
A Machine Learning Approach to Analyze Patterns and Comments in 

Java Code using Python 

 
KRITI SHARMA1, MEENAKSHI GUPTA2,*, RINKY AHUJA2, PRAWAR3, MINA KUMARI3 

1School of Engineering and Technology, 
K. R. Mangalam University, 

Gurugram, Haryana, 
INDIA 

 
2School of Engineering and Technology, 

Sushant University, 
Gurugram, Haryana, 

INDIA 
 

3School of Basic and Applied Science, 
K. R. Mangalam University, 

Gurugram, Haryana, 
INDIA 

 
*Corresponding Author 

 
Abstract: - This study introduces a detailed methodology to enhance code comprehension by examining 
comments and blank spaces in the program code. Through the analysis of comments within Java source code, 
developers can understand if the documentation coverage is efficient. The choice between single-line and 
multi-line comment type gives an understanding of how programmers chose to communicate information. 
Analysis of length of comment lines assess the level of details in the documentation. Blank spaces and blank-
lines help in evaluating how well the code is structured. Together, these features help in improving the overall 
coding experience. The integration of the Naive Bayes algorithm refines the system's capabilities, enabling 
accurate comment classification and length assessment. In conclusion, the proposed system, bolstered by the 
Naive Bayes algorithm, presents a sophisticated approach to code comprehension and documentation 
enhancement in software development. 
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1   Introduction 
Developers frequently engage in activities 
connected to program understanding when working 
on tasks linked to software maintenance and 
evolution, [1]. To properly comprehend a software 
system, developers usually rely on its 
documentation. Numerous studies have 
demonstrated that developers are more inclined to 
consult code comments than other types of 
documentation when seeking answers to queries 
about programming comprehension. The importance 
of "code documentation" as the main source of 
information for problem-solving, feature 

implementation, communication, and code review 
has also been highlighted in recent research, [2]. 

It is crucial to provide class documentation, 
notably through code commenting, to make 
maintenance responsibilities for programs easier, 
[3]. Class comments give developers a wealth of 
knowledge about class usage and implementation, 
which can help other developers comprehend 
programs and carry out their responsibilities for 
software maintenance. This project aims to 
demonstrate the significance of comments and 
patterns in maintaining and comprehending Java 
code. Looking at the comment lines can reveal a lot 
about documentation and code organization. The 
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overall objective is to increase the quality and 
maintainability of the code by giving developers 
comprehensive analyses and insights into comment 
lines. 

Python's natural language processing (NLP) 
tools, such as NLTK and spaCy, perform sentiment 
analysis, keyword extraction, and topic modeling 
from code comments, [4]. Java code commonly 
embodies design patterns like Singleton, Factory, 
and Observer, along with recurring idiomatic code 
snippets, [5]. Regular expressions and machine 
learning algorithms aid pattern discovery, while 
Python's data analysis capabilities support 
categorization and visualization, enhancing 
developers' understanding and reuse of patterns, [6]. 
Source code comments play a vital role in software 
by enhancing code comprehension and aiding in 
maintenance, [7], [8]. Prior research has examined 
comments from diverse angles, such as comment-to-
code ratios, [9], comment-code co-evolution, [10], 
and comment purposes, [11]. A large-scale 
investigation into code comments, potentially aiding 
practices in aspects like defining comment density 
benchmarks, identifying optimal commenting 
points, and even generating code comments is 
conducted, [12], [13], [14], [15], [16]. 
 

 

2   Literature Survey 
Intriguing efforts have been made to categorize 
source code comments, as demonstrated by [17], 
groundbreaking investigation. The study, [18], 
presented a system encompassing seven distinct 
comment categories, [19], focusing on macro-level 
attributes like module headers and method 
descriptions. This framework served as a basis for 
the extended work of [20], who introduced 
hierarchical categories. The objective involves 
curating pairs of code and comments for future 
applications. While established industry norms 
dictate macroscopic comments, [21], the style of 
local comments often remains a subjective matter, 
subject to the programmer's judgment. 
Consequently, the analysis of local comments 
presents challenges, with only limited attempts 
made in this domain. While code comments are 
valued for expressing programmers' intent, [22], the 
notion of "self-documenting code" is advocated by 
certain voices (Williams, 2001). Knowing that 
programmers turn to comments when other methods 
fail to convey intent, [23], conducted a study on 
source code comments within operating systems. 

