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Abstract
The importance of code comment quality in software development can vary, which emphasizes the need for
trustworthy evaluation methods. By combining manually annotated datasets with artificially generated data, this
work aims to improve the classification of comment usefulness. We used GPT-4.1 to label extra comments in
order to augment the data. The baseline classifier, a logistic regression model, had an F1 score of roughly 0.81 and
showed little improvement when the synthetic data was added. The study looks into the benefits and drawbacks
of using artificial data to assess the relevance of code comments.
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1. Introduction

Software is now essential in many vital industries, including banking, healthcare, and transportation, in
the current digital landscape. Organizations must regularly update their current systems and create
new applications in order to stay up with changing requirements. Code complexity inevitably rises as a
result of this continuous evolution, which is necessary to support new features. Thus, a key component
of the Software Development Life Cycle (SDLC) is efficiently managing these sizable and intricate
codebases.

Quick fixes, code additions, and updates to already-existing applications are frequently the outcome of
rapid development cycles. These hurried schedules, though, occasionally result in less-than-ideal coding
techniques. Supporting documentation, such as requirement specifications and design documents, may
become obsolete as software develops further, and the original developers are frequently unavailable
for consultation. Program comprehension is a crucial tactic for preserving and enhancing current
codebases, and this scenario emphasizes the significance of implementing organized, quality-focused
processes in software development.

Because software is always changing, test execution logs, static code analysis, and code comments
are all trustworthy sources of information. Code comments are emphasized in this study as important
software design indicators for automated tools and developers alike. They help with understanding
and upkeep by encapsulating the goals and reasoning behind the code. Their uneven quality, however,
emphasizes the necessity for automated techniques to assess their value.

The lack of well-annotated datasets that represent a variety of programming contexts presents a
significant challenge when assessing comment utility. In order to get around this, new methods are
needed to increase the size of current datasets and improve model performance on actual data. In
order to tackle this, our work combines synthetic data augmentation produced by GPT-4.1 with manual
annotation.

The challenge of dividing source code comments in the C programming language into two
groups—useful and not useful—is the focus of this paper. As the baseline classifier, we trained a
logistic regression model on a dataset of 11,500 manually annotated comments. We added more than
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300 GPT-labeled samples to the dataset in order to investigate possible enhancements. With an F1 score
of 0.81 on both the original and augmented datasets, the model’s performance stayed consistent.

By combining synthetic data augmentation with manual annotations, our study improves our under-
standing of code comment utility classification. Our goal is to solve current issues and facilitate the
creation of more flexible models for contemporary software engineering.

The structure of this paper is as follows: Section 2 reviews related work on comment classification.
Section 3 describes the task and dataset, while Section 4 outlines the proposed methodology. Section 5
presents the results, and Section 6 provides the conclusion.

2. Background and Literature Review

Within the field of software engineering, automatic program comprehension is a well-established
research topic. Using sources like runtime execution traces and structural code attributes, a number of
tools have been developed to make it easier to extract knowledge from software metadata. [1, 2, 3, 4, 5,
6, 7, 8].

In order to comprehend the code flow, novice programmers usually rely on the comments that are
already there. Not all comments, though, successfully aid in program comprehension, so it’s important
to consider their applicability before using them. Numerous scholars have investigated the automatic
categorization of source code comments, emphasizing the assessment of their quality. For instance,
Omal et al. [9] suggested a hierarchical structure for the variables affecting software maintainability.
They made it possible to evaluate software features that can be combined into a single maintainability
index by introducing quantifiable attributes for each factor in the form of metrics.Fluri et al. [10]
looked into whether source code and related comments change together over time. They discovered
that 97% of comment changes happened in the same revision as the corresponding code changes in
three open-source projects: ArgoUML, Azureus, and JDT Core. The quality model was transformed
into a structured knowledge base appropriate for industrial applications by Deissenboeck et al. [11],
who proposed a two-dimensional maintainability model that explicitly links system properties with
maintenance activities.An empirical study on task annotations embedded in source code was carried
out by Storey et al. [12], with a focus on their function in task management for developers. They noted
that task management entails striking a balance between the manual annotations developers add to
their code and official issue-tracking systems. In order to improve the readability of PL/I programs,
Tenny et al. [13] conducted a 3 × 2 experiment comparing procedure formatting with comments.
Programs without comments were the least readable, according to the results of a survey given to
student participants after they had read the program.

Yu et al. [14] categorized source code comments into four groups: unqualified, qualified, good, and
excellent. They also showed that classification performance was enhanced by combining several basic
classifiers. Majumdar et al. [15] presented CommentProbe, an automated classification system for
assessing the quality of comments in C codebases.Even though there has been a lot of progress in
examining source code comments from a variety of angles [15, 16, 17, 18, 19, 20, 21, 22, 8, 20, 23, 24, 19,
25, 26], automated quality evaluation of comments is still an important and developing field that needs
more investigation.

It is crucial to compare the quality assessment of code comments by standard models such as GPT
4.1 or LLM with human interpretation in light of the emergence of large language models [27]. The
IRSE track at FIRE 2025 [28, 22] expands on the approaches put forth in [15, 23, 29] to explore different
vector space models [30] and features for binary classification and evaluation of comments in relation
to code comprehension. Incorporating GPT-generated labels for code quality and comment snippets
taken from open-source software, this track also evaluates the predictive model’s performance.



