives + False 

positives) = TP/(TP + FP) 

 r         
  

(     )
 

Recall: A model's recall measures its ability to 

recognize all appropriate machine learning class 

instances. The ratio of accurately predicted positive 

observations to total positives indicates a model's 

class instance detection skill. 

       
  

(     )
 

mAP: Mean Average Precision ranks quality.  It 

considers the number and order of relevant ideas.  
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Calculating MAP at K uses the arithmetic mean of 

each user or query's Average Precision (AP). 

 

F1-Score: A high F1 score suggests an accurate 

machine learning model. Integrating recall and 

precision improves model correctness. Accuracy 

measures how often a model predicts a dataset 

correctly. 

     
(        r        )

(        r        )
 

 

Fig2 Uploaded code 

 

Fig3 Results 

 

5. CONCLUSION 

This paper presented an intelligent GPT-4o–based 

code review system that delivers accurate, context-

aware, and educational feedback for programming 

learners without revealing complete solutions. By 

integrating a Code Review Module with a Review 

Necessity Chain and Code Correctness Check, the 

system focuses on relevant code segments, reduces 

unnecessary computation, and generates meaningful 

review comments that promote best practices and 

independent problem-solving. The approach 

addresses key limitations of traditional automated 

evaluation methods by providing explanation-

oriented feedback rather than simple test-case results. 

To further enhance code understanding, an NLP-

based automatic comment generation module was 

introduced as an extension, enabling the system to 

produce descriptive inline comments for 

undocumented code. Experimental evaluation using 

BERT-Score achieved an F1-score of 88%, 

demonstrating strong semantic alignment with expert 

feedback. The implementation using a Flask-based 

web interface confirms the practicality and scalability 

of the system in real-world educational environments. 

Overall, the proposed framework offers an effective 

and reliable solution for improving programming 

education through automated, learning-oriented code 

feedback. 

6. FUTURE SCOPE 

The proposed system can be further enhanced by 

extending support to a wider range of programming 

languages and integrating deeper semantic analysis 

for complex code structures. Future work may 

include incorporating real-time interactive tutoring 

capabilities, where the system provides step-by-step 

guidance based on learner queries and coding 

progress. Additionally, fine-tuning the GPT model 

with domain-specific educational datasets can 
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improve feedback accuracy and personalization for 

different learner levels. 

Further improvements can focus on integrating 

advanced evaluation metrics beyond BERT-Score, 

such as human-in-the-loop assessment and adaptive 

learning analytics to measure learning outcomes more 

effectively. The NLP-based comment generation 

module can also be enhanced to generate more 

detailed documentation, including function 

summaries and code explanations in multiple 

languages. Finally, deploying the system as a scalable 

cloud-based educational platform can enable 

widespread adoption in classrooms, online learning 

systems, and competitive programming 

environments. 
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