The study, [24], creatively detected issues 
linked to locks by extracting specialized patterns 
from code comments. The consequences of outdated 

comments on defects are explored in [25]. The 
relationship between "TODO" comments and 
software bugs is examined in [26], whereas, [27], 
investigated the role of "TODO" comments as tools 
for communication among programmers. An 
approach to identify current "TODO" comments 
was presented by [28]. Additionally, [29], explored 
the potential for software bugs arising from 
commented-out code segments. 

Using text filtering techniques, [30], looked at 
the significance of code comments. With their 
presentation of a framework that generates Java 
method descriptions through program analysis, the 
field of automatic comment generation is gaining 
popularity. Additionally, [31], presented a technique 
for producing comments using programming 
question websites like Stack Overflow. Categorizing 
programmer expertise levels has been explored in 
prior studies. [32], employed biometric sensor data, 
including an EEG-collecting 16-channel V-amp and 
an SMI RED-mx eye-tracker, to assess 38 novice 
and expert programmers. They employed Support 
Vector Machine models for EEG and eye-tracking 
data, achieving high F1 scores for expert 
classification. Similarly, [33], designed an artificial 
neural network to classify student performance in 
linear programming using the Linear Programming 
Intelligent Tutoring System (LP-ITS).  

Diverse endeavors focus on extracting insights 
from comments. Jiang and Hassan explored the 
repercussions of outdated comments on bugs, [34], 
and introduced a method to automatically detect 
lock-related bugs through comment patterns, and 
[35], examined "TODO" task comments as tools for 
inter-programmer communication. A connection 
was established between "TODO" comments and 
software bugs, [36], and developed an approach to 
identify current "TODO" comments. [37], 
investigated the potential for commented-out code 
to contribute to bugs, [38]. Regarding comment-
reader dynamics, [39], found novices rely more on 
comments than pros, while, [40], assessed comment 
relevance via text filtering. Importantly, comments 
often remain detached from source code syntax 
trees, impacting automated refactoring. Kramer's 
case study highlighted Java programmers creating 
Javadoc comments, [41]. 
 

 

3   Proposed Approach 
The suggested research procedure includes a highly 
planned workflow created to draw out useful 
information from a Java codebase via a series of 
methodical studies. The process begins with user 
input, where the user chooses a directory holding 
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Java code files and specifies a specific location for a 
CSV file that will hold the results of the next 
analytical work. 

The process begins with user input, where the 
user selects a directory containing Java code files or 
specifies a single Java file for analysis. 
Additionally, users can specify filtering criteria, 
such as analyzing only .java files that exceed a 
certain line count or contain specific keywords. The 
selected files are then processed, and the extracted 
insights are stored in a specified CSV file for further 
analysis. For example, if a user provides the 
directory path: 
/home/user/projects/java_code/. 

The Java codebase used for the analysis in this 
study is sourced from a public GitHub repository, 
[42]. 

The system will extract comment lines, 
whitespace usage, and other relevant patterns from 
the specified files and save the results in an output 
CSV file like: 
/home/user/projects/output/code_analysis_results.cs
v. 

At this point, the Naive Bayes algorithm's 
strength is put to use. As shown in Table 1 
(Appendix), Naïve Bayes offers computational 
efficiency suitable for text classification tasks. 

The code comments are carefully classified into 
one of two sentiment orientations—single-line or 
double-line comments—using sentiment analysis. 
The textual content of comments is processed by the 
Naive Bayes algorithm, which is renowned for its 
efficiency in text classification tasks, and a 
probability score is given for each sentiment 
category, [48]. The system probabilistically finds 
the most likely sentiment label for each comment by 
taking the terms used in the comments and their 
correlation with recognized sentiment labels into 
account. 

The complete set of results is saved within the 
selected CSV file, enabling future reference, 
reporting, and subsequent research endeavors, to 
ensure the longevity and accessibility of the study 
outcomes. Python, a flexible programming 
language, plays a key role in this process, enabling 
easy data extraction from the complex coding 
structures of the Java codebase. Figure 1 
summarises the proposed research methodology. 

A combination of quantitative and qualitative 
research methods has been adopted. The project 
intends to thoroughly discover both structured code 
patterns and the subtle insights hidden in comments 
by integrating both methodologies, developing a 
comprehensive grasp of coding practices and their 
ramifications. 

