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Abstract
The usefulness of code comments in software development can vary widely and recognizing this requires methods
capable of rigorously measuring their true benefits. This work seeks to help improve the classification of code
comment usefulness through a hybrid approach that combines manually-retagged datasets with synthetic data
augmentation. For our augmentation, we provided GPT-3.5-turbo, a leading large language model, with prompts
to create additional labelled examples of comments to aid the project. We constructed a random forests baseline
classification model. Importantly, despite the synthetic examples added to the dataset, we showed no drop in
the models performance, with F1 scores remaining around 0.79 before and after augmentation. The findings of
this study shine a light on some of the benefits and limitations of applying synthetic data augmentation in the
classification of code comments usefulness.
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1. Introduction

Developers often face pressure that leads to suboptimal coding and outdated documentation, complicat-
ing software maintenance and knowledge transfer. Automated program comprehension is key to
addressing this. We focus on code comments as a crucial source of truth for understanding program
design, logic, and intent. However, comments vary in informative value, necessitating automated
classification. A major hurdle is the lack of large, well-annotated datasets.

To tackle this, we propose a hybrid data augmentation approach. We introduce a binary
classification task for C programs, labeling comments as Useful or Not Useful. We start with over
11,000 manually annotated samples and use GPT-3.5-turbo to generate an additional 200 synthetic
labels for data augmentation. We used Random Forests to establish a baseline. Interestingly, the
model’s performance remained stable with an F1 score of 0.79 for both the baseline and the augmented
dataset.

This study investigates the value of combining manual and synthetic data for code comment usefulness
classification, aiming to contribute a scalable solution to dataset limitations in software engineering.

The rest of the paper is organized as follows. Section 2 discusses background work. The task and
dataset are described in 3. Our methodology is discussed in section 4. Results are addressed in section 5.
Section 6 concludes the paper.

2. Related Work

Software metadata, such as runtime traces and structural attributes, is integral to code maintenance and
comprehension, leading to the development of numerous extraction tools [1, 2, 3, 4, 5, 6, 7, 8]. In terms
of mining code comments, initial quality assessment efforts relied on lexical and structural analysis,
comparing word similarity (e.g., Levenshtein distance) and comment length to filter non-informative
entries [9, 10, 11, 12, 13, 14]. More sophisticated approaches used feature engineering based on developer
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surveys [15, 16] or semantic interpretation via knowledge graphs [17, 18] to classify comments as useful
or not useful, thereby aiding codebase decluttering. The recent emergence of Large Language Models
(LLMs) [19] introduces the need to evaluate if their automated quality assessments (e.g., using GPT-3.5
or LLaMA) align with human interpretations. The IRSE track at FIRE 2023 [20] addresses this by
extending prior methodology [17, 21, 22, 23, 24, 25, 26, 27], specifically examining the effectiveness of
various vector space models and the impact of incorporating GPT-generated labels on the performance
of models designed for comment utility prediction in open-source software. Similarly, [28, 29] also
explores LLMs for the tasks related to this topic.

3. Task and Dataset Description

This paper addresses a binary classification task aimed at categorizing source code comments as
either Useful or Not Useful. The system takes a code comment along with its surrounding lines of
code as input and outputs a binary label, which ultimately helps developers more effectively understand
the associated code. This classification system is developed using classical machine learning algorithms,
specifically Random Forests.

3.1. Task Definition

The two categories of source code comments are defined based on their relevance to the surrounding
code:

Label Definition
Useful The given comment is relevant to the corresponding

source code.
Not Useful The given comment is not relevant to the corresponding

source code.

3.2. Datasets

Our study utilizes two distinct datasets for training and analysis:

1. Primary Manually Annotated Dataset: This dataset comprises over 11,000 code-comment
pairs written in the C programming language. Each instance, sourced from GitHub, includes
the comment text, a corresponding code snippet, and a binary label (Useful/Not Useful). The
entire dataset was meticulously annotated by a team of 14 human annotators. A sample of this
data structure is presented in Table 1.

2. GPT-Labeled Augmentation Dataset: We created a secondary, similarly structured dataset also
sourced from GitHub. In this case, the binary labels were assigned by the GPT large language
model. This dataset is explicitly used to augment the primary manually annotated dataset during
subsequent analyses to assess model performance with synthetic data.

4. Working Principle

We employ a Random Forest (RF) algorithm to implement the binary classification system. The system
classifies code comments as Useful or Not Useful by taking the comment text and its surrounding
code snippet as input.

To prepare the data for the model, we use a pre-trained Universal Sentence Encoder to generate
embeddings for both the code snippets and their corresponding comments. These resultant vector
embeddings form the input features for the RF model.

The complete dataset is partitioned into a training set and a testing set using an 80%/20% split,
respectively, for all experiments.



ID Description Context Snippet Utility Class

1 /*fix issue 404 handler*/

-10. int err_code = 0;
-9. Request *req = NULL;
...
-1. #ifndef ISSUE404_FIX
/*fix issue 404 handler*/
1. handle_error();

Unnecessary

2
/*check for carriage return
followed by null character*/

-1. if (end_of_stream)
/*check for carriage return...*/
1. c = read_char();
2. if (c == ’\n’) {
3. line_count++;

Informative

3 /*Process security context
message*/

-10. do_cleanup();
...
-2. int status = 0;
-1. while(status == 0) {
/*Process security context message*/
1. send_msg(msg_ctx);

Useful

Table 1
Modified sample data instances from the dataset, including context.

4.1. Random Forest Model

We leverage Random Forest, an ensemble method based on decision trees, to enhance predictive
accuracy and mitigate overfitting. The RF prediction is based on the majority vote of its constituent
trees:

𝑅𝐹 (x) = majority ({𝑇𝑖(x)}𝑛𝑖=1) (1)

where 𝑇𝑖(x) is the prediction of the 𝑖-th tree for input vector x, and 𝑛 is the total number of trees.
Each tree in the ensemble is constructed through bootstrapping (sampling the training data with

replacement) and random feature selection at every node before splitting based on a criterion like
Gini impurity.

Key advantages of using Random Forest include its ability to handle multi-dimensional feature spaces
without requiring feature scaling and its robustness in dealing with missing values. The out-of-bag
(OOB) error is used during training to provide an unbiased estimate of the generalization error for
hyperparameter tuning. While a default threshold of 0.5 is used for binary classification, this can be
adjusted to prioritize the identification of the Useful comment class.

5. Results

The results for the binary classification task on both datasets are summarized in Table 2.
The negligible change in performance metrics between the two experiments suggests that the syn-

thetically generated data is practically indistinguishable from the human-annotated original data. This
observation validates the utility of using a model like GPT-3.5-turbo for effective data augmentation
in this domain.

Dataset Acc. (%) Prec. Rec. F1-Score
Initial Dataset 81.12 0.7915 0.8020 0.7955
GPT-Augmented Set 81.08 0.7922 0.8015 0.7958

Table 2
Classification performance comparison across different datasets.



6. Conclusion

This article discusses a binary classification problem in source code comment classification, specifically
targeted towards the usefulness of comments embedded within source code written in C language.
The primary classification method was Random Forests. In total, two experiments were completed;
the first used only the original dataset while the second included both the original dataset and a
synthetic dataset created by the Generative Pre-Trained Transformer (GPT). The similar results from
both experiments indicated the syntehtic data closely resembled the original data, showcasing how
the generation of synthetic data can improve the volume of data needed for developing models. The
accuracy of the synthetic data in comparison to the original dataset is, in part, evident based upon those
results. Therefore, overall, the generation of synthetic data is useful for data augmentation and can be
applied in various pipelines.

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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