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Abstract

In software development, code comments can become uniquely valuable, necessitating structured approaches to
objectively assess their value. This study focuses upon augmenting code comment usefulness classification with
a labelled dataset that was created manually, as well as synthetically through a data augmentation method. In the
study, labelled comment samples were developed to add to the training dataset using the GPT-3.5-turbo approach.
A baseline predicting usefulness from code comments was subsequently constructed using Logistic Regression
and Random Forest models. In terms of results, the F1 score performance metric reached 0.79 across all conditions,
whether or not the model was created with synthetic data. This study adds evidence for the advantages of using
synthetically created data augmentation on the accuracy of code comment usefulness selections.
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1. Introduction

In software engineering, code is critical for many domains such as finance, healthcare, and infrastructure.
As software systems adapt to meet new challenges, the complexity of their codebases increases, and
often leads to inconsistent or outdated documentation, making maintenance difficult. For this reason,
code comments become one of the most reliable sources for sharing information for developers and
automated tools. Comments include valuable metadata about the intent and logic of program segments.

However, comments can vary widely in quality and clarity and cannot be relied upon to accurately
grade them for usefulness. To address this issue, we present a method to enhance a manually labeled
dataset of C language code comments through the addition of synthetic examples generated from a
state-of-the-art language model called GPT-3.5-turbo. Our method evaluates the resulting dataset by
exploring how the use of synthetic data produced through a language model affects rates of comment
usefulness classification. The code comments were classified using a Random Forest model as a classifier
baseline. We retained stable F1 scores of approximately 0.80 using both the original dataset and newly
augmented datasets, with the analysis suggesting promise for language model-based synthetic data
augmentation to complement human annotator codes comments without substantially changing rates
of usefulness classification.

This research adds to the field evaluating the interaction of manual annotations and language model
generated data, the contribution to practical aspects of using synthetic data augmentations to increase
comment classification in dynamic software environments.The structure of this paper proceeds as
follows: Section 2 reviews related work; Section 3 introduces the task and dataset; Section 4 details the
methodology; results are discussed in Section 5; and Section 6 provides concluding insights.
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2. Related Work

Recognized by software experts, automated program understanding represents an area of research
in software engineering. There are various tools for extracting knowledge from software metadata,
including runtime traces and structure [1, 2, 3, 4, 5, 6, 7, 8, 9]. Researchers have developed various
methods to mine and evaluate code comments, focusing on analyzing comment quality through code-
comment pair comparisons. In assessing code comment quality, authors [10, 11, 12, 13, 14, 15, 9, 16]
employ techniques such as word similarity measures (e.g., Levenshtein distance) and comment length
analysis to filter out trivial and non-informative comments. Rahman et al. [17] detect useful and non-
useful code review comments (logged-in review portals) based on attributes identified from a survey
conducted with developers of Microsoft [18].

Assessing the relevance of source code comments is a critical step for ensuring program comprehen-
sion, yet not all comments are helpful. This has led to extensive research in automatic comment quality
evaluation. Foundational studies established metrics for software maintainability [19] and confirmed
the tight coupling between code and comment evolution [20]. More recent work has focused on creating
multi-level classification systems [21] and automated frameworks like "CommentProbe" for C code [22].
While these and other studies [22, 23, 14, 13, 9, 16, 24, 25, 8, 26, 27, 28, 29] have made significant progress,
the automatic evaluation of comment quality continues to be an important research challenge.

With the advent of Large Language Models (LLMs) such as GPT-3.5 [30], a key question emerges:
how does their assessment of comment quality compare to human judgment? The IRSE track at FIRE
2024 [31, 25] tackles this question directly. It extends prior work [22, 26, 32, 13] by applying various
vector space models [33] to the task of comment classification. Furthermore, the track explicitly evaluates
the performance of predictive models when the training data is augmented with labels generated by
GPT, providing insights into the utility of synthetic data for this software engineering task.

3. Task and Dataset Description

This study introduces a binary classification system to evaluate the utility of source code comments
by labeling them as either useful or not useful. The model analyzes a comment and its corresponding
code snippet to determine its relevance. Our methodology relies on a robust dataset of over 11,000 C
code-comment pairs, which were professionally annotated by a team of 14 experts. To further enhance
this dataset, we generated and manually validated an additional 200+ synthetic samples using GPT-3.5-
turbo. This combined dataset serves as the foundation for training machine learning models, such as
logistic regression, to perform the classification task.

4. Methodology

Our approach to classifying code comments involves using embeddings derived from both the comment
and the associated code snippet, which are then fed into a classification model.

4.1. Methodology Block Diagram

Figure 1 provides a visual overview of the classification pipeline, from data preparation and augmentation
to final model evaluation.

Our approach to classifying code comments into useful and not useful involves several structured steps.
Initially, during Dataset Preparation, we compile a dataset with over 11,000 labeled code-comment
pairs, further enhancing it with synthetic comments generated by GPT-3.5-turbo to increase data variety.
In Feature Engineering, we identify key features such as comment length, specific keyword presence,
and semantic analysis to capture the relevance of comments to their associated code. For Model
Training, logistic regression is used due to its efficiency in binary classification tasks, and we train the
model on both the original and augmented datasets. To measure the model’s performance, we employ
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Figure 1: Block diagram illustrating the methodology pipeline for code comment usefulness classification.

Evaluation metrics, including accuracy, precision, recall, and F1 score, assessing the effectiveness of
our classification model.

The logistic regression model works by applying a logistic function to constrain the output between
0 and 1. This process starts with the formula Z = Ax + B to calculate a linear combination of input
characteristics, followed by the application of the logistic function logistic(Z) = m to produce
a probability score. A threshold of 0.6 is set to favor predictions toward the useful comment category.
Each training example is represented with a three-dimensional feature vector, and the Cross-Entropy
loss function is used to optimize hyperparameters. In training, 80% of the dataset is utilized, with the

remaining 20% reserved for testing.

5. Results

We trained our Random Forest model independently with the original dataset and an augmented
dataset with additional dataset produced by GPT. The original dataset consisted of a total of 11,452
labeled samples, and we later created an additional 233 sample from the GPT augmentation. In the first
experiment, we used only the original dataset and the metrics follow below. The following metrics was
captured after the original dataset was augmented by the GPT-generated samples:

Accuracy | Precision | Recall | F1 Score
Original Dataset 81.05679% | 0.7913 0.8035 | 0.7967
Augmented Dataset | 81.53476% | 0.7945 0.8078 | 0.7913

Table 1
Performance metrics for binary classification using both datasets

The minor differences in measures across both datasets indicate that GPT-generated samples are
successfully close to the original data in terms of quality, reinforcing the effectiveness of synthetic data
augmentation in this setting.

6. Conclusion

In this paper, we present a binary classification model based on a Random Forest model as the machine
learning algorithm to evaluate the utility of code comments. Our results indicate that synthetic data
generated by GPT-3.5-turbo is very close to the quality of manually labeled data, which demonstrates
the potential of augmenting training datasets with synthetic data when resources are constrained.
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