 
Fig. 1: Proposed system architecture 
 
3.1  Methods and Procedure of Research 
1) Code Analysis Techniques: Python libraries and 
tools were harnessed for in-depth code analysis. 
Employing techniques like regular expressions and 
parsing libraries, essential elements such as code 
patterns, function names, variable names, and 
comments were precisely identified. This 
comprehensive approach systematically categorized 
these components, enhancing the understanding of 
the code's core elements. 
2) Pattern Recognition: The suggested model entails 
the creation of a Naïve Bayes algorithm intended to 
spot reoccurring patterns in code. The model 
attempts to find common coding practices by 
utilizing multiple techniques like classification, and 
sequence analysis. The model will use these 
methods, in particular, to find both single-line and 
multi-line comment patterns in the codebase. The 
proposed model will initially use "//" to denote the 
beginning of a single-line comment. The system will 
be able to identify situations where programmers 
provide quick notes on a single line of code. On the 
other hand, the model will use "/" to denote the 
beginning of a comment that spans many lines for 
multi-line comments. With the use of this 
indication, the model will be able to recognize 
annotations or explanations that span numerous 
lines of code and are more thorough. 
3) Data Visualization: During the model 
implementation, visualizations were crafted to 
depict code patterns and comment insights. Utilizing 
graphs, these visual aids effectively conveyed the 
research findings to a diverse audience, 
encompassing both technical and non-technical 
stakeholders. 

The proposed research paradigm starts the data 
collection process by engaging the user, who then 
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chooses a directory containing Java code files that 
will serve as the analysis's data source. The model 
effectively navigates the selected directory, 
identifying Java code files by their different file 
extensions, using the flexible Python libraries os and 
glob. It uses standard Java comment symbols like // 
for single-line comments or /* and */ for block 
comments.  The model also stores useful 
information about each comment like line number 
etcetera. Comments are pre-processed before actual 
analysis. This includes steps like conversion to 
lowercase text and removing symbols. These 
comments are then assigned sentiment category-
tags. These tags can assist with supervised machine 
learning as the model requires labelled data. Thus 
comment-dataset can lead to identify the purpose of 
each comment. 

 
3.2  Data Analysis Methods 
The techniques that help in finding useful 
information in Java code include both – code 
structure and language content. Following are these 
processes: 
1) RegEx (Regular Expression) Matching: Program 
structures like variable declarations, variable names, 
function definitions etcetera were used to identify 
code patterns. This helps in maintaining consistency 
even when the code files are from different projects. 
2) Parsing tools: To identify how different parts of 
the program code are related, Python tools and 
libraries were used for parsing. This helped in 
finding the usual and unusual coding patterns within 
the code. 
3) Text mining: To detect common relationship, 
theme for a group of code. It requires natural 
language understanding, like, if the code is for error 
handling, comments etcetera. 
4) ML Algorithms: Machine learning classifiers like 
Naïve Bayes were used for analysis. This helped in 
distinguishing the well written part of code from the 
unreliable one. 
5) Sequence Analysis: Generalizations about coding 
habits and practices can be arrived at, by identifying 
flow of coding statements. 
6) Tools for Visualization: Node-edge concept of 
graph representations help in recognizing loops or 
dependency. This further helps in gaining insights 
about code. 
 

When applied on Java code, the above 
techniques of data analysis give useful information 
about coding style and comments type. This 
combinational analysis of both comment and code 
can help developers and managers take strategic 

decisions on coding standards. This can go a long 
way in making project development more efficient. 

 
 

4   Result and Analysis 
The approach discussed above is capable of 
identifying the comment type, its location, as well as 
its length. Programmers and managers can use this 
model to write their comments more clearly and 
purposeful.  
1) Total Number of Comment Lines & Tracking 

Comment Positions 

The Java code was broken down using defined rules 
(parsing). Then the comment lines were identified 
and counted. The dataset was divided into a training 
set and a testing set, typically, a 70-30 split was 
used. This ensured the Naïve Bayes classifier was 
tested on unseen data, thus enabling a realistic 
estimate of its classification performance. To 
evaluate the performance of the Naive Bayes 
classifier, metrics were computed, including 
accuracy, recall, and precision, [49]. The classifier 
achieved an accuracy - of 85%, precision - of 82%, 
and recall - of 88%, indicating a high level of 
effectiveness. The model is able to calculate the 
comment length and placement, giving meaningful 
insights into documentation habits. Project 
development with high industry standards can be 
practiced through this approach. 
2) Differentiating Comment Types 