# Comment Code Label

1
/*Transform a minor status code
(the underlying routine error) into text.*/

-10. break;
-9. }
-8. gss_release_buffer(&min_stat, &status_string);
-7. }
-6. if(sizeof(buf) > len + 6) {
-5. strcpy(buf + len, ".\n");
-4. len += 2;
-3. }
-2. msg_ctx = 0;
-1. while(!msg_ctx) {
/*Transform a minor status code
(the underlying routine error) into text.

Useful

2 /*cr to cr,nul*/

-1. else
/*cr to cr,nul*/
1. newline = 0;
2. }
3. else {
4. if(test->rcnt) {
5. c = test->point[0];
6. test->point++;
7. test->rcnt–;
8. }
9. else
10. break;

Not Useful

3 /*test 637*/

-10. int res = 0;
-9. CURL *curl = NULL;
-8. FILE *hd_src = NULL;
-7. int hd;
-6. struct_stat file_info;
-5. CURLM *m = NULL;
-4. int working;
-3. start_test_timing();
-2. if(!libtest_arg2) {
-1. #ifdef LIB637
/*test 637*/
1. fprin

Not Useful

Table 1
An example of data

3. Classification Goal and Data Characteristics

The task of developing a binary classification system to differentiate source code comments as either
useful or not useful is the focus of this paper. After processing a comment and the code that goes with it,
the system forecasts a label that accurately reflects the comment’s significance. For this classification,
conventional machine learning techniques like logistic regression can be used. The following is a
definition of the comment categories:

• Useful - The comment offers precise or pertinent code information.
• Not Useful - The comment doesn’t provide any useful details about the code.

11,500 C code-comment pairs make up our primary dataset. A team of 15 people annotated the
pairs to indicate whether or not the comments were helpful. Additionally, by gathering code-comment
pairs from GitHub and labeling them with GPT, we produced an extra dataset. Our primary dataset is
supplemented by this secondary dataset, which is formatted identically to the original.



4. Model Implementation and Experimental Setup

The binary classification functionality is implemented using logistic regression. The system accepts
surrounding code snippets and comments as input. We use a pre-trained Universal sentence encoder to
generate embeddings of each code segment and the corresponding comment. Both machine learning
models are trained using the output of the embedding process. 80% of the data instances and their labels
are included in the training dataset. In both experiments, the remainder is used for testing. The next
section discusses the model’s description.

Original Dataset(11,500 manually labeled) Synthetic Data(311 GPT-labeled)

Dataset Augmentation(Combine both sources)

Feature Extraction(Universal Sentence Encoder)

Logistic Regression Model(Binary Classification: Useful / Not Useful)

Evaluation(F1 Score ≈ 0.81)

Figure 1: Methodology Block Diagram for Comment Quality Prediction

4.1. Logistic Regression

For the binary comment classification task, we employ logistic regression, which maintains the regres-
sion output between 0 and 1 by using a logistic function. The following is the definition of the logistic
function:

𝑍 = 𝐴𝑥+𝐵 (1)

𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐(𝑍) =
1

1 + 𝑒𝑥𝑝(−𝑍)
(2)

The logistic function (see equation 2) receives the output of the linear regression equation (see
equation 1). Based on the acceptance threshold, the logistic function’s probability value is used to
predict binary classes. For the useful comment class, we maintain the threshold value of 0.6. Every
training instance yields a three-dimensional input feature that is fed into the regression function. The
hyper-parameter tuning is trained using the Cross entropy loss function.



5. Classification Performance Metrics

We use both datasets to train our logistic regression model. There are 311 samples in the GPT-generated
data compared to 11,500 samples in the original dataset. The first experiment yields the following scores
using only the original data.

The following outcomes were observed after adding the GPT-generated data to the original dataset.

Accuracy Precision Recall F1 Score
Original Dataset 82.6374 0.80726 0.81938 0.81327
Augmented Dataset 81.7362 0.80184 0.82211 0.81185

Table 2
Binary classification outcomes for both datasets

The validity of using GPT-generated data for data augmentation is demonstrated by the very slight
change in scores across metrics, which implies that the newly generated data was essentially indistin-
guishable from the original dataset.

6. Conclusion

This study looked into the classification of code comment quality using synthetic data. By combining pre-
existing manually annotated data with synthetic samples, the main goal was to enhance the classification
of comment utilities. For the binary classification task, the researchers used a baseline logistic regression
model. An F1 score of approximately 0.81 was successfully established by this baseline model. One
of the main conclusions of the study was that classification performance was not improved by the
augmentation of synthetic data. Even after the augmentation, the model’s results held steady, retaining
the F1 score of 0.81, suggesting that the addition of the synthetic data had little effect. This result
implies that in some situations, traditional annotated data remains highly effective. The study suggests
investigating different strategies for future research, like employing more intricate models or integrating
domain-specific expertise.

Declaration on Generative AI

In the course of preparing this manuscript, the author(s) employed the generative AI tool ChatGPT. Its
use was limited to performing checks for grammar and spelling. Following this, the author(s) conducted
a thorough review and revision of the text and assume full responsibility for the final published content.
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