The above suggested model can recognize single-
line comment ("//") from a multi-line one (/* ... */). 
The software developers can thus enforce coding 
conventions for their projects. This helps in 
establishing a standard protocol across whole 
project. 
3) Determining Comment Line Length 

The suggested model can accurately count all lines 
between /* and */ symbols. This can help in 
validating the need or quality of multiline 
comments. This feature can make the code more 
readable and maintainable. 
4) Determining blank spaces in code snippets 
The blank lines in the Java code can be identified by 
this model. Strategic placement of blank lines can 
make the code appear more organized. Such a code 
is easier to modify for future developments. Team 
collaborations are easier and efficient for such 
projects. 
5) Improving Code Comprehension and 

Maintainability 
In situations where developers work with code not 
written by them, the above method can help in 
understanding the logic faster. Developers can grasp 
the flow of program faster and also add new 
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comments or modify obsolete ones. Identify. Table 
2 presents the key metrics such as the distribution of 
various comment types (e.g., single-line, multi-line, 
Javadoc) and how long they are, providing insight 
into documentation quality. These insights assist in 
defining optimal commenting practices for future 
code development. By understanding these patterns, 
developers can establish a consistent and clear 
commenting style that aligns with both industry 
standards and the specific requirements of the 
codebase.  
  

Table 2. Determining blank spaces and average 
length of comment lines 

The average length of single-line comments: 39.78 
The average length of multi-line comments: 86 
Blank spaces count 210 

 

 
Fig. 2: Extracting the average length of comments 
and blank spaces in the proposed model 
 

Figure 2 quantifies the number of blank lines 
or spaces and the average length of comments 
present within the code. While blank spaces do not 
contribute to the functional aspects of the code, they 
impact its visual structure and readability. 

 
4.1  Output of the Proposed Model 
Specifically, the following metrics are presented 
visually: 
1) Average length of single-line comments: The 
proposed method generates a graph or histogram 
similar to the metric mentioned below in Figure 2 
that graphically represents the distribution of 
comment lengths after automatically calculating the 
average length of single-line comments.  
2) Average length of multi-line comments: The 
method determines the typical length of multi-line 

comments and generates a graph or histogram 
showing the range of lengths, similar to the metric 
mentioned (Figure 2). 
3) Blank spaces count: The method proposed creates 
a graph or histogram that shows how frequently 
blank spaces occur in the code. This visualization 
similar to the metric mentioned below as Figure 3 
helps developers spot blank line patterns and 
comprehend how they affect the overall structure of 
the code. 
 

 
Fig. 3: Histogram produced by the suggested model 
 
An automatic visualization module is integrated into 
the model, producing graphical outputs, for example 
- histograms. These graphs reflect patterns related to 
code comments and blank lines. These visual tools 
contribute towards better decision-making for code 
improvement thereby contributing to overall code 
readability and maintainability. 
 
 
5   Discussion 
 

5.1  Conclusion 
In conclusion, the proposed model offers a robust 
solution for improving dimensions of software 
quality, like documentation, and code 
understanding. It provides detailed analysis by 
counting comment lines, classifying comment- 
types, calculating comment lengths, and studying 
blank spaces. 

Also, this study highlights the implications of 
automated comment analysis in software 
development. Well-written comments are 
fundamental for code maintainability, team 
collaboration, and knowledge transfer. The 
proposed model not only enables the identification 
of documentation gaps, ensures consistency, and 
improves readability, but it also improves software 
quality.  Its design can be integrated into automated 

39,78
86

210

0
50

100
150
200
250

Average
length of

single-line
comments:

Average
length of
multi-line
comments:

Blank
spaces
count

Extracting average length of 

comments and blank spaces 

WSEAS TRANSACTIONS on INFORMATION SCIENCE and APPLICATIONS 
DOI: 10.37394/23209.2025.22.54

Kriti Sharma, Meenakshi Gupta, 
Rinky Ahuja, Prawar, Mina Kumari

E-ISSN: 2224-3402 669 Volume 22, 2025



code review systems, IDEs, or CI/CD workflows, 
offering real-time insights into documentation 
quality. 

The work also paves the way for future work. 

Advancements such as using deep learning models 
for better comment classification, integrating 
sentiment analysis to better capture developer intent, 
and scaling the model to large open-source projects 
hold considerable promise. The idea of cross-
language applicability may also broaden the model’s 
impact beyond Java. With code getting more 
complex with time, tools like this will be the key to 
writing well-structured, maintainable codebases and 
fostering effective collaborations. 

 
5.2  Limitations 
The current model has several limitations. It is 
specifically designed for Java class files, which 
restricts its use to other programming languages 
with different commenting conventions. 
Additionally, the dataset used for training the model 
is derived from a specific set of Java-based projects, 
which could introduce bias and limit the model’s 
ability to generalize across codebases. The use of 
the Naive Bayes algorithm assumes independence of 
features, which may impact classification accuracy 
for complex comment structures. Finally, the model 
does not assess subjective elements of comments, 
such as clarity or relevance, which could be 
explored through further qualitative research. 
 
5.3  Future Work 
Future work on the proposed model can lead to 
significant enhancements in its applicability and 
performance. Expanding its capabilities to support 
multiple programming languages will enable 
broader usage across various coding environments. 
Additionally, leveraging larger and more diverse 
datasets can enhance the model’s robustness and 
reduce bias in classification. Incorporating advanced 
deep learning techniques, like RNNs or transformer-
based models like BERT, holds promise for 
improving classification accuracy. Furthermore, 
adopting a hybrid approach that combines a rule-
based approach with machine learning could lead to 
improved pattern detection. Lastly, the exploration 
of automated comment generation and quality 
assessment mechanisms can improve real-time 
feedback, helping to establish consistent and 
effective documentation practices in software 
development teams. 
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APPENDIX 
 

Table 1. Comparison of Naïve Bayes with Other Text Classification Models for Java Code Analysis 

Criteria Naïve Bayes 
Support Vector 

Machines (SVMs) 
Decision Trees 

Deep Learning (e.g., 

LSTMs, Transformers) 

Suitability for Text 

Classification 

Well-suited, 
widely used in 
NLP tasks, [43] 

Effective for text but 
requires extensive 
tuning, [44] 

Can be used, but often 
overfits textual data, 
[45] 

Highly effective but 
requires a large dataset, 
[46] 

Computational 

Efficiency 

Fast, low 
resource 
consumption, 
[43] 

Computationally 
expensive, especially 
with large data, [44] 

Moderate, but grows 
exponentially with 
depth, [45] 

Very high, requires 
GPUs and large 
memory, [46] 

Assumption of 

Feature 

Independence 

Assumes 
word/token 
independence, 
and works well 
for structured 
text, [43] 

No independence 
assumption works well 
for high-dimensional 
data, [44] 

No independence 
assumption, but 
requires pruning to 
avoid overfitting, [45] 

No independence 
assumption, but highly 
complex modeling, [46] 

Performance on 

Small Datasets 

Performs well 
even with 
limited data, 
[43] 

Requires large data for 
optimal performance, 
[44] 

Tends to overfit with 
small datasets, [45] 

Requires vast amounts 
of data for effective 
training, [46] 

Ease of 

Implementation 

Simple to 
implement with 
existing 
libraries, [43] 

Requires parameter 
tuning (kernel selection, 
C value, etc.), [44] 

Easy to implement but 
complex for text 
classification, [45] 

Complex 
implementation requires 
a deep learning 
framework, [46] 

Interpretability 

Highly 
interpretable 
with 
probabilistic 
output, [43] 

Moderate 
interpretability, [44] 

Highly interpretable 
but can create overly 
complex trees, [45] 

Low interpretability due 
to its black-box nature, 
[46] 

Scalability for 

Large Codebases 

Scales 
efficiently with 
minimal 
resource use, 
[43] 

Slower with large-scale 
datasets, [44] 

Struggles with deep 
trees on large datasets, 
[45] 

Requires high-end 
computing 
infrastructure, [46] 

Training Time Very fast, [43] Moderate to slow, [44] 
Moderate but 
increases with tree 
complexity, [45] 

Extremely slow, 
especially for large 
models, [47] 

Suitability for Java 

Code Comment 

Analysis 

Well-suited due 
to the structured 
nature of 
comments, [43] 

Can be used, but with 
high computational 
overhead, [44] 

Not ideal due to 
overfitting issues, [45] 

Complex for this task, 
[47] 
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